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Due to demands placed on natural resources globally and subsequent deterioration of the 
environment, there is a need to source and develop appropriate technology to satisfy this 
requirement. For decades mankind has largely depended on natural resources such fossil fuels to 
meet the ever increasing energy demands. Realising the  nite nature of these resources, emphasis 
is now shifting to investigating alternate energy source governed by environmentally friendly 
principles. The abundance of biomass and associated favourable techno-economics has recently 
changed global perceptions of harnessing biomass as a valuable resource rather than a waste. To 
this end this book aims to make a contribution to further exploring this area of biomass research 
and development in the form of a compilation of articles and covering areas of ecological status 
of different types of biomass and the roles they play in ecosystems, current status of biomass 
utilization and deriving energy and other value added products from biomass. In this context 
biomass can be de ned as large plants and trees and different groups of microorganisms. 

Understanding the ecology of plants and trees especially in forest is imperative for sustainable 
development. Accurately quantifying forest biomass is of crucial importance for climate 
change studies particularly with reference to carbon sequestration. Therefore this book 
highlights the reliable estimation of biomass in forest communities which remains a key 
challenge for scientists and environmental managers for the successful implementation of 
sustainable management plan.  Diminishing oil and coal reserves has stimulated scientists to 
focus on biomass such as wood particularly logging residues as a possible source of alternate 
energy. In addition, the utilisation of renewable lignocellulosic biomass resources will play an 
increasing role in the future whereby fast pyrolysis of biomass can result in the production of 
high grade liquid fuels or special chemicals. 

The microbial world has also a major role to play as a potential source of biomass. Microorganisms 
such as microalgae have recently drawn much attention as a potential fuel source and positively 
impact on carbon dioxide sequestration especially from  ue gas, which contribute largely 
to greenhouse emissions. Although still at developmental stage, microbial fuel cell (MFC) 
technology has phenomenal potential in the conversion of substrates into electrical energy by 
microbial catalytic reactions. Organisms that are commonly used in MFC technology include 
Geobacter sp. and Clostridium sp. Protozoa have long been known to play a predatory role in 
conventional wastewater treatment processes. More recently research has shown that they also 
contribute in the removal of nutrients and pathogenic bacteria from wastewater streams.

This book will serve as an invaluable resource for scientists and environmental managers in 
planning solutions for sustainable development. 

Editors

Maggie Momba and Faizal Bux
Department of Environmental, Water and Earth Sciences, 

South Africa

Preface





1 

Cordgrass Biomass in Coastal Marshes 
Jesús M. Castillo, Alfredo E. Rubio-Casal and Enrique Figueroa 

Universidad de Sevilla 
Spain 

1. Introduction
Cordgrasses (Genus Spartina) are one of the most abundant and geographically wide spread 
halophytes, due to natural and human-mediated dispersal. S. alterniflora Loisel, S. patens 
(Aiton) Muhl., S. spartinae (Trin.) Merr. ex Hitchc. and S. cynosuroides (L.) Roth are native 
from coastal salt marshes along the East Coast of the American continent, S. foliosa Trin. is 
native to South Californian salt marshes, S. densiflora Brongn. and S. argentinensis Parodi 
grow naturally in South American salt marshes and S. maritima (Curtis) Fernald, S. versicolor 
Fabre, S. x townsendii Groves and S. anglica C.E. Hubbard are autochthonous species from 
European estuaries (Fabre, 1849; Moberley, 1956). Cordgrasses have been introduced to 
distant salt marshes where they usually behave as invaders. For example, S. densiflora 
colonizes as an alien species the West Coast of North America from San Francisco Bay to 
British Columbia, the West Coast of Morocco and the Gulf of Cadiz at Southwest Iberian 
Peninsula (Bortolus, 2006).  
Cordgrasses are able to colonize contrasted environments throughout the intertidal gradient 
such as low marshes and salt pans, and along river channels such as sand spits at river 
mouths and brackish wetlands landwards. These different coastal marsh habitats show high 
abiotic and biotic environmental heterogeneity and cordgrasses exhibit a high level of 
phenotypic plasticity (e.g. Thompson, 1991; Thompson et al., 1991; Trnka & Zedler, 2000; 
Castillo et al., 2005a). Moreover, some Spartina species have developed ecotypes during the 
process of adaptation to different environmental conditions (e.g. Seliskar et al., 2002; 
Álvarez et al., 2010). It is also frequent that invasive and native Spartina species hybridized. 
Hybrids may become new allopolyploid species such as S. anglica (Schierenbeck & Ellstrand, 
2009) and they can develop transgressive traits (e.g. Castillo et al., 2010).  
Salt marshes are among the most productive ecosystems in spite of a low plant species 
richness due to a very stressful environment related with long flooding periods and high 
salinities (Adam, 1990). Living in this extreme environment, cordgrasses are able to develop 
dense tussocks, clumps and prairies that may accumulate very high below- and above-
ground biomass.  
The biomass of cordgrasses plays a very important role in the functioning of salt marshes 
and estuaries. For example, it controls the development of ecological succession, organizes 
space occupation of other plants and animals, and plays a key role in estuarine food webs. 
This chapter analyses inter- and intra-specific variations in the biomass of cordgrasses 
growing in coastal marshes all around the world. 
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Fig. 1. Small cordgrass (Spartina maritima) grows on intertidal mudflats in European salt 
marshes where it forms continuous prairies with its coalescent clumps that colonize bare 
sediments with long rhizomes. 

2. Sampling cordgrass biomass 
Cordgrasses colonize surrounding sediments by successive series of rhizomes, which is 
reflected in concentric and alternating rings of live and dead shoots with low and high densities 
and usually in central die-back areas that may remain occupied by necromass. This clonal 
growth has been described for cordgrasses such as S. maritima (Caldwel, 1957; Castellanos et al., 
1994) and S. densiflora (Castillo et al., 2003). Sediments without vegetation or colonized by other 
plants are found between expanding Spartina clumps prior to their coalescence.  
Abiotic factors such as topography, oxygen concentration in sediments, drainage, 
photoperiod or salinity determine a high degree of environmental heterogeneity at large, 
medium and small scales (microhabitats) in coastal marshes, which influences the area 
occupied by expanding Spartina clumps. For example, growth of S. anglica and S. maritima 
rhizomes is limited by the interference of erosive banks that obstruct their horizontal 
expansion (Van Hulzen et al., 2007; Castillo et al., 2008b). In contrast, the production of 
aerial and subterranean biomass is stimulated by high accretion rates for S. maritima 
(Castillo et al., 2008a) and for S. alterniflora (Ford et al., 1999; Mendelssohn & Kuhn, 2003; 
Deng et al., 2008) due to an increase in soil fertility and marsh elevation, reducing nutrient 
deficiency and flooding stress. In this environment, it is usual to find several levels of 
rhizome corresponding with different sedimentation events. Thus, hydrologic and 
sedimentary processes are very important for the inter- and intra-marsh variability of 
Spartina marshes (Montalto & Steenhuis, 2004).  
These biotic and abiotic processes usually produce an aggregated spatial pattern of Spartina 
biomass distribution, showing high spatial variability in biomass accumulation (Zedler, 1993). 
In this context, recorded values of biomass depend very much on the sampling method.  

2.1 Above-ground biomass 
The above-ground biomass of cordgrasses is usually sampled using plots that may be 
distributed randomly or regularly along radial transects from the edge of the Spartina 
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clumps to their centres. Randomly distributed plots are used for extensive and mature 
prairies where no clumps can be distinguished clearly. If this method is used for a Spartina 
population with isolated clumps, plots should be distributed randomly into the clumps, 
avoiding non-colonized areas, using stratified sampling. In contrast, radial transects are 
applied when isolated clumps are easy to distinguish (Castellanos et al., 1994; Nieva et al., 
2001a).  
The most frequent plot sizes are quadrants of 0.01 m2 (10 cm side) (Buchsbaum et al., 2009; 
Zhou et al., 2009a), 0.04 m2 (20 cm side) (Castillo et al., 2008a; Culbertson et al., 2008; 
Buchsbaum et al., 2009; Charles & Dukes, 2009), 0.09 m2 (30 cm side) (Holdredge et al., 2010) 
and 0.25 m2 (50 cm side) (Schmalzer et al., 1991; Darby & Turner, 2008a,b; Krull & Craft, 
2009; Wang et al., 2009; Zhou et al., 2009b) (Table 1).  
Larger plots normally show lower biomass values than smaller plots since they include 
both, areas with high and low shoot densities. However, heterogeneity of data series is 
usually lower with larger plots. In contrast, smaller plots coinciding with high shoot density 
areas record higher biomass values, however they may offer very heterogeneous data series 
when sampling high and low shoot densities. Castillo et al. (2008a) recorded above-ground 
biomass using quadrants of 0.04 m2 and 1.00 m2 in an expanding population of S. maritima 
and they obtained from two to five times less biomass using the larger plot size. Thus, the 
spatial scale to analyze cordgrass biomass has to be properly chosen since results are largely 
determined by it. 
The above-ground biomass of cordgrasses also changes temporarily. Thus, higher biomass 
accumulation values normally coincide with the end of the growing season, which usually 
matches up with warmer months. For example, higher biomass accumulation in the 
Southwest Iberian Peninsula has been recorded for S. maritima and S. densiflora during 
autumn and the beginning of winter (Castellanos et al., 1994; Nieva et al., 2001). As well, S. 
alterniflora shows higher biomass accumulation at the end of the summer time in invaded 
Chinese marshes (Zhou et al., 2009a) and in Louisiana estuaries (Darby & Turner, 2008b). 
Aboveground necromass remains until it is removed by tides, currents or it is decomposed 
in situ (Schubauer & Hopkinson, 1984; Nieva et al., 2001a). Therefore, biomass records will 
change depending on the season of the year. More complete sampling would result from 
recording biomass variations throughout the year. However, recording maximum biomass 
accumulation at the end of the growing season seems to be a good method for comparing 
studies (Kirwan et al., 2009). 
The above-ground biomass of cordgrasses may also be estimated by allometric relationships 
relating biomass with shoot density and shoot height (Castillo et al., 2008a; Tyrrell et al., 
2008; Gonzalez Trilla et al., 2009). Anyway, when recording Spartina above-ground biomass 
it is important also to document processes that could affect biomass accumulation such as 
herbivory by vertebrates (i.e. cattle, deers or goose) or invertebrates (i.e. grabs and insects) 
or mechanical impacts such as tides and currents. 

2.2 Below-ground biomass 
Below-ground biomass studies are much less abundant than those reporting aerial biomass, 
however subterranean Spartina biomass plays very important functions in coastal marshes 
(Darby & Turner, 2008a,b; Turner et al., 2009) (Table 1).  
Most of the roots and rhizomes of cordgrasses are accumulated close to the sediment surface 
due to their growth-form with superficial rhizomes parallel to the sediment surface and thin 
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roots, and to anoxic conditions in the sediments, especially at lower elevations, that limit 
root elongation (Padgett et al., 1998). 
The below-ground biomass of Spartina species is usually sampled using cores of 20-30 cm 
long and 10-20 cm diameter that are driven into the sediments and removed containing the 
soil and the subterranean biomass (roots and rhizomes); 20–50% underestimates can be 
generated using this method (Johnen & Sauerbeck 1977) (Table 1). Then, cores are usually 
divided into sections to analyze below-ground biomass distribution with depth (Nieva et al., 
2001a; Darby & Turner, 2008a,b; Michel et al., 2009; Zhou et al., 2009a,b). Normally, below-
ground biomass is sampled at the same points where the above-ground biomass has been 
removed previously.  
In-growth cores may be used to record below-ground biomass production. In-growth cores 
are created by removing a determined soil volume, which is replaced with root and 
rhizome-free sediment collected from an adjacent area. Then, ingrowth cores are removed 
seasonally, and subterranean biomass is sorted and dried to a constant weight. Total 
belowground production (g m-2 yr-1) is calculated by adding together the total amount of 
live and dead biomass produced at the end of the one year study period (Gallagher et al., 
1984; Perry & Mendelssohn, 2009). 
Temporal changes in subterranean biomass of cordgrasses are not well established. 
However, Spartina below-ground biomass does not seem to show as clear a temporal pattern 
as the aerial biomass does, with higher accumulations at the end of the warmer season 
(Darby & Turner, 2008b). 
 

 
Fig. 2. Sampling Spartina versicolor above-ground biomass along a transect in a representative 
tussock. Each transect was a belt of contiguous quadrants (10 cm radially × 15 cm wide) 
across the radius of a tussock; every quadrant sampled a concentric ring around the tussock 
centre so that the results integrated the zones of different density within the clone. 

3. Aerial biomass of cordgrasses 
Spartina species are clonal plants and their ramet distribution and demography is a key 
factor determining the functioning of these species and their roles in plant communities 
(Suzuki & Hutchings, 1997). Some cordgrasses grow in dense tussocks (van Groenendael et 
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al., 1996) -“phalanx” growth species after Lovett Doust & Lovett Doust (1982)- and others in 
sparse clumps – “guerrilla”  growth. 
Despite the important presence in numerous ecosystems of clonal plants with “phalanx” 
growth, there have been few detailed studies of their growth strategy (Gatsuk et al., 1980; 
Bullock et al., 1996; Guardia et al., 2000). S. argentinensis, S. densiflora, S. bakeri, S. patens and 
S. versicolor forms dense tussocks that show a high occupation of available space inside 
tussocks by live shoots in expanding populations and by live and dead shoots in mature 
populations (Figueroa & Castellanos, 1988; Nieva et al., 2001b). These dense tussocks seem 
to show a high degree of physiological integration between ramets (Hester et al., 1994 for S. 
patens) reflected in very low mortality rates of young shoots (Pitelka & Ashmun, 1985; 
Maillette, 1992). Thus, interior areas of “phalanx” tussocks are not easily colonized by other 
species unless they develop central die-back areas (known as “monk’s tonsure”). On the 
other hand, high stem densities also favor the deposition of particles suspended in the tidal 
water, an additional source of nutrients (Adam, 1990). 
S. alterniflora, S. anglica, S. foliosa, S. maritima and S. x townsendii are “guerilla” species. They 
grow in clumps with low shoots densities in comparison with “phalanx” species. These 
cordgrasses expand with long rhizomes from which a rapid development of aerial tissues is 
carried out after colonization of bare sediments mainly during warmer periods. Their 
growth rate seems to decrease when different clumps are close to each other due to higher 
levels of intraspecific competition between ramets (Castellanos et al., 1998; Li et al., 2009). 
Intraspecific competition may also inhibite seedling recruitment as has been described for S. 
alterniflora in Willapa Bay (Washington, USA) (Lambrinos & Bandos, 2008). 
“Guerrilla” clumps frequently develop central die-back areas throughout their ontogenic 
development from expanding seedlings to mature tussocks (Turner et al., 2004). Clumps’ 
central areas are more elevated and show less shoot densities than peripherical zones of 
clumps. Thus, central areas may be colonized by more competitive species that are less 
tolerant to abiotic stress and that finally displace Spartina out by interspecific competition. 
For example, S. maritima facilitates the development of ecological succession by ameliorating 
anoxia at the centre of its tussocks, so other species such as Sarcocornia perennis subspecies 
perennis, Sarcocornia perennis x fruticosa and Atriplex portulacoides are able to colonize them 
and outcompete the small cordgrass (Castellanos et al., 1994; Figueroa et al., 2003). 
Most Spartina species with a “phalanx” growth-form accumulate more above-ground 
biomass than cordgrass species growing in “guerrilla”.  “Guerrilla” species expand faster by 
rhizomes (e.g. 0.13 m yr-1 for S. maritima in European marshes following Castillo & Figueroa, 
2008) than “phalanx” species (e.g. ca. 0.06 m yr-1 for S. densiflora as reported by Nieva et al., 
2005 and Kittelson & Boyd, 1997 in European and North American salt marshes, 
respectively). This faster colonization of surrounded sediment by “guerrilla” species has as a 
result a lower density of biomass in the occupied space. However, S. patens with high ramet 
densities shows low biomass values compare with S. alterniflora with “guerrilla” growth 
because its shoots are usually much thinner, having smaller leaves (Table 1). 
Cordgrass above-ground biomass varies markedly between and within species depending 
on many different environmental factors and the growth form of each taxon. Minimum 
aerial biomass values have been recorded for “guerrilla” species growing in low marshes 
(ca. 100 g DW m-2) and maximum values (ca. 15000-30000 g DW m-2) have been recorded for 
“phalanx“ species in brackish wetlands (Table 1). 
Between “phalanx“ growth species, S. bakeri accumulates ca. 400-700 g DW m-2 in the 
western Atlantic coast of North America (Chynoweth, 1975; Schmalzer et al., 1991). S. 
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densiflora above-ground biomass accumulation changes markedly between different invaded 
marsh habitats in SW Iberian Peninsula. Thus, dense-flowered cordgrass shows its highest 
biomass values (higher than 15000 g DW m-2) at brackish marshes (Nieva et al., 2001a), with 
its photosynthetic apparatus being more efficient at lower salinities (Castillo et al., 2005b). In 
contrast, invading European populations of S. densiflora in middle salt marshes show 
aboveground biomass values ca. 14000 g DW m-2 (with ca. 10500 shoot m-2). This value falls 
to ca. 400-600 g DW m-2 in low salt marshes (with ca. 6000-7000 shoot m-2) (Nieva et al., 
2001a; Castillo et al., 2008b) since S. densiflora is quite sensitive to long flooding periods 
(Castillo et al., 2000). In high marshes, S. densiflora accumulates intermediated biomass 
values between low and middle marshes (ca. 6000 g DW m-2 with ca. 4000 shoot m-2) (Nieva 
et al., 2001a). Similar above-ground biomass values have been recorded also for South 
American native populations of S. densiflora (Vicari et al., 2002) and invasive populations in 
California (Moseman-Valtierra et al., 2009) (Table 1). In addition, mature tussocks of S. 
densiflora normally to show elevated wrack accumulation (ca. 800 g DW m-2) (Castillo et al., 
2008b). Wrack accumulation may interfere with other species colonization of inner areas of 
Spartina clumps. 
S. patens, another cordgrass with “phalanx” growth, accumulates between 100 and 500 g 
DW m-2 of aerial biomass in North American Atlantic brackish marshes (Silander & 
Antonovics, 1979; Bertness, 1991; Buchsbaum et al., 2009) and S. spartinae accumulates 
between 200 and 500 g DW m-2 in coastal marshes of Texas (MacAtee et al., 1979). S. 
versicolor also forms dense tussocks and colonizes brackish marshes in Europe where it 
accumulates ca. 3000 g DW m-2 (unpublished data) since its shoots are much thicker and 
taller (ca. 60-95 cm) (Menéndez & Sanmartí, 2007) than those of S. patens (ca. 31 cm) 
(Silander & Antonovics, 1979) (Table 1).  
Among cordgrasses with a “guerrilla” growth-form, S. alterniflora in western Atlantic low 
salt marshes accumulates between 100 and 1100 g DW m-2. Changes in S. alterniflora biomass 
between populations are related mainly with its short and tall forms, varying its shoot 
height between 20 and 140 cm, also with a highly variable shoot density that changes 
markedly between 100 and 4000 shoot m-2 (Craft et al., 1999, 2002, 2003; Proffitt et al., 2005; 
Culbertson et al., 2008; Darby & Turner 2008b; McFarlin et al., 2008; Sala et al., 2008; Tyrrell 
et al., 2008; Buchsbaum et al., 2009; Gonzalez Trilla et al., 2009; Krull & Craft, 2009; Michel et 
al., 2009; Holdredge et al., 2010). One year after invading Chinese marshes, S. alterniflora 
accumulated ca. 300-450 g DW m-2 with shoot height between ca. 70-240 cm (An et al., 2007), 
accumulating in mature Chinese populations between 200 and 3700 g DW m-2 (Wang et al., 
2008; Li & Yang, 2009; Wang et al., 2009; Zhou et al., 2009a,b) (Table 1). 
Above-ground biomass of S. cynosuroides and S. maritima shows similar values than  those 
recorded for S. alterniflora, also showing very high inter-population differences. Thus, S. 
maritima accumulates ca. 1000 g DW m-2 in low European salt marshes, however it can vary 
very much depending on the abiotic environment, increasing to ca. 1500 g DW m-2 (Benito & 
Onaindia, 1991; Castellanos et al., 1994; Figueroa et al., 2003; Lillebo et al., 2006; Castillo et 
al., 2008a,b) (Table 1). 
As we have shown above cordgrass above-ground biomass accumulation depends on clone 
architecture and shoot morphology. These traits show high intraspecific variation as 
described for S. alterniflora (Lessmann et al., 1997; Proffitt et al., 2005), S. densiflora (Nieva et 
al., 2001a; Castillo et al., 2008b), S. maritima (Sanchez et al., 1997; Castellanos et al., 1998; 
Otero et al., 2000; Castillo et al. 2005a; Castillo et al., 2008a,b) and S. patens (Silander & 
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Antonovics, 1979). Intraspecific changes in growth form may be based on phenotypic 
plasticity or genotypic differences. Thus, several species of Spartina, such as S. alterniflora or 
S. maritima, show clearly distinguishable tall and short growth forms (Shea et al., 1975; 
Mendelssohn, 1979; Anderson & Treshow, 1980; Howes et al., 1986; Pezeshki & DeLaune, 
1991; Castillo et al., 2005a). Some studies have concluded that the observed variability in 
growth forms among Spartina populations may be the result of genetic differentiation 
(Gallagher et al., 1988; Sanchez et al., 1997; Proffitt et al., 2003), identifying ecotypes with 
different canopy heights and biomass accumulation (Lessmann et al., 1997; Daehler, 1999; 
Otero et al., 2000; Seliskar et al., 2002; Proffitt et al., 2005).  
In contrast, other studies have attributed different growth forms to phenotypic plasticity in 
response to differences in environmental factors (Anderson & Treshow, 1980), such as the 
availability of nutrients (Dai & Wiegert, 1997; Wigand et al., 2003; Zhao et al., 2010), salinity 
(Phelger et al., 1971; Trnka & Zedler, 2000) or sediment anoxia (Castillo et al., 2005a). The 
consequence of this is that the different growth forms are ecophenes. In this context, an 
increase in shoot height is a commonly reported growth strategy for increased water depth 
in emergent plants (Grace, 1989; Vandersman et al., 1991; Insausti et al., 2001; Sorrel et al., 
2002) including in the genus Spartina (Lessmann et al., 1997; Castillo et al., 2005a). Shoots 
might grow taller in response to sediment anoxia, a response possibly signaled by ethylene 
(Pezeshki et al., 1993), or in response to increased nutrient mobilization in the sediment 
under more anoxic conditions (Lenssen et al., 1999). Taller shoots would increase the 
effective photoperiod (i.e. average leaf emergence from tidal waters during daylight hours), 
a potent environmental factor in limiting the survival of Spartina clumps on low marshes, 
where a few centimeters of elevation in the tidal gradient may determine the lower 
distribution limit (Castillo et al., 2000). In addition, taller shoots may play a role in 
improving the oxygenation of rhizomes and roots via aerenchyma in anoxic environments, 
as in certain non-tidal wetland species (Sorrel et al., 2002); such internal ventilation might be 
associated with internal pressurization, as has been described for S. alterniflora (Hwang & 
Morris, 1991). Variations in canopy height of a dominant Spartina species can influence 
ecological functions and the structure of plant and animal communities in a marsh (Seliskar 
et al. 2002). 
As we have reported previously, Spartina biomass accumulation depends also on abiotic 
environmental factors. In warmer locations at lower latitudes, cordgrasses lack a dormant 
period, sustaining high biomass accumulation rates. For example, created marshes of S. 
maritima in the Odiel Marshes (Southwest Iberian Peninsula) develop faster (within 2-4 years 
with maximum net aerial primary productivity of ca. 600 g DW m-2 yr-1 following Castillo et 
al., 2008a) than North American marshes of S. alterniflora (Craft et al., 1999, 2002, 2003; 
Edwards & Mills, 2005), which seems to be related to warmer winters in Iberian salt 
marshes. Thus, S. alterniflora productivity decreases with latitude and air temperature along 
the western Atlantic coast of North America (Kirwan et al., 2009). Other climatic factors such 
as rainfall that determinates erosion, salinity and flooding may also limit cordgrasses 
biomass accumulation (Gonzalez Trilla et al., 2009). Experimental results in the western 
Atlantic coast indicated that modest daytime warming increased total above-ground 
biomass for S. alterniflora, but not for S. patens. Warming also increased maximum stem 
heights of S. alterniflora and S. patens (ca. 8%). In addition, drought markedly increased the 
total biomass of S. alterniflora and the live biomass of S. patens, perhaps by alleviating 
waterlogging of sediments (Charles & Dukes, 2009). On the other hand, Spartina biomass 



 Biomass 

 

8 

also depends on nutrient availability, especially nitrogen, as it has been reported for S. 
alterniflora (Darby & Turner, 2008a; McFarlin et al., 2008). 
Biotic direct and indirect interactions also control biomass accumulation of Spartina 
populations. Thus, interspecific competition between two cordgrasses may limit their 
biomasses. Following the general theory of salt marsh zonation (sensu Pennings & 
Callaway, 1992 and Pennings et al., 2005): competitive dominants colonize higher elevation 
in the tidal frame displacing competitive subordinates to more stressful environments with 
long submergence periods or higher salinities. For example, invasive cordgrass such as S. 
alterniflora, S. densiflora and S. patens may displace indigenous cordgrasses (SanLeon et al., 
1999; Chen et al., 2004; Castillo et al., 2008b). The outcome of competitive interactions 
changes depending on the abiotic environment. For example, S. densiflora invading 
European salt marshes displaces the native S. maritima at middle and high marshes but it 
seems to be displaced by small cordgrass at low salt marshes (Castillo et al., 2008b). In this 
sense, it has been described that the invasion of S. densiflora at North American salt marshes 
is limited by competition with native species (Kittelson & Boyd, 1997) and that S. patens 
competitively excludes S. alterniflora and forbs at New England salt marshes (Ewanchuk & 
Bertness, 2004).  
Cordgrass biomass is also affected by competition with other coastal plants as reported 
along the North-eastern coast of the United States where the reed Phragmites australis Cav. is 
invading high marshes reducing local biodiversity with S. alterniflora remaining on the 
seaward edge of marshes where porewater salinities are highest (Silliman & Bertness, 2004). 
To the South, in Louisiana, the expansion northward of the tree Avicennia germinans (black 
mangrove) driven by global warming is replacing S. alterniflora marshes by mangroves 
(Perry & Mendelssohn, 2009). 
Spartina biomass can be also influenced by interactions with marsh fauna. For example, 
deposit-feeding fiddler crabs (Uca sp.) increase S. alterniflora biomass accumulation growing 
on sandy sediment by enhancing nutrient deposition (Holdredge et al., 2010) and grazing by 
small grazers may carry out a top-down control on Spartina biomass dynamic (Sala et al., 
2008; Tyrrell et al., 2008). 
Above-ground biomass of cordgrasses may collapse very fast as a result of die-back 
processes related with long flooding periods and sediment anoxia, drought events or 
nutrient exhaustion (Webb et al., 1995; Castillo et al., 2000; McKee et al., 2004; Ogburn & 
Alber, 2006; Li et al., 2009). For example, S. densiflora invading populations in European salt 
marshes behave as perennial at middle and high marshes but they are biannual at low 
marshes. Biannual populations are composed of small tussocks that produce seeds and die, 
so populations disappear suddenly after two years (Castillo & Figueroa, 2007). Spartina 
shoots are semelparous (they die shortly after their first sexual reproduction event) and their 
mean shoot life span is about 2 years for species such as S. densiflora (Vicari et al., 2002; 
Nieva et al., 2005) and S. maritima (Cooper, 1993; Castellanos et al., 1998). In this sense, some 
studies predicted that fluctuating environments such as coastal marshes would promote 
semelparity (Bell, 1980; Goodman, 1984).  
On the other hand, cordgrass biomass accumulation is affected negatively, even in the long 
term, by anthropogenic impacts such as oil spills and erosion (Culbertson et al., 2008), 
however biomass production may be stimulated by pollutants such as saline oil (Gomes 
Neto & Costa, 2009). 
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Spartina 
Species 

Growth 
form 

AGB 
(g DW m-2) 

BGB 
(g DW m-2) 

Location Sampling 
method 

Source 

S. 
alterniflora 

Guerilla 469  Louisiana, USA 50 cm 
quadrants 

Hopkinson et 
al., 1978 

  137 - Oak Island, USA 24 cm long x 
26 cm Ø 

cores 

Ferrell et al., 
1984 

  400-1200 - North Carolina 
coast, USA 

50 cm 
quadrants 

Cornell et al., 
2007 

  100-1100 - Great 
Sippewissett, 

Massachusetts, 
USA 

20 cm 
quadrants 

Culbertson et 
al., 2008 

  - 150-1200 Louisiana coast, 
USA 

50 cm 
quadrants 

30 cm long x 
11 cm Ø 

cores 

Darby & 
Turner 2008a 

  100-900 300-2300 Louisiana coast, 
USA 

50 cm 
quadrants 

30 cm long x 
11 cm Ø 

cores 

Darby & 
Turner 2008b 

  715-3477 - Yangtze River 
Estuary, China 

25 cm 
quadrants 

Li & Zhang 
2008 

  150 - Georgia coast, 
USA 

50 x 25 cm 
plots 

McFarlin et al., 
2008 

  450-950 - Narragansett 
Bay, USA 

10 cm 
quadrants 

Sala et al., 2008 

  100-1400 - Wells National 
Estuarine 
Research 

Reserve, Maine, 
USA 

Allometric 
estimation 

Tyrrel et al., 
2008 

  1350 - Yangtze River 
estuary, China 

50 cm 
quadrants 

Wang et al., 
2008 

  400 - Plum Island 
Estuary, 

Massachusetts, 
USA 

20 cm 
quadrants 

Charles & 
Dukes, 2009 

  1400 - Altamaha River 
Mouth, Georgia, 

USA 

50 cm 
quadrants 

Krull & Craft, 
2009 

  - 6500 Patuxent River, 
Maryland, USA

20 cm long x 
16 cm Ø 

cores 

Michel et al., 
2009 

  200 - Plum Island 
Sound, 

Massachusetts, 
USA 

10 cm 
quadrants 

Buchsbaum et 
al., 2009 
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  200-800 - Bahía Blanca 
Estuary, 

Argentina 

Allometric 
estimation 

Gonzalez 
Trilla et al., 

2009 
  3700 - Yangtze River 

Delta, China 
40 cm 

quadrants 
Li & Yang, 

2009 
  250-700 - Yangtze River 

Estuary, China 
50 cm 

quadrants 
Wang et al., 

2009 
  700-768  Altamaha River, 

Georgia, USA 
50 cm 

quadrants 
White & 

Albert, 2009 
  70-600 80-450 Jiangsu 

coastland, China
10 cm 

quadrants 
30 cm deep 

digging 

Zhou et al., 
2009a 

  2000 4500 Yancheng 
Natural Reserve, 

China 

50 cm 
quadrants 

30 cm deep 
digging 

Zhou et al., 
2009b 

  900 - Wellfleet, 
Massachusetts, 

USA 

30 cm 
quadrants 

Holdredge et 
al., 2010 

S. anglica Guerilla 320-1290 - Ramalhete 
marsh, England

16-19 cm Ø Neumeier & 
Amos 2006 

S. bakeri Phalanx 773 - Merritt Island, 
Florida, USA 

50 cm 
quadrants 

Schmalzer et 
al., 1991 

  429 - Merritt Island, 
Florida, USA 

33 cm 
quadrants 

Chynoweth, 
L.A. 1975 

S. 
cynusuroides 

Guerilla 762-1242 - Georgia, USA  Odum & 
Fanning, 1973 

  394 - Louisiana, USA 100 cm  
quadrants 

Hopkinson et 
al., 1978 

  840-1080  Essex, England 50 cm 
quadrants 

Potter et al., 
1995 

  - 9400 Patuxent River, 
Maryland, USA

20 cm long x 
16 cm Ø 

cores 

Michel et al., 
2009 

  236-832 - Altamaha River, 
Georgia, USA 

50 cm 
quadrants 

White & 
Albert, 2009 

S. densiflora Phalanx 400- 15000 1000-4500 Odiel Marshes, 
SW Iberian 
Peninsula 

15 x 10 cm 
plots 

20 cm long x 
5.5 cm Ø 

cores 

Nieva et al., 
2001a 

  475-725 - Otamendi 
Natural Reserve, 

Argentina 

10 cm 
quadrants 

Vicari et al., 
2002 

  3800-30000 - The Tijuana 
River National 

Estuarine 
Research 
Reserve, 

California, USA

50 cm 
quadrants 

Moseman-
Valtierra et al., 

2009 
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  200-800 - Bahía Blanca 
Estuary, 

Argentina 

Allometric 
estimation 

Gonzalez 
Trilla et al., 

2009 
  3700 - Yangtze River 

Delta, China 
40 cm 

quadrants 
Li & Yang, 

2009 
  250-700 - Yangtze River 

Estuary, China 
50 cm 

quadrants 
Wang et al., 

2009 
  700-768  Altamaha River, 

Georgia, USA 
50 cm 

quadrants 
White & 

Albert, 2009 
  70-600 80-450 Jiangsu 

coastland, China
10 cm 

quadrants 
30 cm deep 

digging 

Zhou et al., 
2009a 

  2000 4500 Yancheng 
Natural Reserve, 

China 

50 cm 
quadrants 

30 cm deep 
digging 

Zhou et al., 
2009b 

  900 - Wellfleet, 
Massachusetts, 

USA 

30 cm 
quadrants 

Holdredge et 
al., 2010 

S. anglica Guerilla 320-1290 - Ramalhete 
marsh, England

16-19 cm Ø Neumeier & 
Amos 2006 

S. bakeri Phalanx 773 - Merritt Island, 
Florida, USA 

50 cm 
quadrants 

Schmalzer et 
al., 1991 

  429 - Merritt Island, 
Florida, USA 

33 cm 
quadrants 

Chynoweth, 
L.A. 1975 

S. 
cynusuroides 

Guerilla 762-1242 - Georgia, USA  Odum & 
Fanning, 1973 

  394 - Louisiana, USA 100 cm  
quadrants 

Hopkinson et 
al., 1978 

  840-1080  Essex, England 50 cm 
quadrants 

Potter et al., 
1995 

  - 9400 Patuxent River, 
Maryland, USA

20 cm long x 
16 cm Ø 

cores 

Michel et al., 
2009 

  236-832 - Altamaha River, 
Georgia, USA 

50 cm 
quadrants 

White & 
Albert, 2009 

S. densiflora Phalanx 400- 15000 1000-4500 Odiel Marshes, 
SW Iberian 
Peninsula 

15 x 10 cm 
plots 

20 cm long x 
5.5 cm Ø 

cores 

Nieva et al., 
2001a 

  475-725 - Otamendi 
Natural Reserve, 

Argentina 

10 cm 
quadrants 

Vicari et al., 
2002 

  3800-30000 - The Tijuana 
River National 

Estuarine 
Research 
Reserve, 

California, USA

50 cm 
quadrants 

Moseman-
Valtierra et al., 

2009 
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S. patens Phalanx 900 - Louisiana, USA 56 cm Ø Hopkinson et 
al., 1978 

  400 - Plum Island 
Estuary, 

Massachussets, 
USA 

20 cm 
quadrants 

Charles & 
Dukes, 2009 

  100-120 - Plum Island 
Sound, 

Massachussets, 
USA 

10 cm 
quadrants 

Buchsbaum et 
al., 2009 

S. maritima Guerilla 920-930 - Ramalhete 
marsh, England

16-19 cm Ø Neumeier & 
Amos 2006 

  672-1427 1190-8694 Odiel Marshes, 
SW Iberian 
Peninsula 

20 cm 
quadrants 

Castillo et al., 
2008a 

  193-486 (T) 
1063-4210 (M)

527-7189 (T)
850-3608 (M)

Tagus (T) and 
Mondego (M) 

estuary, Portugal

30 cm 
quadrants 

Sousa et al., 
2008 

  209-490 1510-4268 Tagus Estuary, 
Portugal 

30 cm 
quadrants 

Caçador et al., 
2009 

  1085-1313 - Mira River, 
Portugal 

20 cm 
quadrants 

Castro et al., 
2009 

S. spartinae Phalanx 207-513 - Texas, USA 50 cm 
quadrants 

McAtee et al., 
1979 

Table 1. Growth-form (‘guerrilla’ or ‘phalanx’ after Lovett Doust & Lovett Doust (1982)) and 
mean above- and below-ground biomass (AGB and BGB, respectively; in g DW m-2) studied 
location, applied sampling method and source for some cordgrasses species (Spartina genus) 
colonizing coastal marshes. 

 

 
 

Fig. 3. Clump of the hybrid Spartina densiflora x maritima surrounded by S. densiflora and 
Sarcocornia fruticosa in Guadiana Marshes (Southwest Iberian Peninsula). 
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4. Subterranean biomass of cordgrasses 
The knowledge of environmental factors determining BGB of cordgrasses is very important 
for salt marsh conservation and management, as it is a critical factor regulating ecosystem 
functions. Thus, it seems that it is the plant's belowground accumulation of organic, rather 
than inorganic, matter that governs the maintenance of mature salt marsh ecosystems in the 
vertical plane (Turner et al., 2004). 
Spartina species usually accumulate 2-3 times much more subterranean than aerial biomass. 
Aerial : the subterranean biomass quotient of cordgrasses is usually lower than 1 (ca. 0.5) 
(Pont et al., 2002; Windham et al., 2003; Castillo et al., 2008a; Darby & Turner 2008b). Below-
ground biomass in cordgrasses carries out very important and diverse functions such as 
storing of resources in its abundant rhizome system (Suzuki & Stuefer, 1999), fixing the 
plant to sediments in a very dynamic environment subjected to frequent and intense 
mechanical impacts (grazing, waves and currents) or exploring the sediments for nutrient 
uptake. In this sense, competition for nutrients has been identified as a relevant factor 
organizing salt marsh plant zonation (Brewer, 2003). 
As in the case of aerial biomass, the subterranean biomass of cordgrasses varies markedly 
between and within species. S. densiflora accumulates ca. 1000-1600 g DW m-2 at low 
marshes, and ca. 4500-6500 g DW m-2 at middle, high and brackish marshes in the SW 
Iberian Peninsula (Nieva et al., 2001a; Castillo et al., 2008b). Below-ground biomass of S. 
versicolor is ca. 3500 g DW m-2 at brackish marshes in the SW Iberian Peninsula (non-
published data) (Table 1). 
In the Atlantic Coast of North America, S. alterniflora growing on sandy sediments 
accumulates ca. 450 g DW m-2 (Holdredge et al., 2010) and ca. 6500 g DW m-2 in fine 
sediments (Michel et al., 2009). In Louisiana salt marshes, Darby & Turner, (2008a,b) 
reported a below-ground biomass for S. alterniflora between 150 and 2300 g DW m-2. 
Subterranean biomass production of S. alterniflora in Louisiana salt marshes is about 440 g 
DW m-2 yr-1 (Perry & Mendelssohn, 2009) and ca. 4500 g DW m-2 in invaded Chinese salt 
marshes (Zhou et al., 2009b). S. cynosuroides accumulates between 760 and 1240 g DW m-2 in 
Georgia and Louisiana marshes (Odum & Fanning, 1973; Hopkinson et al., 1978) and  ca. 
9400 g DW m-2 in high marshes in Maryland, USA (Michel et al., 2009). S. maritima 
accumulates in the sediments between 400 and 8700 g DW m-2 at low salt marshes that it 
usually colonizes (Castellanos et al., 1994; Figueroa et al., 2003; Castillo et al., 2008a; Sousa et 
al., 2008; Caçador et al., 2009). 
Spartina below-ground biomass accumulation seemed to be favored by sediment accretion 
(Castillo et al., 2008a) and cordgrass subterranean biomass influences soil elevation rise by 
subsurface expansion, organic matter addition and sediment deposit stabilization (Ford et 
al., 1999; Darby & Turner, 2008a). Sedimentation may also increase the aeration of 
sediments, favoring root development (Castillo et al., 2008a). Thus, well-drained soils led to 
more-uniform vertical distribution of BGB for S. alterniflora and S. patens (Padgett et al., 1998; 
Saunders et al., 2006). 
However, fertilization with nitrogen and phosphorous usually increases Spartina above-
ground biomass, the addition of these nutrient seems to reduce root and rhizome biomass 
accumulation (Darby & Turner, 2008a). In view of this result and the importance of 
subterranean cordgrass biomass for marsh functioning, eutrophication is an important 
threat to salt marsh conservation. 
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Fig. 4. Spartina maritima prairie, a cordgrass with “guerilla” growth from, starting to be 
outcompeted by Sarcocornia perennis supspecies perennis in Odiel Marshes (Southwest 
Iberian Peninsula). 

5. Cordgrass biomass and ecosystem functioning 
Salt marshes fulfill many functions, such as biodiversity support, water quality 
improvement, or carbon sequestration and they are floristically simple, often dominated by 
one or a few herbaceous species (Adam, 1990). In this context, cordgrasses are especially 
important since they are dominant species in many coastal marshes all around the world. 
Cordgrasses are commonly used for salt marsh creation, restoration and protection (Bakker 
et al., 2002; Fang et al., 2004; Konisky et al., 2006; An et al., 2007; Castillo et al., 2008a; 
Castillo & Figueroa, 2008). In addition, cordgrasses are also used as biotools for 
phytoremediation (Czako et al., 2006). Primary productivity and biomass accumulation are 
important indicators of success for salt marsh creation and restoration projects (Edwards & 
Mills, 2005). Although plant biomass accumulation is a key factor in the functioning of 
Spartina dominated marshes, other ecological attributes, such as species richness and 
distribution, benthic infauna density or soil nutrient reservoirs, may develop at different 
rates than cordgrass biomass in restored wetlands (Craft et al., 1999; Onaindia et al., 2001; 
Craft et al., 2003; Edwards & Proffitt, 2003).  
Below- and above-ground biomasses are key functional traits that play very important roles 
in the ecological behavior of cordgrasses. Thus, Spartina biomass influences on the carbon 
content of marsh sediments (Tanner et al., 2010), the marsh carbon stock (Wieski et al., 2010), 
marsh methane emissions (Cheng et al., 2010), salt marsh microbial community (First & 
Hollibaugh, 2010; Lyons et al., 2010), grazing (Burlakova et al., 2009), sediment dynamic 
(Neumeier & Ciavola, 2004; Salgueiro & Cacador, 2007; Li & Yang, 2009), etc.  
Cordgrass biomass affects the emergent of the habitat structure, facilitating succession 
development by providing a base for habitat development (Castellanos et al., 1994; Figueroa 
et al., 2003; Proffitt et al., 2005; Castillo et al., 2008b). For example, S. maritima in European 
low salt marshes, S. alterniflora in western Atlantic low salt marshes and S. foliosa in 
Californian low salt marshes are important pioneers and ecosystem autogenic engineers 



 Biomass 

 

14 

(Castellanos et al., 1994; Castillo et al., 2000; Proffitt et al., 2005). Thus, sediment deposition 
develops with the establishment of these foundation cordgrasses at low marshes, which 
yields abiotic environmental changes such as decreasing anoxia and flooding period 
(Castellanos et al., 1994; Craft et al., 2003; Bouma et al., 2005; Castillo et al., 2008a; Castillo et 
al., 2008b). 
 

 

Fig. 5. Clump of the hybrid of Spartina foliosa x alterniflora colonizing a mudflat, where the 
native Spartina foliosa is not able to survive, in San Francisco Bay (California). 

On the other hand, biomass production by cordgrasses plays a very important role in the 
nutrient cycle of coastal marshes. Spartina species add organic matter to the sediments that 
they colonize (Craft et al., 2002; Lillebo et al., 2006) and even to adjacent bare sediments by 
necromass exportation in the form of dead leaves and shoots (Castillo et al., 2008a). 
Although cordgrasses are essential for healthy marsh functioning in their native distribution 
ranges, some of them are very aggressive when introduce to exotic environments. For 
example, S. alterniflora invades salt marshes in China, Europe and the Pacific coast of North 
America from the Atlantic coast of America. S. anglica is colonizing also Chinese and North 
American salt marshes coming from European marshes. S. densiflora is invading the Pacific 
coast of Chile and North America, African and European marshes from the Atlantic coast of 
South America (Bortolus, 2006) where it is a salt-marsh dominant of wide latitudinal range 
(Isacch et al., 2006). Once introduced by anthropogenic activities, exotic cordgrasses are able 
to invade contrasted marsh habitats due to their high capacity to colonize as pioneer species 
new formed environments and disturbed locations, showing a wide tolerance to abiotic 
stress factors such as salinity, anoxia or long flooding periods (Nieva et al., 1999, 2003; 
Castillo et al., 2005a). Moreover, Spartina species with “phalanx” growth develop very dense 
tussocks with tall canopy and high above- and bellow-ground biomass, avoiding the 
colonization of native species, stopping the development of ecological succession during 
very long periods and representing strong competitors (Figueroa & Castellanos, 1988). In 
addition, some invasive cordgrasses usually show an abundant seed production and long 
distance dispersion by tidal water and currents (Kittelson & Boyd, 1997; Nieva et al., 2001a; 
Castillo et al., 2003; Nieva et al., 2005; for S. densiflora in European and North American salt 
marshes). Alien Spartina usually modify the abiotic environment during their invasion faster 
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than native species. For example, the introduced S. alterniflora in Chinese salt marshes is 
significantly more efficient in trapping suspended sediment than the native Scirpus and 
Phragmites species (Li & Yang, 2009). 

6. Conclusions 
Cordgrasses usually are dominant species in salt marshes all around the world and they 
play very important roles in ecosystem functioning. Cordgrass biomass accumulation below 
and above the sediment surface determines energy and material flows in salt marshes. 
Most cordgrasses show markedly spatial variations in their biomass accumulation pattern, 
depending on biotic and abiotic environmental factors and on their growth form (“guerrilla” 
versus “phalanx”, and “short” versus “tall” form). Thus, specific studies to evaluate the 
ecological roles of cordgrasses should be carried out for each specific location and for each 
taxon, analyzing both below- and above-ground biomass production and accumulation.  In 
this context, it is very important to choose an appropriate sampling method adapted to our 
own goals and that would allow comparisons with previous studies. 
Future research is needed specially to improve our knowledge about cordgrass below-
ground biomass accumulation, dynamic and functions. The evaluation of the salt marsh 
ecosystem will be incomplete if based exclusively on what is happening aboveground, or as 
though what happens aboveground is a satisfactory indicator of what is driving changes 
belowground. Monitoring programs, for example, could be improved if belowground soil 
processes were included, rather than excluded, as happens frequently. Furthermore, it may 
be that because of the dominance of the changes in biomass pools belowground compared 
to aboveground, what happens belowground may be more influential to the long-term 
maintenance of the salt marsh than are changes in the aboveground components. 
 
 

 
 

Fig. 6. Salt marsh invaded by the South American neophyte Spartina densiflora in Humboldt 
Bay, California. 
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Future studies should also analyze specifically the development and functions carried out 
by recently formed Spartina hybrids between native and invasive species invading salt 
marshes in San Francisco Bay and the South-west Iberian Peninsula. The comparision of the 
biomass dynamic for these hybrids with their parental species will help us to clarify their 
ecological roles and to prevent serious environmental impacts. 
It is also important to study how invasive cordgrasses respond to intra-specific competition 
with native species by changing their biomass allocation, accumulation and production. In 
addition, finding and selecting ecotypes for native cordgrasses with different biomass 
accumulation patterns would be very usefull to improve our technology for salt marsh 
restoration projects. 
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1. Introduction 
The measurement and assessment of aboveground tree biomass (bole, branches, and 
foliage), or M, plays a key role in the management of forest resources. Estimates are required 
for evaluating: a) the stocks and fluxes of several biogeochemical elements and b) the 
amount of primary energy obtainable from forests as an alternative to fossil fuels. Moreover, 
biomass is a fundamental state variable in several ecological and eco-physiological models 
(Brown, 1997; Chavé et al., 2005; Návar, 2009a,b; Richardson et al., 2002). The development 
and use of allometric equations is the standard methodology for the estimation of tree, plot, 
and regional aboveground biomass (Brown, 1997). Dry weight measurements conducted on 
harvested trees, fresh and dry weights of biomass components and recording independent 
tree variables are required to construct allometric equations at the species, stands or tree 
community levels. Alternate M assessment methods include the multiplication of bole 
volume by its wood specific gravity; with branch and foliage biomass integrated using other 
approaches. Standing bole volume, V, can be also multiplied by biomass expansion factors, 
BEF, at the tree level or stand scale to compute M. Allometric biomass equations can be 
classified according to the parameter estimation method as empirical, semi-empirical and 
process, theoretical models. Using three meta-analysis datasets, empirical equations are 
reported in log-linear (82.6%), non-linear (12.0%), seemingly un-related (3.9%), linear (0.7%), 
and non-linear seemingly un-related (0.6%) regression. Diameter at breast height, D, and at 
the bole base, Db, canopy height, H, canopy area, CA, and wood specific gravity, ρw, are 
common exogenous variables that individually or in combination explain M with deviations 
larger than 16% of the mean measured tree aboveground biomass value (Chavé et al., 2005). 
A fully theoretical, physically parameterized model is available (West et al., 1997), although 
preliminary evaluations demonstrate that it requires further refinement before can be 
recommended as a non-destructive M assessment methodology. More flexible, restrictive 
models that make use of only a small number of harvested trees and fit available allometric 
equations result in good M approximations (Zianis & Mencuccini, 2004). Semi-empirical 
non-destructive models based on shape-dimensional analysis and assuming a constant 
exponent value are being tested for simple and complex forests with compatible preliminary 
M assessments (Návar, 2010a,b). This wealth of information on biomass allometry 
necessitates be properly describing, organizing, and classifying in order to better 
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understand weakness and robustness of available methods to compute tree and eventually 
plot and regional aboveground biomass. For places deprived of tree allometry, a 
combination of a wide range of allometric equations developed off site appears to improve 
tree M evaluations according to the Central Limit Theorem. 
Biomass stocks and their spatial distribution remain poorly evaluated at the plot scale 
regardless of the wealth of information on tree biomass allometry (Chavé et al., 2003; 
Houghton et al., 2001, 20015; Návar et al., 2010). The conventional methodology that 
expands tree M to sample inventory stands is: a) a grid of sampling plots and b) allometric 
equations fit tree data recorded in the forest inventory, since there is scarce information on 
allometric equations that straightforward calculate plot or stand M. New approaches that 
employ timber volume are named BEF and at the present they require calibration to 
appraise local plot M (Brown, 2002). Uncertainties of more than two orders of magnitude are 
identified when calculating plot M by applying different off site allometric models to forest 
inventory datasets and main sources of variation are: a) the error due to tree measurements, 
b) ground sampling uncertainty, and above all, c) the error due to the choice of an allometric 
model relating M to other tree dimensions (Chavé et al., 2003; Návar et al., 2010). 
Tree or plot M interpolates at larger spatial scales, AGB, by a variety of field measurements, 
environmental gradients and remote sensing techniques (Houghton, 2005a,b). A diversity of 
remote sensing techniques, spatial resolutions, tree and forest attributes, and interpolation 
methodologies make AGB assessment highly variable, with uncertainties as large as three 
orders of magnitude. Main sources of variation are attributable to: a) the precision of 
estimated tree or stand M, b) the interpolation method applied, c) the lack of a good 
correlation between ground and remote sensing data, d) the correct location of ground data, 
e) the representativeness of plots across the landscape, f) temporal variations in the satellite 
image, g) the correct area of each forest class, and h) others. Combining remote field data 
collection techniques (LIDAR) with locally-derived tree allometry and the semi-empirical 
shape-dimensional non-destructive model of tree M assessment would eventually improve 
AGB at the spatial scale of interest. 
Given this brief literature review, the reliable M estimation of trees, plots, stands or tree 
communities remains a key challenge for the successful implementation of sustainable forest 
management plans. This paper deals with the description of available tree allometry, how 
they contrast to provide tree, plot and regional M assessments and what are the future 
challenges ahead. Preliminarily observations point towards the combination of available 
conventional allometric models with restrictive, semi-empirical and theoretical non-
destructive methods of tree or plot M evaluation while universally-applied functions 
emerge. In addition, the interpolation of improved tree or plot M appraisals to regional 
scales with a combination of field techniques, environmental gradient approaches and 
remote sensing methods must eventually improve AGB assessments at regional and 
national spatial scales. 
Key words: Measuring and assessing aboveground biomass, empirical, semi-empirical, 
theoretic models, tree, stand and regional scales.  

2. Aboveground tree biomass allometry 
2.1 Introduction 
Aboveground tree and forest biomass is the living and dead matter in standing trees and 
shrubs and can be classified in foliage, branches, and boles. Bark, hardwood and softwood 
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they contrast to provide tree, plot and regional M assessments and what are the future 
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conventional allometric models with restrictive, semi-empirical and theoretical non-
destructive methods of tree or plot M evaluation while universally-applied functions 
emerge. In addition, the interpolation of improved tree or plot M appraisals to regional 
scales with a combination of field techniques, environmental gradient approaches and 
remote sensing methods must eventually improve AGB assessments at regional and 
national spatial scales. 
Key words: Measuring and assessing aboveground biomass, empirical, semi-empirical, 
theoretic models, tree, stand and regional scales.  

2. Aboveground tree biomass allometry 
2.1 Introduction 
Aboveground tree and forest biomass is the living and dead matter in standing trees and 
shrubs and can be classified in foliage, branches, and boles. Bark, hardwood and softwood 
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are timber biomass components. The evaluation of conventional goods and environmental 
services furnished by forests entails the assessments of tree, stand and regional M. The 
stocks and fluxes of several biogeochemicals are calculated with the evaluation of M 
(Brown, 1997; Houghton, 2005). So is the amount of primary energy obtainable from forests 
as an alternative to fossil fuels (Richardson et al., 2002). In addition, standing aboveground 
biomass is a fundamental state variable in several ecological and eco-physiological models 
(Zianis & Mencuccini, 2004). 
The development and application of allometric equations is the standard methodology for 
aboveground tree biomass estimation (Brown et al., 1989; Chavé et al., 2001; 2003; Návar, 
2009a). A simple classification of allometric equations based on methods of parameter 
estimation is: empirical, semi-empirical and theoretical models. Meta-analysis studies report 
examples of empirical functions (Ter Mikaelian & Korzukhin, 1997; Jenkins et al., 2003; 
Zianis & Mencuccini, 2004; Zianis et al., 2005; Návar, 2009b). Non-destructive models such 
as the empirical reductionist (Zianis & Mencuccini, 2004); the semi-empirical shape-
dimensional analysis (Návar, 2010a), the constant B-slope approach (Návar, 2010b) and 
process, theoretical methods (West et al., 1999) are also available in the scientific literature. 
Empirical allometric equations are statistically parameterized with measured, weighted and 
recorded field and laboratory tree biomass data. The conventional allometric biomass model 
(Ln(M) = Ln(a) + BLn(D) ± ei); where M and D are log transformed and the a and B the scalar 
coefficients estimated by least square techniques in linear regression, is the most commonly 
fitted and reported equation. Other parameter-fitting techniques and mathematical forms of 
biomass equations are classified as: non-linear, seemingly un-related linear, linear and non-
linear seemingly un-related regression, power and exponential functions. Tree diameter 
recorded at breast height, basal diameter, canopy cover, canopy height and wood specific 
gravity commonly explain individually or in conjunction tree M with deviations larger than 
16% of the mean measured tree M. 
Semi-empirical non-destructive methods of tree M computations that focus on independent 
and easy ways to calculate the conventional allometric scalar coefficients had been recently 
proposed. They require both physical and statistical parameters. The fractal methodology 
coupled with shape-dimensional relations was preliminary explored with good degree of 
precision for temperate trees of northwestern Mexico (Návar, 2010a) and for Mexican 
tropical forests (Návar et al., 2010). This procedure assumes that bole volume and top height 
allometric relations suffice to calculate the a and B scalar coefficients. When contrasted with 
the conventional allometric model, this method results in compatible tree M assessments. A 
reduced semi-empirical, non-destructive model that assumes the B-scalar exponent is a 
constant value and the a-scalar intercept is a function of the standard wood specific gravity 
value is also under close mathematical advancement with good preliminary precision for 
North American temperate trees (Návar, 2010b). 
The classic theoretical allometric model, WBE, was developed with the use of fractal 
techniques (West et al., 1999). Two variables, a C-scalar coefficient and the entire tree 
specific gravity, ρ, suffice to calculate tree M; since it assumes the B-scalar exponent is a 
fixed value of 8/3. The WBE equation is physically parameterized but, at the present, it 
needs further refinement before can be recommended as non-destructive method of M 
assessment. Discussions regarding its application are ongoing and they center on the right 
value of the B-slope scalar coefficient that it has been shown to be smaller than 2.67 (Zianis 
& Mencuccini, 2004, Pilli et al., 2006; Návar, 2009a,b; 2010b). 
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Other approaches involve the bole volume estimation and then multiplied by the standard 
wood specific gravity value (Mohren & Klein Goldewijkt, 1990). A dimensionless biomass 
expansion factor, BEF, escalates bole volume to total tree M (Brown, 1997). Gracia et al. 
(2004); Lehtonen (2005); Návar-Cháidez (2009); Silva-Arredondo and Návar-Cháidez, (2009) 
reported independent BEF at the tree level or plot scales, which are developed by employing 
biomass of the entire tree in conjunction with bole volume allometry. 
Tree M assessments are variable regardless of the wealth of information on biomass 
allometry. For harvested trees, deviations have been reduced to close to 16% with the use of 
D, H and ρw, (Chavé et al., 2005). However, the expansion of these equations to trees with 
other dimensions or outside the forest area where the equation was developed deserves 
more attention. 

2.2 The need for tree allometry 
A great number of allometric equations have been reported for North American and 
European tree species and forests (Ter Mikaelian & Korzukhin, 1997; Jenkins et al., 2003; 
Zianis & Mencuccini, 2004; Zianis et al., 2005; Fehrmann & Klein, 2006; Chojnaky, 2009; 
Návar, 2009a). Tree allometry for complex tropical (Brown, 1997; Chavé et al., 2001; 2003; 
2005) and semi-arid, sub-tropical tree species (Návar et al., 2002a; 2004; Návar, 2009b) and 
forest plots (Martínes-Yrizar et al., 1992; Návar et al., 2002b) are less represented. At regional 
scales, current allometric data for complex, diverse tropical forests are almost entirely based 
on Southeast Asian (Brown, 1997; Ketterings et al., 2001) and South American measurements 
(Overmann et al., 1994; Araujo et al., 1999; Chavé et al., 2001; 2005; Chambers et al., 2001; 
Brandeis et al., 2006; Feldpausch et al., 2006). Brown (1997) and Chave et al. (2005) reported 
a set of allometric equations for tropical world forests; however, several sites were not well 
typified in this data set. For example, with the exception of the report published by Cairns et 
al. (2000), most Mexican tropical forests remains with limited information on tree and stand 
M development, analysis and comparisons. 

2.3 Development of tree allometry 
The development of conventional biomass allometry compels that trees are harvested. 
Measurements of diameter at breast height and at the bole base are carried out on each 
standing tree. Top height is better measured once the tree is felled down. Tree dissection 
into the main biomass components: stem or bole, foliage, and branches are performed on 
felled trees. Boles are logged into smaller sizes to facilitate weighting. Foliage, branches, and 
dissected logs are fresh weighted separately per tree. The total fresh weight of each 
component for each tree is obtained in the field using scales. Samples of each component of 
each tree are fresh weighted and oven-dried in the laboratory (to constant weight at 700C). 
Sample fresh and dry weights must be precisely recorded, since dry to fresh weight ratios 
for each sample of each component multiplied by the total fresh weight of each biomass 
component calculate total dry biomass per each tree component. Deviations of this 
methodology have been proposed where only small portions of each biomass component 
are weighted and the remaining is calculated by dimensional analysis. 

2.4 Fitting allometric equations 
A data matrix of exogenous, independent variables (D, Db, H, CA, ρw, etc.) and dependent 
variables (dry foliage, branch, bole, and/or total aboveground biomass) for n, number of 
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harvested trees are available for fitting tree biomass equations. That is, allometry relates one 
measurement of an organism to another. Easily measured variables such as diameter and 
top height relates to volume, biomass, etc, which are more difficult to make. 
A wide range of empirical allometric models are available in the scientific literature to fit 
collected biomass data using the independent variables described above. They can be classified 
as simple log-linear, simple linear, simple non-linear, multiple linear and non-linear, 
seemingly un-related linear and non-linear regression equations. Power or exponential 
functions also projects tree M, although they are scarcely reported in the scientific literature. 
Allometric equations quite often fit each individual biomass component (i.e., see for example 
the biomass equations compiled by Ter Mikaelian & Korzukhin, 1997; and Návar, 2009b). 
However, Cunnia and Briggs (1964) showed that when summing the equations for boles, 
branches, and foliage, results would often deviate from the recorded total aboveground 
biomass. Therefore, Cunnia & Briggs (1984; 1985) and Parresol (1999; 2001) developed 
advanced regression techniques and computer programs for estimating coefficient values for 
endogenous variables that simultaneously calculate individual equation parameters and 
restrict scalar coefficients to add total tree M. Biomass datasets are also a vital source of 
information to fit theoretical, semi-empirical non-destructive and restrictive methods of tree M 
assessment but sometimes other independent variables must be collected. 
Biomass datasets should be split into: a) fitting and b) validating models. However, biomass 
studies are expensive and quite often data is not sufficient to calculate scalar coefficients 
with small variance that are consistent with population mean parameters. These issues 
addressed further below must be the center of future allometric studies. 
The Log-linear equation. The most commonly reported mathematical model for biomass 
allometry takes the form of the Log linear-transformed function: 

 ( ) ( ) ( ) iLn M Ln a BLn D e= + ±  (1) 

Equation [1] and [2] are similar but not mathematically equivalent: 
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Where Ln = the logarithmic transformation function; ei = error. 
The scalar coefficients a and B of equations [1] and [2] are calculated by least square 
techniques in linear regression. Before conducting this statistical test; M and D data is log 
transformed. The transformation improves parameter estimation by reducing variability 
and heteroscedasticity. This technique frequently named the intrinsic linear regression 
entails a weighting parameter to further reduce heterogeneous variance since the 
logarithmic transformation compresses the data in both axes. When the biomass units are re-
transformed back to the original units, the largest data values are often underestimated. 
Beskersville (1965) recommended to multiply equation [1] by a correction factor, CF, that is 
calculated as CF = exp(MSE/2), where: MSE = mean square error of the regression analysis of 
variance. Equation [1] is the standard, classical allometric biomass model reported in 
compiled equations by Ter Mikaelian & Korzukhin (1997); Jenkins et al. (2003); Zianis & 
Mencuccini (2004); and Návar (2009b). The standard error, Sy, of equation [1] is in 
logarithmic M units and consequently it is not equivalent to: Sy = √MSE where MSE = mean 
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square error. Therefore, equation [1] has to be fitted to the original tree data to evaluate M 
and with measured and estimated M, Sy can be calculated in conventional M dimensions. 
The Linear equation. Linear equations frequently reported in allometric studies take the 
following form: 

 i iM a BX e M BX e= + ± ∴ = ±  (3) 

Where X = D2H (m3), BA (m2), Canopy Cover (%). 
Least square techniques in linear regression conventionally estimates the scalar coefficients, 
a and B. Basal area, the combined variable, D2H, or canopy cover are the explanatory, 
exogenous variables of equation [3]. The allometric function that entails basal area was 
originally calculated by measuring M in plots and it has the advantage that can be escalated 
down to the individual tree level. Examples of this equation are found in Martínez-Yrizar et 
al. (1992). When using D2H as independent variable, examples are reported in Padron and 
Navarro (2004) and in Návar-Cháidez et al. (2004a). Flombaum and Sala (2007) found 
canopy cover (%) predicted better shrub M for Argentinean semi-arid shrublands. The 
standard error, Sy, of equation [3] is evaluated in conventional M units. 
The Non Linear equation. The non-linear equation takes the form of the end portion of 
model [2], although the error is multiplicative: 

 B
iM aD e= ⋅  (4) 

Equation [4] is similar but mathematically not equivalent to equation [2], since scalar 
coefficients are estimated using one of the several non-linear parameter-fitting techniques 
available such as Newton, Gauss-Newton, Marquardt, etc. That is, scalar coefficient values 
differ if estimated in linear or non-linear regression techniques. Návar (2009a) reported 
several examples for temperate tree species of northwestern Mexico. Non-linear models 
report the analysis of variance in conventional M units and therefore Sy can be 
straightforwardly computed. 
The multiple linear or non linear equations. The multiple linear or intrinsically linear 
equations take the form: 

 1 2 3 ... n iM a BX CX DX ZX e= + + + + + ±  (5) 
Or 

 1 2 3( ... )(exp )na BX CX DX ZX
iM e+ + + + += ±  (6) 

Or a combination of both. Where: X1, X2, X3,.., Xn = D, D2, D2H, ρw, ρwD2H …. 
Least square techniques in linear or intrinsically linear multiple regression calculates scalar 
coefficients a, B, C, D, Z. Brown (1997) and Chavé et al. (2005) reported classical examples for 
world dry, moist and rain tropical forests that use D, H, and ρw as exogenous variables. 
Multiple linear models supply the standard error of M as the root mean square. Intrinsically 
linear multiple regression models require a similar procedure to that described in model [1] 
to calculate Sy in standard M units. 
Seemingly un-related linear regression. Seemingly un-related regression is the 
recommended statistical technique to develop tree allometry for endogenous variables, since 
biomass components are related each other; i.e., leaf biomass relates to branch biomass, 
these associates to bole biomass, and all these components make total aboveground biomass 
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(Cunnia & Briggs, 1984; 1985; Parresol, 1999; 2001). Therefore, a simple example of a set of 
biomass component equations that are linearly related takes the following forms: 
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Where: l = leaf or foliage, br = branch, bo = bole or stem. All six scalar coefficients, al, abr, abo, 
Bl, Bbr, and Bbo are independently and simultaneously estimated by least square techniques 
in linear regression with the constraint that M = Ml+Mbr+Mbo. That is, the sum of each 
component equals the total tree M. 
Parresol (1999) developed and reported this regression technique in computer programs 
using examples for P. eliottii trees. Návar et al. (2004a) fitted this technique for young pine 
trees of Durango, Mexico and Návar et al. (2004b) did it for semi-arid, sub-tropical shrub 
species of northeastern Mexico. 
Seemingly un-related non-linear regression. For un-related non-linear regression, a set of 
equations written in a simple format are: 
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Where: Ml = foliage biomass, Mbr = branch biomass; Mbo = bole biomass; and a and B are 
statistical parameters that are independently and simultaneously estimated by least square 
techniques in non-linear regression and restricted to provide total aboveground biomass.  
Parresol (2001) reported the mathematical development and computer programs for this 
technique and empirical examples can be found in Návar (2009b). 

2.5 Examples of empirical equations fitted to an independent dataset 
Empirical allometric equations should be cautiously fitted since they may significantly 
deviate from tree M records. For example, Návar (2009b) reported applications of these 
empirical equations to a biomass dataset taken for complex semi-arid, sub-tropical shrub 
species of northeastern Mexico (Figure 1). 
All statistical techniques previously described converge into a single equation for more 
compact biomass datasets as it was shown for young pine trees of northwestern Mexico by 
Návar (2009b). Note that all equations mimic well the non-linear nature of this M-Db 
relationship even though multiple linear and seemingly un-related linear equations are 
fitted to this data. 
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Fig. 1. Five empirical allometric equations fitted to aboveground biomass for 913 shrubs and 
small trees harvested in northeastern Mexico (NL = Non linear regression, SUR = Seemingly 
un-related non-linear regression, LR = Linear regression, WLR = weighted linear regression, 
NSUR = non-linear seemingly un-related regression). 

2.6 Other allometric models reported in the scientific literature 
Other empirical allometric equations reported in the scientific literature were compiled for 
European tree species by Zianis et al. (2005) but they fall within these major power and 
exponential classifications: M=a+bDc; M=a+b[D/(D+cf)]+dX1+…+nXn; 
M=a·(D+1)[b+c·log(D)]·Hd; M=a·(1–exp(–b·D))c. 
Where: cf is a standard coefficient; a,b,c are statistical coefficients to be estimated; X1, .. Xn 
are the independent variables described by D, D2, DH, DH2, etc. 
Multicollinearity problems arise when several related exogenous variables explain M 
making the model unstable in the correct coefficient values. 

2.7 Examples of the application of empirical tree allometry to biomass data sets 
The application of several available allometric equations to independent biomass datasets 
often results in M assessments with large deviations. Figure 2 shows examples for tropical 
dry and rain forests as well as for the IAN 710 Hevea brasiliensis hybrid trees. Tree allometry 
is frequently developed with sample data that does not meet the probabilistic sampling 
requirements. Therefore, local tree allometry improves tree M predictions in contrast to 
biomass equations developed for tree species with a wide spatial distribution range (Návar-
Cháidez, 2010). As a consequence fitting off-site allometric equations often show large tree 
M uncertainties, which are addressed in the following section of this chapter. Deviations 
have also been explained by changes in wood specific gravity values and shifts in bole 
tapering and slenderness. Local, specific tree M allometry has been recommended by Návar-
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Cháidez (2010) but further contrasting studies are required in order to understand 
variations between on-site and off-site equations. 
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Fig. 2. Aboveground biomass estimates for tropical dry and rain forests as well as for the 
IAN 710 Hevea brasiliensis Muell. hybrid trees of Mexico (Data Sources: Návar, 2009a; 
Brown, 1997 and Monroy & Návar, 2005). 
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2.8 Randomness of scalar coefficients with sample size 
Empirical allometric equations pose scalar coefficients that are statistically calculated. For 
example, the conventional model [1] has the a–intercept and the B-slope scalar values. The 
scalar coefficients vary with the species, diameter structure, structural tree diversity, the 
parameter-fitting techniques, sample size, etc. Indeed, scalar parameters show large variations 
in meta-analysis studies even though they are calculated with the same regression technique. 
For example, the B-scalar exponent has a mean (standard deviation) value of 2.37 (0.27), 2.38 
(0.23), and 2.40 (0.22) reported by Zianis & Mencuccini (2004), Návar (2009b), and Fehrmann & 
Klein (2006), respectively. Návar-Cháidez (2010), in a biomass simulation study with 600 trees, 
found that the a and B scalar values randomly oscillate with sample sizes of less than 60 trees 
pointing out at the need for harvesting sufficient trees to calculate parameter values that are 
consistent with population means and that have the least variance (Figure 3). Tree M 
calculations with this set of scalar parameters produce deviations as large as 30%. 

2.9 Alternate tree allometry models 
2.9.1 Reduced number of harvested trees to develop M assessment models 
Zianis and Mencuccini (2004) proposed the small tree sampling scheme to simplify 
allometric analysis irrespective of tree species and forest site. The methodology harvests 
only two small trees that quite often are D < 25 cm. With recorded D and M, available 
allometric equations for similar tree species and for similar data ranges found in the forest 
inventory are fitted. Those equations that predict tree M as close as to the measured values 
are selected and an average of scalar coefficients a and B values are estimated to come up 
with an individual allometric model. This approach was tested with a good balance between 
acceptable biomass predictions and low data requirements (Návar-Cháidez, 2010). 
Contrasting results are reported in Figure 6.  

2.9.2 The empirical non-destructive model of M assessment 
Zianis and Mencuccini (2004) developed de reductionist model [9] by fitting empirical 
relationships between the B-scalar exponent and the slope of the power relationship between 
H-D, B*. The resulting equation was B = 1.9262 + 0.6972B*; r2=0.42. In a similar fashion, the 
scalar intercept was projected with the calculated B–scalar exponent taking advantage of the 
good relationship between these coefficients; a = 7.0281B-4.7558; r2=0.70. These two equations 
empirically describe the conventional model [1] scalar coefficients, as follows: 

 (1.9262 0.6972 *)4.7558(7.0281 * )

B

B

M aD

B D +−

=

⎡ ⎤
⎣ ⎦

 (9) 

Where: B* is the scalar exponent of the H-D power relationship; B = is the scalar exponent 
derived from the empirical equation that relates B vs. B*. 

2.9.3 The theoretical model of tree M assessment 
The West et al. (1999) theoretical model, WBE, was developed using the fractal geometry 
analysis that applies to natural occurring networks that carry sustaining fluids in organisms, 
in which each small part of the network is a self-similar replicate of the whole. Hence the 
fractal model offers much proportionality relating components of structure and function. 
The WBE framework describes aboveground biomass with the following equation: 
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Fig. 3. Randomness of the scalar coefficients a and B as function of the percentage of data 
sampled for fitting the conventional allometric model. 
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The scalar exponent, B, is fixed to 8/3 (2.67); ρ is the wood specific gravity that is referred as 
the total tree specific gravity (an average of the specific gravity for wood, bark, branches and 
leaves); and C = is a proportionality constant. Note that B = 2.67. 
Comparisons between measurements and predictions by the WBE and other empirical 
equations were carried out for several biomass data sets. In general, empirical models 
approximated better recorded tree M values than the WBE one (Zianis and Mencuccini, 
2004). Pilli et al. (2006) suggested that M could be estimated by using universal B parameters 
that change with the forest age. Návar (2009b) found evidence that B is a function of 
diameter at breast height and Návar (2010b) successfully tested the hypothesis that B is a 
function of the place where diameter is measured. 

2.9.4 Semi-empirical non-destructive models of tree M assessment 
a) The shape-dimensional relationships derived from fractal geometry. Návar (2010a) 
proposed according to the classical physics equation, that mass is a function of volume x 
specific gravity. Analogous, the aboveground biomass components are linearly and 
positively related to stem volume, V, and the entire bole wood specific gravity, ρ; M = (V*ρ). 
A simple dimensional analysis shows that the volume of a tree bole is V=(avD2H); where av 
= 0.7854 if the bole volume is a perfect cylinder. For temperate tree species of northwestern 
Mexico, mean av values of 0.55 have been calculated demonstrating that tree boles or pieces 
of stems have a non-standard shape that is only approximated by ideal objects. Therefore, 
the description of natural items falls beyond the principles provided by Euclidean geometry. 
Mandelbrot (1983) introduced the neologism of fractal geometry to facilitate the 
understanding of the form and shape of such objects. A positive number between two and 
three is a better estimation of the tree’s crown dimension, and it is assumed that the overall 
shape of a tree (stem and crown) may possess a similar fractal dimension. In mathematical 
terms: 

 ( )d h
vV f a D H=  (11) 

Where: av is a positive number that describes the taper and d and h are positive numbers 
with 2 ≤ d+h ≤ 3. 
Since 2 ≤ d+h ≤ 3, tree shapes can be described as hybrid objects of surface and volume 
because they are neither three-dimensional solids, nor two-dimensional photosynthetic 
surfaces and indentations and gaps are the main characteristics of their structure (Zeide, 
1998). 
The scaling of H with respect to D has been examined in terms of stress and elastic similarity 
models following biomechanical principles. When stress-similarity for self-loading dictates 
the mechanical design of a tree, H is predicted to scale as the ½ power of D (McMahon, 
1973) and a final steady state H is attained in old trees that reflects an evolutionary balance 
between the costs and benefits of stature (King, 1990). Empirical data found that H scales to 
the 0.535 power of D for a wide range of plant sizes, supporting this hypothesis (Niklas, 
1994). However, for local biomass studies, the B* coefficient diverges from the ½ power and 
it is a function of several variables. Hence, if H=f(ahDB*) with 0<B*≤1 ≈ 1/2, then Eq. (2) 
becomes 
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 *( ) ( )d h d hB
v v hV f a D H a a D += =  (12) 

Furthermore, if tree biomass is assumed to be proportional to V (with the tree specific 
gravity as the proportionality constant), then M =f(avahDd+HB* x ρ) and in conjunction with 
Eq. (1), the B-scalar exponent, Btheoric, is: 

 *theoricB d hB= +  (13) 

And the a-scalar intercept, atheoric, is: 

 ( * )theoric v ha a a=  (14) 

Finally, a fully theoretical model that requires the following relationships V = f(D, H) and  
H = f (D), in addition to the wood specific gravity of the entire aboveground biomass is; 

 *( ) d hB
v hM a a Dρ +=  (15) 

Model [15] was described as the shape-dimensional analysis approach (Návar, 2010a). In the 
absence of total aboveground tree ρ and ah data, the intercept coefficient can be 
preliminarily derived taking advantage of the good relationship between the scalar 
coefficients, as follows; 

 ( * ) ( *)theoric v h theorica a a f B d hBρ= = = +  (16) 

With this empirical relationship, a final non-destructive semi-empirical model of 
aboveground biomass assessment is; 
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 (17) 

Meta-analysis studies noted that the scalar coefficients a and B are negatively related to one 
another in a power fashion because high values of both a and B would result in large values 
of M for large diameters that possibly approach the safety limits imposed by mechanical self 
loading (Zianis & Mencuccini, 2004; Pilli et al., 2006; and Návar, 2009a; 2009b). This 
mathematical artifact offers the basic tool for simplifying the allometric analysis of forest 
biomass in this approach. 
In the meantime tree ρ and ah data is collected, model [17] is a preliminary non-destructive 
semi-empirical method for assessing M for trees of any size. The procedure can be applied 
as long as volume allometry is available in addition to the relationship between a-B that has 
to be developed preferentially on-site. The methodology is flexible and provides compatible 
tree M evaluations since large estimated B values would have small a figures and vice versa. 
Site-specific allometry can be derived with this model that may improve tree M estimates in 
contrast to conventional biomass equations developed off-site. Three major disadvantages of 
this non-destructive approach are: a) the inherent colinearity problems of estimating a with 
B, b) the log-relationships between V = f(D, H) and D = f (H) are required in order to 
estimate B, and c) an empirical equation that relates a to B should be developed on site or 
alternatively use preliminary reported functions by Zianis & Mencuccini (2004) and by 
Návar (2009a; 2010a). All these three equations estimate compatible a-intercept values with 
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an estimated B slope coefficient. Examples of the application of this semi-empirical model 
are reported in Figure 6. 
b) Reducing the dimensionality of the conventional allometric equation by assuming a 
constant B slope coefficient value. The development of a model that is consistent with the 
WBE (model [10]) and the conventional log-transformed, most popular equation (model [1]) 
was proposed by Návar (2010b). Models [1] and [10] have the following common properties: 
a = Cρ; BWBE ≠ B; BWBE = 2.67 and B is a variable that it is a function of several tree and forest 
attributes, including sample size; they both feed on diameter at breast height as the only 
independent variable. The main WBE model assumption is that the BWBE-scalar slope 
coefficient is a constant value. This assumption has spurred recent research on semi-
empirical allometric models. Hence, Ketterings et al. (2003) and Chavé et al. (2005) reduced 
the dimensionality of model [1] by proposing a constant B-slope coefficient, as well. Tree 
geometry analysis and assuming that D scales to 2.0H; where H is the slope value of the H = 
f(D) relationship; i.e., D2.0H are some methods justified for finding this constant. In this 
report, I hypothesized, according to the Central Limit Theorem, that compilations and Meta 
analysis studies on biomass equations should shed light onto the population mean B-scalar 
slope coefficient value. 
Návar (2010b) summarized several Meta analysis studies on aboveground biomass. Table 1 
shows statistical results of these studies compiled from the work conducted by Jenkins et al. 
(2003); Zianis and Mencuccini (2004); Pilli et al. (2006); Fehrmann and Kleinn (2006); Návar 
(2009a,b) where there is increasing evidence that the population mean B-value is around 
2.38. This coefficient differs from the WBE scaling exponent. The Návar (2010b) equation, 
 
  Scalar coefficients 
  a a-re-calculated B 
 N x σ CI x  σ CI x  σ CI 
Jenkins et al. (2003) 10(2456) 0.11 0.03 0.02 0.12 0.03 0.02 2.40 0.07 0.05 
Ter Mikaelian and Korzukhin (1997) 41 0.15 0.08 0.03 0.11 0.04 0.01 2.33 0.17 0.05 
Fehrmann and Klein (2006) 28 0.17 0.16 0.06 0.12 0.02 0.01 2.40 0.25 0.09 
Návar (2009b) 78 0.16 0.15 0.03 0.14 0.09 0.02 2.38 0.23 0.05 
Návar (2010a) 34 0.10 0.11 0.04 0.12 0.05 0.02 2.42 0.25 0.08 
Zianis and Mencuccini (2004) 277 0.15 0.13 0.01 0.12 0.04 0.01 2.37 0.28 0.03 
μ  0.14 0.11 0.03 0.12 0.05 0.01 2.38 0.21 0.06 

N = number of biomass equations; x = average coefficient value; σ = Standard deviation; CI = 
confidence interval values (α = 0.05; D.F = n-1); μ = population mean. Jenkins et al. (2003) compiled 2456 
grouped in 10 biomass equations for temperate North American clusters of tree species. Ter Mikaelian 
and Korzukhin (1997) reported equations for 67 North American tree species but I employed only 41 
equations that describe total aboveground biomass. Návar (2009b) reported a Meta-analysis for 229 
allometric equations for Latin American tree species but only 78 fitted the conventional model for 
aboveground biomass. Návar (2010) reported B-scalar exponent values for 34 biomass equations 
calculated from shape-dimensional analysis. Zianis and Mencuccini (2004) reported equations for 279 
worldwide species. It is recognized that several studies report the equations that were compiled by 
Jenkins et al. (2003). 

Table 1. Scalar coefficients of the allometric conventional model and re-calculated a-scalar 
intercept values assuming that B = 2.38 for six meta-analysis studies. 
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consistent with the work conducted by Burrows (2000) and Fehrmann and Kleinn (2006), 
shows that the scaling exponent of the WBE model is correct as long as D0.10 m is reported in 
the allometric model. Enquist et al. (1998) and West et al. (1999) defined that the WBE 
approach was derived on the assumption that the relationship between diameter and tree 
height, H, scales with the assumed exponent value of 2/3. This coefficient has been found to 
be close to ½ as it was discussed above. 
The assumption of a constant B-scaling exponent value necessitates the re-calculation of the 
a–scalar intercept value for available allometric equations. A graphical example for this 
approach is shown in Figure 4 for 41 total aboveground biomass equations reported by Ter 
Mikaelian & Korzukhin (1997). 
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Fig. 4. Total aboveground biomass equations for 41 North American tree species reported by 
Ter Mikaelian and Korzukhin (1997) overlapped with allometric equations that assume a 
constant B-slope value of 2.38 and re-calculating the a-intercept scalar coefficients. Note the 
suitability of the reduced semi-empirical, non-destructive model of tree M assessment. 
The re-calculation of the a-intercept is not straightforward. That is, the mathematical 
solution for the a-scaling intercept is not unique. For a reported biomass equation, it is a 
function of D, as it is described in the following example: 
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Using the example for the Alnus rugosa, Ter Mikaelian and Korzukhin (1997) reported the 
following equation: Ln(M) = 0.2612+2.2087Ln(D). Then, by assuming that the B-scalar 
exponent value is 2.38 instead of 2.2087, the new aunk-intercept figure is mathematically 
solved as follows: 
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 (19) 

 

Using simulated M-D data, the statistical aunk-intercept value would be 0.1229. Therefore, 
the mathematical method of finding the value of aunk is skewed. In the absence of a statistical 
program, it is recommended to estimate the a-scaling intercept by mathematically solving 
equation [19] with the largest D value recorded in the biomass study or in the forest 
inventory. The re-calculation of the a-scalar intercept can also be derived with the 
assumption that B = 2.67 or any other B-constant coefficient and produce similar goodness 
of fit. For 41 allometric aboveground equations reported by Ter Mikaelian and Korzukhin 
(1994), the mean (confidence interval) a-scalar intercept value is 0.1458 (0.026). Re-calculated 
values with the assumption that B = 2.38 and that B = 2.67 result in mean values of 0.1174 
(0.012) and 0.042 (0.0045), respectively. The recalculated a-value with the assumption that B 
= 2.38 outcome consistent and unbiased a-intercept figures, statistically similar to those of 
the original equations (Table 1). The assumption that B = 2.67 deviates notoriously the 
intercept coefficient values by 3.5 orders of magnitude. That is, the WBE model has to be re-
defined in either the B-scalar exponent to 2.38 or the C coefficient to a higher value. 
A set of biomass equations would have a constant B-scalar exponent, a set of re-calculated 
aunk figures and standard ρw values, a data source sufficient to construct the reduced semi-
empirical, non-destructive method of M assessment. This methodology assumes: a) that 
the bole wood specific gravity, ρw, is similar to the entire tree specific gravity, ρ, value; 
and b) that aunk and ρw are linearly related with a 0 intercept, and a slope coefficient that 
describes the C proportionality constant of the WBE model. Návar (2010b) derived the 
following relationship: M = (0.2457(±0.0152))ρw*D2.38 for 39 biomass equations for 
temperate North American tree species. That is, the equation within brackets computes 
the a-scalar intercept with only ρw values. This mathematical function is called the Návar 
(2010b) reduced equation and it is expected to vary between forests and between forest 
stands. Therefore, this relationship must be locally developed when information is 
available. Brown (1997) and Chavé et al. (2005) for worldwide tropical species and Miles 
and Smith (2009) for North American tree species reported comprehensive lists of ρw 
values. If for one moment, it is again assumed that ρw = ρ, and that B = 2.38, then the C 
coefficient of the Návar (2010) model would have confidence bounds of 0.2304 and 0.2609 
for North American temperate tree species, respectively. The application of this model to 
10 clusters of species reported by Jenkins et al., (2003) is reported in Figure 5. The Návar 
(2010b) reduced model deviates notoriously for the woodland tree species showing that it 
is specific in nature. 
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Fig. 5. Contrasts between the reduced semi-empirical, non-destructive model of Návar 
(2010b) and empirical equations for 10 clusters of tree species reported by Jenkins et al., 
(2003) for North American tree species. 
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2.10 Examples of semi-empirical methods of tree M assessment 
Projected tree M values by the restrictive, the reduced, and the shape-dimensional non-
destructive, semi-empirical models reside within the confidence bounds of the conventional 
model for most allometric equations tested for northern Mexico (Figure 6). The shape-
dimensional non-destructive model proposed by Návar (2010a) fits better biomass datasets 
than the reduced or the restrictive models, since the later model estimates the a-intercept 
coefficient with an r2 = 0.65. Equations reported to estimate a with B, instead of with ρw has 
an r2 value > than 0.70 (Zianis and Mencuccini, 2004; Fehrmann and Klein, 2006; Pilli et al., 
2006; Návar, 2010a). Indeed, Návar (2010a), in a simulation study, observed that r2 > 0.90 for 
relationships derived for temperate tree species of northwestern Mexico. 
The reduced non-destructive, semi-empirical model reported in here can be additionally 
employed for checking the consistency of available conventional allometric models. That is, 
equations that trespass a-intercept lines would biased M estimates. The limits of most 
empirical allometric equations can be easily determined using this non-destructive 
approach. The limits of biomass equations can be found just before they trespass a lines. 
Hence, this technique is handy for finding the right equations, their limits and as a 
consequence M estimates would be improved for any forest. 

2.11 Future directions in the development of semi-empirical methods of M 
assessment  
The tendency of semi-empirical and theoretical process studies to derive constant values 
that easily describe the mass of trees has become the center of current allometric studies. The 
methodology proposed by the theoretical and semi-empirical models is the basis for further 
development and improvement of mixed, process models. Full process models that 
deterministically assess tree M could never be developed since the variance in aboveground 
biomass data is hard to be fully explained by conventionally measured tree variables. 
Therefore, the need for semi-empirical techniques that convey physiological basis such as 
those proposed by West et al. (1999) and by Návar (2010a,b) derived from fractals, reduced 
and shape-dimensional analysis. 
The empiricism of any non-destructive techniques of tree M assessment would arise early in 
the bole volume estimation. For example, the Schumacher and Hall (1933) allometric bole 
volume equation, i.e., Ln (V) = Ln(av) + dLn(D)+ hLn(H); avDdHh, may have also constant d 
and h scaling exponents for most trees and the av intercept scaling coefficient varies within 
trees and in trees between forests. If so, the av intercept scaling coefficient of the Schumacher 
and Hall (1933) volume equation would improve the description of the third dimension of 
timber by incorporating its shape that is intrinsically related to the taper. Just as the a-scalar 
intercept coefficient of the allometric biomass equations describe the fourth dimension of 
timber, its ρ, the h scaling exponent partially explains the first dimension of timber, its 
slenderness. These arguments physically suggest that M of a tree with diameter recorded at 
breast height, D, should be proportional to the product of ρ times volume (V), and that 
volume is a function of basal area x height; as follows: 

 M Vρ=  (20) 

When model [20] is further developed by coupling the Schumacher and Hall (1933) volume 
equation and the power function that relates H to D it would result in model [15]. 
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Fig. 6. Testing the restrictive, the reduced and the shape-dimensional, semi-empirical, non-
destructive model performance for 10 independent allometric studies collected from 
northwestern Mexico. The regression lines, raw data and confidence bands on the B-value of 
the conventional allometric model are also depicted. 
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Equation [15] is similar to the theoretical WBE model by assuming that C = (av x ah) and that 
B = 2.67 = d+hH*. Empirical contrasts of the B-scalar exponent values calculated from shape-
dimensional analysis and the constant value of the WBE model show that they are 
statistically different for 34 allometric studies conducted in northern Mexico. The semi-
empirical non-destructive model [15] is not different either to those equations proposed by 
Chave et al. (2005) or by Ketterings et al. (2001), which are reported as models [21] and [22], 
respectively. 

 2 *( ) HM C Dρ += ⋅  (21) 

 2 *(0.11) H
wM Dρ += ⋅  (22) 

Where: H* is the scaling exponent of the power function of the H-D relationship and C is a 
proportionality constant. Note that Ketterings et al. (2001) proposed that C = 0.11 for 
tropical trees of south East Asia. The C coefficient values calculated by Návar (2010d) are 
different than the one proposed by Ketterings et al. (2001), since it had a mean (confidence 
bound) value of 0.2457 (±0.0152) for North American tree species. 
The B-scalar exponent 2+H* reported in equations [21] and [22] differs from the empirical 
value noted in meta-analysis and shape-dimensional studies as 2.38 by Návar (2010b) and 
the exponent coefficient proposed by West et al. (1999) as 2.67. The H* coefficient has an 
approximate mean value of 0.53 (McMahon, 1973; Niklas, 1994; Návar, 2010a) and the mean 
scalar exponent, according to model [21] and [22], is consequently B = 2.53. Models [21] and 
[22] assume that the volume equation has an exponent of D2.0. Návar (2010a) using the 
shape-dimensional analysis coupled with fractal geometry noted that d = 1.93 (0.066) and h 
= 0.917 (0.079) for 12 volume equations for temperate trees of northwestern Mexico. 
Therefore, an exponent value d ~ 1.9 (0.07) would be appropriate for these forests. That is, 
boles are neither two dimensional photosynthetic surfaces (D2) nor three dimensional 
geometric solids (D2H); hence, if d ~ 1.9, then B = 2.43 in the Ketterings et al. (2001) or Chavé 
et al. (2005) semi-empirical models. This new slope value falls within the confidence bounds 
of the mean B-value found in Meta analysis studies (2.38 ±0.06). 
The major finding of this brief review is that most current semi-empirical and theoretical 
studies assume a constant B-scalar exponent value. That is: BNávar ≤ BChave = BKetterings ≤ BWest; 
2.38 ≤ 2.53 = 2.59 ≤ 2.67. Further empirical and theoretical studies are required before the 
constant B-scalar exponent value finally emerges. 

2.12 Implications of reduced non-destructive models of M assessment 
Reduced non-destructive models that assume a constant B-scalar exponent easily calculates 
M for each individual tree as well as for any set of trees since it depends upon the a-scalar 
intercept value that is a function of the wood specific gravity value. The major implicit 
hypothesis of a reduced model such as the WEB or the Návar (2010b) equations would then 
be that trees add mass, volume, area or length at a rate per unit of diameter growth that is a 
function of the a-scalar intercept, which is a function of the ρw values. Návar (2010b) found a 
positive relationship between a and ρw, consistent with the explicitly statement described in 
the theoretical and semi-empirical models. If so, then trees with large ρw figures would grow 
diametrically (as well as to any other dimension) at a small rate and vice versa, since D = 
B M

a . A preliminary analysis of diameter increment and ρw values for 15 tropical species 
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fitted well with a negative linear relationship with the following equation: 
4.23 5.38 w

D
t ρ∂
∂ = − ; r2=0.50; further empirically supporting the evidence that a reduced non-

destructive, semi-empirical or the theoretical model that assumes a constant B-scalar 
exponent is also physiologically and metabolically correct. 
The selection of a constant B-scalar exponent value in a reduced semi-empirical model has 
several consequences. Statistically, the B and a scalar coefficients are related with negative 
power or logarithmic equations (Zianis & Mencuccini, 2004; Pilli et al., 2006; Návar, 
2009a,b). Hence, the a-scalar intercept would deviate from values reported in most 
allometric studies by assuming a different B-scalar exponent. For example, Table 1 reports 
mean (confidence bound) population values for the a-scalar intercept as: 0.14 (0.03). 
Therefore, when assuming a different scalar exponent values either the taper factors (C) or 
the basic specific gravity (ρ) for the entire tree would also change. Since ρ is assumed to be a 
fixed value for any tree, then the a-scalar intercept must have a fixed value as well that is 
only dependent upon the C coefficient. 
The C values would be later more precisely and physically evaluated as long as new 
information and data analysis comes up. In the meantime, Návar (2010b) and Návar (2010d) 
have noted that the C empirically-estimated value when plotting ρw vs. a varies between 
0.2457 to 0.2687 for biomass equations reported for temperate North American and for 
tropical tree species, respectively. When assuming that B = 2.38, good tree M 
approximations are found for temperate and some tropical but not for dry land tree species. 
If further assuming that B = 2.67, tree M is overestimated for both temperate and for tropical 
forest communities. Whence, a C coefficient value should be further calculated with this 
later assumption by CB=2.67 = (0.2457D2.38)/(D2.67). Again the C value is a function of D and it 
can go from 0.18 in trees with D = 5 cm to 0.076 in trees with D = 100 cm; following a power 
function of CB=2.67 = 0.2457D(2.38-2.67) = 0.2457D(-0.29). 
An independent technique to estimate the C coefficient figure was preliminarily proposed 
by Návar (2010b) by developing the shape-dimensional analysis as C = (av*ah). Mean 
(standard deviation) av values of 0.55 (0.0185) were found when fitting the statistical 
coefficients of the Schumacher and Hall (1933) volume equation to 12 temperate tree species 
of northern Mexico. By assuming a mean a-re-calculated scalar intercept value of 0.12 (Table 
1) and the mean (standard deviation) of the taper values by solving for the ah values since 
they are hard to find at this time, the C coefficient would attain a range of 0.2104-0.2249 for 
68% or 0.2037-0.2330 for 95% of the individual biomass equations, assuming the 
proportionality coefficient is normally distributed. The CB=2.38 (0.2457±0.0152) for temperate 
North American tree species is found within this range. For tropical tree species 
(0.2687±0.1078), it appears to be slightly overestimated. On the other side, the CB=2.67 (0.076-
0.180) values are a tone with the C coefficient (0.11) proposed by Ketterings et al. (2001) but 
both are underestimated when contrasting them with C range values proposed by the 
shape-dimensional analysis. The C coefficient value proposed by Ketterings et al. (2001) is 
dependent upon ρw since it was calculated as: C = ρw/a. From the shape-dimensional or the 
fractal analysis, C = a/ρw. New approaches on how to analyze biomass data will eventually 
elucidate the value of C and ah. One way to go is to analyze backwards biomass data to 
solve for C or by ah when applying the empirical conventional allometric model [1]. For 
example; when fitting the WBE model, the C coefficient could be evaluated by: C = 
M/(ρwD2.67) or when developing the semi-empirical model derived from the shape-
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dimensional analysis; ah = M/(av x ρwDd+HH*) and then C = (ah x av); or by evaluating C 
mathematically or iteratively until finding the right solution for each allometric biomass 
equation and then solving backwards for ah. This research would eventually find the right 
semi-empirical, non-destructive methodology for the simple estimation of the scalar 
coefficients that facilitate tree M assessments. The slenderness ah.parameter is related to the 
D/H relationship. However, further mathematical evidence is required to better calculate 
this parameter. 
Independent preliminary C coefficient estimates approximated by C = M/(ρwD2.38) or by C = 
M/(ρwDB) for several clusters of tree species are reported in Figure 7. The mean C coefficient 
values are 0.27 (0.09) and 0.25 (0.04) for the conventional and Návar (2010b) models and this 
preliminarily analysis demonstrate that these figures are also consistent with previously 
reported values for temperate (C = 0.2457±0.0152) and for tropical forests (C = 
0.2687±0.1078). Statistical differences are noted between clusters of species, with C values 
smaller in Cedar/Larch, Pine, and Fir/Hemlock than in Maple/Hickory or Douglas Fir. 
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Fig. 7. C coefficient values of the conventional and Návar (2010b) reduced models for eight 
groups of species. Mean and confidence bounds (p = 0.05) are also depicted. 
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D/H relationship. However, further mathematical evidence is required to better calculate 
this parameter. 
Independent preliminary C coefficient estimates approximated by C = M/(ρwD2.38) or by C = 
M/(ρwDB) for several clusters of tree species are reported in Figure 7. The mean C coefficient 
values are 0.27 (0.09) and 0.25 (0.04) for the conventional and Návar (2010b) models and this 
preliminarily analysis demonstrate that these figures are also consistent with previously 
reported values for temperate (C = 0.2457±0.0152) and for tropical forests (C = 
0.2687±0.1078). Statistical differences are noted between clusters of species, with C values 
smaller in Cedar/Larch, Pine, and Fir/Hemlock than in Maple/Hickory or Douglas Fir. 
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Fig. 7. C coefficient values of the conventional and Návar (2010b) reduced models for eight 
groups of species. Mean and confidence bounds (p = 0.05) are also depicted. 
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2.13 Calculating the entire tree specific gravity value 
Several recent allometric studies include the wood specific gravity value as an exogenous 
variable (Brown, 1997; Chavé et al., 2005; Návar, 2009a). The theoretical WBE model calls for 
the specific gravity value for the entire tree (West et al., 1999). The Návar (2010b) reduced 
semi-empirical model requires the wood specific gravity value to escalate the a-scalar 
intercept value.  The ρw values are conventionally measured and reported figures can be 
found in recently-reported compilations. There remains the question to be solved whether 
ρw = ρ. Therefore, further information is required on easy ways to estimate ρ. The physical 
assessment of a weighted ρ value for the entire tree is derived with model [23]: 

 b w br br l lM M M
M

ρ ρ ρ
ρ

+ +
=  (23) 

Where: Mbρw = bole mass x bole specific gravity; Mbrρbr = branch mass x branch specific 
gravity; Mlρl = leaf mass x leaf specific gravity; M = total aboveground biomass. 
The mean ρw value is difficult to assess, since it changes from the bark to the pith and from 
the bole base to the tip (Parolin, 2002). Miles and Smith (2009) compiled a comprehensive 
dataset containing standard specific gravity values for bole wood and bark for 156 North 
American tree species that can be preliminarily explored. Standard ρw value is measured at 
DBH. Therefore, this as well as any other data source requires a correction factor since ρw = 
f(H) (Silva-Arredondo and Návar-Cháidez, 2009). One approximation to solve for the 
change of ρw with H is mathematically described in model [24]: 
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Where: M = mass, V = volume, c = bark, h = hardwood, s = softwood, h = relative tree 
height, H = total tree height, d = relative diameter, D = diameter. 
Taper functions that relate bole diameter to relative bole tree height (d = f (h)) are available 
for most worldwide timber commercial tree species. Preliminary exploration of the bole 
wood and bark specific gravity data values reported by Miles and Smith (2009) show that 
they have similar specific gravity mean values (0.483 and 0.487) for all 156 North American 
tree species, although there are significant differences between these biomass components 
within each reported tree species. The scientific literature hardly reports leaf specific gravity 
values. However, leaf biomass accounts for by approximately 20% of the total aboveground 
biomass for 110 young trees of five species of northwestern USA (Delaney, 2007) and for 55 
young trees of five pine species of Durango, Mexico (Návar et al., 2004). This ratio would 
probably steadily diminish with tree age and this relationship is also needed for most tree 
species. 
Preliminary empirical evaluations of the entire tree basic specific gravity can be derived 
from the relationship between re-calculated a vs. (av x ah) or a vs. C with a slope describing 
ρ. Mathematically, ρ = M/(C x D2.38). These relationships are species specific and require 
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sufficient allometric data to obtain coefficients with minimum variance. Site features may 
also influence this statistical function. Therefore, additional studies are needed to further 
advancing the knowledge on simple ways to estimate ρ and C with the goal of developing 
improved non-destructive methods of M assessment. In the meantime bole wood specific 
gravity is an estimator of the entire tree specific gravity. 

3. Plot aboveground biomass assessments 
3.1 Introduction 
The application of allometric equations to forest inventory tree data is the standard 
methodology for the plot, stand M assessment since allometric equations that 
straightforward calculate plot aboveground biomass are hard to find. One equation for 
tropical dry forests of Jalisco, Mexico reported by Martínez-Yrizar et al. (1992) and a second 
one for semi-arid sub-tropical Tamaulipan thornscrub matorral of northeastern Mexico 
published by Návar et al. (2002b) were found in a brief scientific literature review. One 
major drawback of these equations is that they harvested all standing trees, including un-
inventoried trees (d < 7.5 cm) in small plots (5 m x 5 m). Both equations use basal area as 
independent variable and the second one draw on also mean stand H and tree diversity, S, 
as an index of the stand wood specific gravity variation. 
The conventional physics equation (model [19]) is an independent method for calculating 
tree and plot biomass. Commercial and research forest inventories conventionally report 
timber volume, V, at the plot scale. The entire tree specific gravity is at the present difficult 
to calculate with reported information, but an estimator can be used instead, the bole wood 
specific gravity, ρw, that is conventionally measured and reported in most wood technology 
studies. One shortcoming of this procedure is that branch volume is rarely integrated into 
bole volume estimates. On the other hand, Silva-Arredondo and Návar-Cháidez (2009) 
reported that the mean ρw value for trees should be taken at 0.22H for temperate trees of 
northern México when guidelines for ρw measurements recommend taking core samples at 
diameter at breast height, and therefore M estimates must use a correction factor to assess 
less biased M values. 
A second independent approach to evaluate plot M multiplies plot volume times a biomass 
expansion factor, BEF. The BEF values previously calculated by the ratio of M/V are 
available for several tree species and for several forests (Gracia et al., 2004; Lehtonen et al., 
2004; FAO, 2007; Návar-Cháidez, 2009; Silva-Arredondo and Návar, 2009). Whenever FEB, 
V and ρw data are available, M estimation procedures described above can be used as 
contrasting methods since they are partially independent methods of plot M assessment. 
Brown (1997) coupled these variables to come up with plot M density with the following 
equation: 

 wM ER BEFρ= ⋅ ⋅  (25) 

Where ER = stand timber volume (m3 ha-1); ρw = mean standard bole wood specific gravity 
for the tree species dominating the stand (Mg m-3); and BEF = biomass expansion factor 
(dimensionless). 
The BEF value of equation [25] is dimensionless and it only expands bole plot M to the 
entire aboveground tree biomass (boles, branches and leaves). Brown (1997) interpolated 
this equation for complex forests by weighting it for tree species or genera that constitute the 
forest. 
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The conventional BEF dimensional values reported in the recent scientific literature take the 
following form: 
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Preliminary analysis of BEF values point to the local calibration by mean stand H, D, age, 
density, etc. to be recommended as methods of plot M assessment (Brown, 2002; Gracia, 
2004; Lehtonen et al., 2005; Návar-Cháidez, 2009; Silva-Arredondo & Návar-Cháidez, 2009; 
Návar, 2010d). Therefore they are currently empirical factors of local use. The FAO (2007) 
compiled dimensional BEF figures for worldwide forests and they are shown in Table 2. 
 

 1 m3 of timber volume is equivalent to: 
Region/Sub-region Aboveground Biomass (Mg) Total tree biomass (Mg) 
Eastern Africa 2.3 2.9 
North Africa 2.1 2.7 
Western and Central Africa  1.3 1.7 
Africa 1.5 1.9 
Eastern Asia 0.7 0.9 
Southern Asia 1.4 1.8 
Western and Central Asia 0.9 1.1 
Asia 1.1 1.4 
Europe 0.7 0.8 
Caribbean Countries 2.0 2.6 
Central-America 1.4 1.8 
North America 1.0 1.1 
North and Central America 1.0 1.2 
Australia New Zealand 1.4 2.0 
South America 1.1 1.5 
World 1.0 1.3 

Total tree biomass = boles, branches, foliage and roots. 

Table 2. Biomass expansion factors to assess below and total standing stand aboveground 
biomass as a function of bole volume (Source: FAO, 2007) 

Reported BEF values are practical for regional aboveground and total tree biomass 
calculations. For specific, local biomass projects, regional BEF factors must be applied 
whenever they are available since they can vary notoriously from place to place by changes 
in the forest structure (Brown, 2002). 
Most studies that evaluate standard plot aboveground biomass use a single mathematical 
function, which is frequently the most popular, the one developed for worldwide studies, or 
the one locally developed, although there is a wide range of allometric equations available 
for regional and world-distributed forest communities (Brown et al., 1989; Brown, 1997; 
Chavé et al., 2001; 2003; 2005; Ketterings et al., 2001; Návar et al., 2004; Návar, 2009a,b). 
Therefore, when contrasting plot M estimates with different allometric equations or 
methods, they will always show variations. 
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3.2 Contrasting plot M assessments  
Research studies that contrast plot M estimates by different allometric models or different 
methods of estimation are scarce in the scientific literature. Figure 2 exemplifies the large 
variation expected when evaluating tree M for tropical rainforest, tropical dry forests, as 
well as for the hybrid IAN 710 Hevea brasiliensis trees. Figure 4 also shows large differences 
in M evaluations for similar tree species. Therefore, the selection of an allometric model is 
the most important source of uncertainty when assessing plot M (Chavé et al., 2004; Návar 
et al., 2010). 
Several other uncertainty sources can be expected when computing tree and consequently plot 
M. The allometric equation has an intrinsic error given by the standard deviation of the tree M 
estimate that is related to the number, diversity and diameter structure of sampled trees for 
biomass allometry. The second, and probably the most important, arises when an off-site 
equation is applied to forests with different tree diversity and diameter structure. This error 
source has not been evaluated since allometric equations are hardly validated and therefore it 
is preliminary assessed when several allometric equations estimate plot biomass using the 
same forest inventory dataset (Chavé et al., 2004). Three other types of uncertainties related to 
the forest inventory scheme are: the size and shape of sampling plots, the spatial distribution 
of sampling units in the forest, and tree measurements within sampling plots. 
Large variations in tree and consequently in plot M evaluations make the biomass stock of 
most forest stands to remain poorly understood. For example, for mid and high latitude 
forests, Fang et al. (2006) reviewed the literature and noted that inventory-based forest M 
stocks documented for major countries fall within a narrow range of 72–112 Mg ha−1 with an 
overall area-weighted mean of 87.2 Mg ha−1. These estimates are 0.40 to 0.71 times smaller 
than those (122–216 Mg ha−1) computed in previous analysis. 
For structurally-complex tropical forests, the evaluation of plot M appears to have larger 
variability (Fearnside and Laurance, 2003; Houghton, 2005; Saatchi et al., 2007). Chavé et al. 
(2003) tested four different allometric equations (Chavé et al., 2001; Chambers et al., 2001; 
Brown et al., 1989 (1); Brown et al., 1989 (2)) for Panamanian tropical forests and mentioned 
that all four equations yielded comparable but statistically different plot M estimates. The 
variation among equations was 26% of the mean estimate. Houghton et al. (2001) tested 
seven different plot M estimates for the Brazilian Amazon forests and calculated a mean 
deviation of 20% but individual observations deviated 45% from the mean estimate. Araujo 
et al. (1999) harvested and weighed all standing tree biomass in a 0.2 ha area plot of the 
Brazilian Amazon forest. Of 14 different biomass equations applied to this dataset, 12 biased 
notoriously and only two provided suitable plot M assessments, within ± 0.6% of the 
weighted field biomass. 

3.3 An example of the application of tree allometry for the plot M assessment of 
Mexican tropical forests  
Návar et al. (2010) evaluated plot M by fitting nine different allometric equations for eight 
different Mexican tropical forests. Fitted functions are reported in Table 3. 
The conventional physics equation of volume times the wood specific gravity was also fitted. 
Results showed that several allometric equations predicted significantly different mean stand 
M estimates for all eight data sources (Figure 7). The mean deviation between allometric 
equations was 10.7 Mg ha-1 (62%) and uncertainties are a function of the forest aboveground 
biomass density (Sxe = 3.92M0.71; r2= 0.92;). Therefore the allometric equations consistently 
yielded larger mean standard errors for moist and wet than for dry tropical forests. 
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Researcher 
 

Tropical
Forest Equation 

Brown et al. (1989) Wet M=e(-2.409+0.952(ρwD2H) 
Brown (1997) Dry M=34.47-8.0671D+0.6589D2) 
Brown (1997) Moist M=e(-2.134+2.53*ln(D)) 
Martínez-Yrizar et al. (1992) Dry M=10**(-0.5352+Log10(BA)) 
Návar et al. (2010) Dry M=0.08479(ρw0.55255D2.2435H0.4773) 
Návar et al. (2010) Dry M=e(-2.409+0.952*Ln(D2H)) 
Návar (2010a) All M=(38.36*B-6.9045)D(B=d+hB*) 
Návar (2010b) All M=(-0.0094+0.2687ρw)D2.38 
Chavé et al., (2005) Dry M=0.112*(ρwD2H)0.916 
 Dry M=ρw*e(-0.667+1.784Ln(D)+0.207ln(D)2-0.028Ln(D)3 
Chavé et al., (2005) Moist M=0.0509*(ρwD2H) 
 Moist M=ρw*e(-1.49+2.148Ln(D)+0.207ln(D)2-0.028Ln(D)3 
Chavé et al., (2005) Wet M=0.0776(ρwD2H)0.94 
 Wet M=ρw*e(-1.24+1.98Ln(D)+0.207ln(D)2-0.028Ln(D)3 

Where: The non-destructive method proposed by Návar (2010a) uses the H-D and V=H,D (i.e., H = 
ahDB* and V = avDdHh) equations and an empirical equation to estimate a = 38.36B-0.6.9045; D = diameter at 
breast height, BA = basal area; ρw =wood specific gravity. 

Table 3. Allometric equations employed in aboveground biomass estimation for eight 
tropical forest communities of Mexico. 
Total aboveground biomass deviations for all tropical forests inventoried between either a) 
allometric equations or b) allometric and the physics equation were smallest when using the 
non-destructive model proposed by Návar (2010a). The equations of Brown (1997) for 
tropical dry forests and the equation of Návar (2010a) yielded consistent plot M estimates 
across allometric equations and methods. Deviations as large as 2.4 orders of magnitude 
were found; i.e. see for example stand M assessments by the Brown (1997) and the physics 
equation for moist forests or the non-destructive method II and the local equation developed 
by Návar (2009) for tropical dry forests. 

3.4 Future directions in stand M assessments  
The large deviations due to the application of allometric models or methods developed off 
site reveal that probabilistic plot M estimates are highly likely to be skewed by more than 
one and sometimes up to two orders of magnitude. In the absence of harvested trees in 
sampling stands for the development of local plot M allometry, the choice of tree biomass 
models must focus on those that consistently result in similar plot M estimates and with the 
least deviation to the physics equation. Whenever it is possible, a mean estimate across 
allometric equations that do not notoriously deviate between them would probabilistically 
deliver a better plot M assessment. However further research is required on this issue for 
several complex forests before it is recommended to improve precision of plot M 
assessments. 

3.5 The need for the development of plot allometry  
In future plot allometry studies, research must center on harvesting all inventory trees from 
plots under, for example, by shifting cultivation, the opening of roads, or other forest 
disturbances. Weighting all biomass, collecting samples for fresh and dry weights and  
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Fig. 8. Mean and confidence interval aboveground biomass estimates for two tropical forests 
calculated by different allometric equations for eight tropical forest communities of Mexico. 
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Fig. 8. Mean and confidence interval aboveground biomass estimates for two tropical forests 
calculated by different allometric equations for eight tropical forest communities of Mexico. 
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calculating all stand M. The application of local or worldwide-developed tree allometry 
must be the first step to calculate stand M. In case these techniques do not provide a good 
fit, new tree and plot M equations should be developed that can be escalated up and down 
from tree levels to plot or stand scales. 
Other alternatives that expand local allometry to plot scales could be the combination of 
restrictive in the number of harvested trees (Zianis & Mencuccini, 2004) and non-destructive 
(West et al., 1997; Návar, 2010a; 2010b) methods with local tree or plot allometry. Whenever 
local allometric equations are not available, coupling available empirical equations, restrictive 
models and semi-empirical non-destructive methods for inventoried datasets and choosing an 
average of those that consistently produce similar plot M evaluations could improve stand M 
precision, according to the Central Limit Theorem. However there are a few of such studies 
reported in the scientific literature that discus this issue. 

4 Biomass assessments at regional scales 
4.1 Introduction 
Tree or plot M assessments are extrapolated over larger spatial scales to evaluate forest, 
regional or national aboveground biomass, AGB. Houghton et al. (2001) classify techniques 
available in the interpolation procedure as: a) field measurements, b) environmental gradients 
and c) remote sensing techniques. Field measurements are common approaches and they are 
mathematically just the multiplication of the mean plot M estimate times the area of each 
forest type (Schroeder et al., 1997; Houghton et al., 1992; Brown, 2002). Commercial and 
research forest inventories or a combination of both field data collection sources provide 
information for the AGB estimation for each forest class. This approach is time-consuming, 
labor intensive, expensive, and difficult to implement, especially in remote areas and it cannot 
provide the spatial distribution of AGB biomass for large areas because the error involved 
increases with the forest area. The major assumption is that a good sampling scheme 
represents the forest class under research. The error can be evaluated by multiplying the 
standard deviation, the standard deviation as a percentage of the mean, percent error, or the 
confidence interval over the forest area. The simple field method can increase precision by 
augmenting the spatial resolution of each forest type combined with the application of 
improved sampling schemes. AGB assessments augment precision when this method is 
applied for compact forest classes such as old-growth forests and forests plantations. 
The environmental gradient method should be the recommended technique when there are 
systematic plot M changes over large forest areas. So far, annual rainfall has proved to be 
the best predictor variable for Amazonian rainforests (Saatchi et al., 2007) as well as for 
Mexican tropical forests (Návar et al., 2010c). In general, non-linear models account for by 
between 50 to 60% of the total stand M variation and they are constrained to attain a final 
steady constant M value indicating that highest M figures do not have further increments 
with additional annual rainfall. However, for seasonal or dry forests the relationship is 
almost linear stressing the importance of the moisture available in places with ample light 
and radiation (Malhi et al., 2006). In this case, the integration of the non linear equation 
relating stand M to annual rainfall multiplied by the area evaluates AGB. This relationship 
can de discretized at different spatial resolutions by calculating forest areas with similar 
annual rainfall that are, in general, areas with the same altitude above sea level. The error 
involved in this relationship is associated with the standard error of this relationship which 
is also multiplied by the same area. 
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Remote sensing techniques are currently indirect methods of AGB assessments. Remote 
sensing based methods for AGB assessments are classified as: a) fine spatial resolution 
(aerial photographs, IKONOS), b) medium spatial resolution data (Landsat, Spot, 
TM/ETM+), c) coarse spatial resolution data (AVHRR, IRS-IC, WiFS), d) methods based on 
radar data (Radar, Lidar) (Lu, 2006). Tree M can be better computed when using fine spatial 
resolution methods as well as radar data. Stand M is better evaluated when the image 
spatial resolution is from medium to coarse. Remote sensing is also the standard 
methodology used to classify forests according to vegetation types, and/or cover classes 
(Houghton et al., 2000; 2001; Saatchi et al., 2007) and takes advantage of the high correlations 
between spectral signatures, vegetation parameters, transformed images, and image 
textures to evaluate AGB using field measurements or environmental methods (Lu, 2006). 
Interpolation techniques are classified as: multiple regression analysis, nonparametric k-
nearest neighbor technique, neural networks, or through indirect relationships between 
remotely sensed forest attributes and biomass (Popescu et al., 2003; Zheng et al., 2004). 
Satellite data may eventually be developed to straightforward estimate AGB, but neither 
optical nor radar data have yielded consistent results in forests with moderate to high 
biomass (Nelson et al., 2000). Optical and radar data saturate with canopy closure or at 
relatively low levels of biomass, respectively (Rignot et al. 1997; Nelson et al. 2000). A 
promising new approach is the use of lidar, which yields a measure of tree height that is 
related to biomass (Means et al. 1999). Recent 3D models with lidar suggest that the data are 
highly correlated with aboveground biomass in coniferous forests of northwestern USA 
(Lefsky et al., 1999a; Means et al., 1999) as well as in deciduous forests of eastern USA 
(Lefsky et al. 1999b). A NASA satellite equipped with a lidar designed to measure tree 
heights, biomass, and topography, the Vegetation Canopy Lidar (VCL), is currently taking 
information and a new tree height world wide map is already on the NASA homepage. 

4.2 Uncertainties of AGB evaluations  
The variety of remote sensed data, spatial resolutions, tree and forest attributes, and 
interpolation techniques make AGB assessments variable. Therefore, the largest AGB 
uncertainty over large regions results from the extrapolation technique used. Houghton et 
al. (2001) evaluated seven different M interpolation methods (three field measurements, two 
methods based on environmental gradients and two methods using remote sensing 
techniques) with different spatial resolutions for the Brazilian Amazon forests. As a result, 
AGB estimates deviate by more than one order of magnitude, from 80 to 190 Pg and models 
also differed on the spatial AGB distribution (Houghton et al., 2001). Although most 
research has been conducted for tropical forests, Houghton et al. (2001; 2003; 2005); Jenkins 
et al. (2003); and Pacala et al. (2001) pointed out that forest biomass for the mid-and high 
latitudes in the Northern Hemisphere is also uncertain due to error in the estimation of tree 
and plot biomass and its increment. For instance, biomass estimates of Russian forests 
varied from 112.0 Pg to 140.4 Pg by different authors (Alexeyev et al., 1995; Isaev et al., 1995) 
although the same forest data sources but different methods were used. 

4.3 An example of AGB assessment for Mexican tropical forests and contrasting 
results  
For Mexican tropical forests, Návar et al. (2010c) contrasted two field measurements (red 
and blue bars), one environmental gradient (green bar), and one Forest Inventory Analysis 
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(FIA) to assess AGB. In addition, AGB estimates reported by De Jong et al. (2008); Houghton 
et al. (1999) and De Fries et al. (2002); Brown (1997) and Achard et al. (2004); and IPCC 
(2006) integrated a contrast analysis. Návar (2010c) calculated that AGB assessments vary 
between 1.54 with the FIA to 3.00 Pg with the improved spatial resolution analysis. Other 
evaluations ranged from 3.84 to 4.34 Pg (Figure 9), which are larger than AGB assessments 
conducted by the author of this report. 
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Fig. 9. Mean aboveground biomass estimates for Mexican tropical forests calculated by 
different methods of interpolation (Red = rain, green = dry deciduous, purple = moist 
deciduous, and blue = moist evergreen forests). Návar-Cháidez (2009) reported biomass 
expansion factors, BEF, for dry tropical forests of Sinaloa, Mexico as 1.46 (0.022) that are 
quite consistent with the BEF values reported by FAO (2007) for Latin American tropical 
forests. Using the total standing volume value calculated in the Mexican Forest Inventory of 
2004-2006, AGB biomass expands to 1.54 (0.023) Pg. 

The FIA estimate was 2.8 orders of magnitude smaller than the AGB estimate made by IPCC 
(2006). Assuming all these eight AGB statistics yield a mean of 3.26 Pg, deviations as large as 
1.72 Pg (52.76%) are found between methods of M interpolation at the regional scale with a 
mean absolute deviation of 0.82 Pg (25% of the mean value). 

4.4 Future directions in regional AGB evaluations  
The application of a single interpolation methodology from tree or plot M to larger spatial 
scales is also highly likely to skew regional AGB figures. Therefore, there is an urgent need 
for combining available methods of AGB computation to understand the magnitude and 
sources of variation. Future studies must focus on using at least a second independent 
interpolation approach and an average estimate and its deviation should be reported. 
However, I am tempted to recommend the coupling of all three current methodologies of 
AGB calculation. These are: field techniques, collected in most forest inventory studies; 
develop relationships between environmental variables (annual precipitation, 
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evapotranspiration, water and energy balance, Bowen ratio, etc.) and plot M stock estimates 
and fluxes that are calculated with proved allometric studies; with forests classified by field 
and remote sensing techniques in several classes and gradients within classes. Although the 
combination of these techniques requires high expenditure of resources, a diversity of 
professional skills, and improved current technologies, more precise AGB approximations 
would be expected that may eventually reduce costs of regional biomass assessments. A 
single, independent approach could be to develop tree data (diameter and canopy height) 
with LIDAR techniques; use empirical, locally-derived volume and canopy height equations 
(v=f(D,H); H=f(D)) to be fitted to the semi-empirical shape-dimensional, nondestructive 
model to evaluate tree M at the spatial scale of interest. This is a matter of future studies. 

5. Conclusions 
Many tree species and worldwide forests do not have updated local allometry. They call for 
the development and application of local allometry. However, there are a great number of 
allometric equations reported for worldwide species with a major emphasis on temperate 
North American and European tree species. Available equations can be classified by the 
way equation parameters are estimated as empirical, theoretical and semi-empirical non 
destructive methods of tree M assessment. Empirical models commonly calculate statistical 
coefficients by least square techniques in linear, log-linear, non-linear, multiple linear and 
non-linear, seemingly unrelated linear and non-linear and exponential mathematical 
formats where diameter at breast height or basal diameter, top height, canopy area and 
wood specific gravity are independent variables that individually or in combination explain 
tree M of harvested trees. Conventional mathematical allometric models have intrinsic 
variations larger than 20% of the tree M but new empirical equations that contain H and ρw 
as independent variables, in addition to the conventional normal diameter, are improving 
tree M evaluations since the intrinsic error has been reduced to 16%. Theoretical and semi-
empirical non-destructive methods are in the early stages of development and require 
further testing and refinement although they can be preliminarily recommended as non-
destructive approaches of tree and stand M computation. In spite of the wealth on biomass 
allometry for several trees and forests, conventional plot M evaluations exhibit variations as 
large as two orders of magnitude when contrasting on and off-site equations. One potential 
procedure to reduce uncertainty is combining the conventional empirical, semi-empirical 
non-destructive, and restrictive methods to improve precision when computing tree and 
plot M for forests that do not convey local biomass allometry. However, research on 
understanding variations by coupling these methods are lacking elsewhere. There is a 
variety of interpolation techniques of tree or plot M to forests, regional and national scales 
but they display variations close to three orders of magnitude when assessing AGB stocks. 
Coupling tree allometry with FIA evaluations, environmental gradient analysis and remote 
sensing techniques may reduce this variation in future AGB studies. Modern remote tree 
data collection techniques (LIDAR) combined with empirical, locally-derived functions to 
estimate timber volume as a function of diameter and canopy height and canopy height as a 
function of diameter plugged into the non-destructive semi-empirical, shape-dimensional 
analysis model could improve AGB evaluations at the spatial scale of interest. 
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1. Introduction 
Accurately quantifying forest biomass is of crucial importance for climate change studies 
and forest conservation. By quantifying the amount of above and belowground biomass and 
consequently carbon stored in forest ecosystems, we are able to derive estimates of carbon 
sequestration, emission and storage and help close the carbon budget.   
Mangrove forests, in addition to providing habitat and nursery grounds for over 1300 
animal species, are also an important sink of biomass. Although they only constitute about 
3% of the total forested area globally, their carbon storage capacity-in forested biomass and 
soil carbon- is greater than that of tropical forests (Alongi, 2002; Lucas et al, 2007). In 
addition, the amount of mangrove carbon- in the form of litter and leaves- exported into 
offshore areas is immense, resulting in over 10% of the ocean’s dissolved organic carbon 
originating from mangroves (Dittmar et al, 2006).  
The measurement of forest aboveground biomass is carried out on two major scales: on the 
plot scale, biomass is measured from field measurements, allometric equation derivation 
and measurements of forest plots. On the larger scale, the field data are used to calibrate 
remotely sensed data to obtain stand-wide or even regional estimates of biomass. Currently, 
biomass can be calculated using average stand biomass values and optical data, such as 
aerial photography or satellite images (Landsat, MODIS, IKONOS, etc.). More recent studies 
have concentrated on deriving forest biomass values using radar (JERS, SIR-C, SRTM, 
Airsar) and/or Lidar (ICEsat/GLAS, LVIS) active remote sensing to retrieve more accurate 
and detailed measurements of forest biomass. The implementation of a generation of new 
active sensors, such as UAVSAR and ALOS/PALSAR has prompted the development of 
new techniques of biomass estimation that use the combination of multiple sensors and 
datasets, to quantify past, current and future biomass stocks.  
Focusing on mangrove forest biomass estimation, this book chapter has 3 main objectives:  
1. To describe in detail the field methodologies used to derive accurate estimates of 

biomass in mangrove forests. 
2. To explain how mangrove forest biomass can be measured using several remote 

sensing techniques and datasets. 
3. To describe the measurement challenges and errors that arise in estimates of forest 

biomass. 
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2. Methodology 
2.1 Measurement of biomass in the field  
a. Deriving allometric equations of mangrove trees 
To calculate the biomass of an entire forest stand, the biomass (or weight) of individual trees 
in the must be calculated and summed. There are three main methods used to calculate 
stand biomass:  
The harvest method is a technique where all of the trees in are felled, cut into sections and 
components (such as trunk, bark, leaves, branches), dried and subsequently weighed. This 
method is very labor intensive when dealing with trees that weigh several tons (Brown, 
1997; Komiyama et al., 2005, 2008) and cannot be reproduced on a large scale because all of 
the trees within a set area have to be felled.  
The ‘mean tree method’ consists in the weighing of one (or several) trees considered to be 
average, and extrapolating the biomass to that of the entire stand. This method can only be 
used in plantations or other stands with trees of a homogeneous size. 
The most common method of stand biomass retrieval is using allometric equations. The 
allometric equations are derived from selective sampling of trees that are representative of 
the size-classes found in a forest. These equations then estimate the whole or partial weight 
of the trees relative to the tree metrics, such as diameter at breast height (DBH) and tree 
height. These equations have to be both site and species-specific, as even within-species 
biomass allocation can vary greatly depending on the location.  
Allometry implies that the size and growth rate of one part of a living organism is 
proportional to the size and growth rate of another. In the case of trees, allometric equations 
correlate tree diameter with height, leaf biomass, root biomass, branch biomass, etc. 
Allometric equations to estimate biomass and growth of mangroves have been developed 
for several decades. These equations are available and applicable for all of the structural 
forms of mangroves including dwarf trees (Ross et al., 2001) single–stemmed, and multi-
stemmed tree forms (Komiyama et al, 2008, Clough et al., 1997; Dahdouh-Guebas and 
Koedam, 2006). In their paper on mangrove allometry, Komiyama et al. (2008) describe the 
current state of knowledge on mangrove biomass and productivity equations based on 72 
published studies in great detail. In their 1993 paper, Saenger and Snedaker also reviewed 
43 aboveground biomass equations of mangroves worldwide, to derive a single, global 
height-biomass and height-productivity equation. Studies by Soares and Schaeffer-Novelli, 
Ong et al. (2004) and Comley and McGuiness (2005) describe the available species and site-
specific equations extensively. As opposed to the site and species specific equations, Chave 
et al. (2005) and Komiyama et al. (2005) have proposed the use of common allometric 
equations that are not dependent on either site or species.  These equations are dependend 
on wood density, the static model of plant form and the Shinozaki pipe model (Shinozaki et 
al., 1964; Oohata and Shinozaki, 1979).  These common equations are of the form:  
Komiyama et al., 2005: 

AGB = 0.251ρDBH 2.46 r2 = 0.98, with n = 104, Dmax = 49 cm, Relative error between 
3.99 % and 30.1 % (1)

Chave et al., 2005: 

AGB = ρ x exp [-1.39 + 1.980ln(DBH) + 0.207(ln(DBH))2 – 0.02081(ln(DBH))3]; standard 
error of 19.5 %   (2)
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2. Methodology 
2.1 Measurement of biomass in the field  
a. Deriving allometric equations of mangrove trees 
To calculate the biomass of an entire forest stand, the biomass (or weight) of individual trees 
in the must be calculated and summed. There are three main methods used to calculate 
stand biomass:  
The harvest method is a technique where all of the trees in are felled, cut into sections and 
components (such as trunk, bark, leaves, branches), dried and subsequently weighed. This 
method is very labor intensive when dealing with trees that weigh several tons (Brown, 
1997; Komiyama et al., 2005, 2008) and cannot be reproduced on a large scale because all of 
the trees within a set area have to be felled.  
The ‘mean tree method’ consists in the weighing of one (or several) trees considered to be 
average, and extrapolating the biomass to that of the entire stand. This method can only be 
used in plantations or other stands with trees of a homogeneous size. 
The most common method of stand biomass retrieval is using allometric equations. The 
allometric equations are derived from selective sampling of trees that are representative of 
the size-classes found in a forest. These equations then estimate the whole or partial weight 
of the trees relative to the tree metrics, such as diameter at breast height (DBH) and tree 
height. These equations have to be both site and species-specific, as even within-species 
biomass allocation can vary greatly depending on the location.  
Allometry implies that the size and growth rate of one part of a living organism is 
proportional to the size and growth rate of another. In the case of trees, allometric equations 
correlate tree diameter with height, leaf biomass, root biomass, branch biomass, etc. 
Allometric equations to estimate biomass and growth of mangroves have been developed 
for several decades. These equations are available and applicable for all of the structural 
forms of mangroves including dwarf trees (Ross et al., 2001) single–stemmed, and multi-
stemmed tree forms (Komiyama et al, 2008, Clough et al., 1997; Dahdouh-Guebas and 
Koedam, 2006). In their paper on mangrove allometry, Komiyama et al. (2008) describe the 
current state of knowledge on mangrove biomass and productivity equations based on 72 
published studies in great detail. In their 1993 paper, Saenger and Snedaker also reviewed 
43 aboveground biomass equations of mangroves worldwide, to derive a single, global 
height-biomass and height-productivity equation. Studies by Soares and Schaeffer-Novelli, 
Ong et al. (2004) and Comley and McGuiness (2005) describe the available species and site-
specific equations extensively. As opposed to the site and species specific equations, Chave 
et al. (2005) and Komiyama et al. (2005) have proposed the use of common allometric 
equations that are not dependent on either site or species.  These equations are dependend 
on wood density, the static model of plant form and the Shinozaki pipe model (Shinozaki et 
al., 1964; Oohata and Shinozaki, 1979).  These common equations are of the form:  
Komiyama et al., 2005: 

AGB = 0.251ρDBH 2.46 r2 = 0.98, with n = 104, Dmax = 49 cm, Relative error between 
3.99 % and 30.1 % (1)

Chave et al., 2005: 

AGB = ρ x exp [-1.39 + 1.980ln(DBH) + 0.207(ln(DBH))2 – 0.02081(ln(DBH))3]; standard 
error of 19.5 %   (2)

Remote Characterization Of Biomass Measurements: Case Study Of Mangrove Forests   

 

67 

or 

AGB = exp (-2.977 +ln (ρDBH2H)) = 0.0509 x ρDBH2H; standard error of 12.5 % with 
n = 84, Dmax = 50 cm   (3)

Where AGB is Aboveground biomass, ρ is wood density, (available at 
http://www.worldagroforestry.org/sea/Products/AFDbases/WD/index.htm), DBH is 
diameter at breast height and H is height of the tree. Figure 1 shows the allometric equations 
developed by Chave et al. (2005) and Komiyama et al (2008) for Avicennia marina mangrove 
trees.  
When comparing the common equations to site and species specific equations, Komiyama et 
al. (2008) found that the average error was within 10%, thereby showing that wood density 
may be a more important factor in the determination of biomass than site or species.  
 

 
Fig. 1. Allometric equations developed by Chave et al (2005) and Komiyama (2008) for 
Avicennia marina trees. This plot shows the strong correlation between the two equations 
that are based on wood density. 

b. Field Plots 
The plot measurement method is the most common in situ approach to deriving stand level 
biomass. The philosophy behind this approach is that a representative sample of forest can 
intensively and non-destructively measured and then scaled up to derive forest-wide 
values. To begin with, an appropriate number of plots must be determined based upon the 
total size of the stand. Additionally, the plots must be located within the entire range of 
topography to capture as much local variation within the ecosystem as possible. One way to 
achieve a representative sampling of forest is to divide the forest into a grid and then 
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establish and measure the same number of plots per grid square. The size of the grid would 
be determined by the total number of hectares that the study forest occupies. 
Once the method for establishing study plots is decided upon, the size and shape of the 
study plot can be determined. Plots can be small in diameter and circular in shape, or large 
and rectangular depending on the amount of field records needed. Within each plot, GPS 
location should be recorded along with qualitative boundary descriptions to indicate 
location, canopy gap effects, proximity to water and other geographical variation.  These 
qualitative descriptions can be useful in re-locating plots for additional study, and they can 
provide insight into explaining any drastic variation in biomass from stand-out plots.  It is 
not uncommon to remove the 5% outlying plots with respect to biomass before scaling up 
plot data to arrive a forest-wide value.  
After location data has been recorded, measurement of the trees in the plot can begin.  From 
plot center, basal area and percent canopy cover is recorded. For all trees greater than a 
certain threshold (often 5cm) in diameter at breast height (DBH) the following is recorded: 
species identification, DBH; distance and direction from plot center, height of the tree. Trees 
with buttresses, aerial roots or similar features that preclude the measurement at breast 
height are measured just above the obstacle.  Split trunk trees are treated as two trees if the 
split is below breast height and one tree if the split is above breast height. All regeneration 
5cm- at breast height and smaller present in the plot is counted and the species are listed.  
c. Wood density measurements  
One of the largest challenges posed to the scientific community in understanding rainforest 
dynamics worldwide is the ability to accurately measure and analyze tree growth in an 
evergreen hardwood ecosystem.  Few datasets exist on life histories of mangrove trees, as 
the ability to utilize dendrochronology techniques common to temperate forests is 
diminished by the absence of temperature driven seasonality in the tropics. In response to 
the need to understand how tree species in tropical forests worldwide grow, forest 
ecologists have developed alternative tools such as wood density analysis and cambial 
pinning techniques to measure mangrove tree species growth rates.  Wood density has been 
determined to be an important physical characteristic of wood and it is related to other 
wood properties, including: resistance, porosity, and the number, size, and chemical 
composition of the cells (Noguiera et al 2005).  In the tropics, wood density has been shown 
to relate to a tree’s resistance to physical impacts caused by wind or strong tides to relative 
growth rate and mortality (Muller-Landau, 2004).  
Density is measured and reported in a number of ways.  Most commonly, wood density is 
measured from the wet and dry weights of small wood samples taken with an increment 
borer.  The density is typically reported as the unit-less ratio. For tree biomass estimate 
derivation from forest volume data the appropriate density measurement is called ‘basic 
density’ or ‘basic specific gravity’, and is calculated as oven-dry weight divided by wet 
volume (Fearnside, 1997).  The wet volume is achieved through soaking to saturation in the 
laboratory after sampling.  This is because trees in a forest vary in moisture content depending 
on water availability, seasonal variation, competition and other physiological stress factors.   
In order to sample for wood density, 12 mm increment borers are used to extract a small 
cylindrical sample that does not harm the sampled tree. Two samples are taken 
perpendicular to each other at or around 140 cm above the ground. Care must be taken 
when using an increment borer to core straight into the tree toward the pith, though only a 
4-5cm sample is needed for density measurement.  If the ratio of sapwood to heartwood is 
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known for a given tree species, a further degree of accuracy can be achieved by coring to the 
pith and measuring sapwood and heartwood density separately. For most tropical tree 
species however, this ratio is unknown and therefore only one wood sample from each core 
(two per tree) need be obtained. Following extraction of wood samples, diameter and height 
of sampled trees will also need to be measured to calculate biomass.  When in situ wood 
extraction has been completed, samples are soaked overnight in distilled water in a 
laboratory. Wet weights are measured to the nearest one thousandth milligram.  Wood 
samples are then dried in an 80oC oven for 24 hours and dry weights are measured on the 
same scale. 

2.2 Measurement of biomass from optical remote sensing 
a. Using extent as a proxy for biomass 
Optical or passive remote sensing uses visible and near-infrared reflectance from the earth 
to form images. This type of remote sensing data forms the basis for much of current global 
scale vegetation mapping due to the large number of sensors such as Landsat, MODIS, 
ASTER, IKONOS, etc., the greater ease of image interpretation and increasing numbers of 
freely available data archives. Google Earth TM software for example, is based on a 
combination of optical remote sensing observations from MODIS, Landsat, Quickbird and in 
some instances aerial photography. Optical measurements have been widely used in studies 
that link AGB measurements from the field to satellite observations. The main challenge 
with optical data is the presence of persistent cloud cover, particularly in tropical regions, 
which make the use of optical data difficult.  
The simplest approach to derive biomass from this type of data is to derive landcover or 
forest type using the optical data, then assign a value to each landcover type (in the case of 
mangroves these types could be determined by zonation, canopy shape, average density per 
pixel).  To calculate biomass, the total area of each landcover type is then multiplied by the 
value. While this is the simplest method to estimate AGB, it does not take into account 
variations of structure and the error is great when looking at very large or very 
heterogeneous forests (Goetz et al, 2009).  
b. Using NDVI as a proxy for biomass productivity  
A variety of vegetation indices have been developed for retrieving vegetation structure from 
optical remote sensing. The most common way to estimate mangrove biomass is with the 
Normalized Difference Vegetation Index (NDVI) (Li et al 2007; Mather, 1999; Foody et al. 
2001). The index is based on the characteristics that vegetation has noticeable absorption in 
the red and very strong reflectance in the near infrared (NIR). The formula used to calculate 
NDVI is (Mather, 1999):  

 NIR redNDVI
NIR red

−
=

+
 (4) 

Different types of vegetation often show distinctive variability from one another due to such 
parameters as leaf shape, spacing of the plants, water content, and soil background. The use 
of NDVI has major drawbacks relating to biomass estimation - in addition to the problem 
arising from clouds, it has the problem of signal saturation at lower biomasses because of 
the shorter wavelengths that interact only with the canopy and do not take into account any 
effect of the trunk (Sader et al. 1989, Foody et al. 1996). Because the trunk is the main 
component of tree biomass, it is often underestimated. While the index has been shown to 
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be effective in retrieving biophysical variables of temperate, low biomass vegetation (Foody 
et al. 2001), it has proven difficult to use in tropical rainforests and mangroves. According Li 
et al (2007), the NDVI can measure coastal area biomass with R= 0.626 and RMSE = 0.99 kg 
m-2. However they found that using the optical data only significantly underestimated the 
biomass of some woody mangrove forests (e.g. Sonneratia apetala) because the NDVI reflects 
canopy properties rather than the trunk properties that are crucial for accurate biomass 
retrieval. 

2.3 Measurement of biomass using active remote sensing 
a. Polarimetric  SAR 
Synthetic Aperture Radar (SAR) uses microwaves emitted by an instrument and reflected by 
the earth to form an image. Polarized microwave signals can be horizontally (H) or 
vertically (V) transmitted and received, resulting in co (HH and VV) and cross (HV or VH) 
polarized data. In Polarimetric systems, the backscatter coefficient σ0 (sigma nought in 
decibels dB) and phase can be derived for each polarization.   
The backscatter coefficient of a forest canopy depends upon the interaction of microwaves 
with leaves, branches, trunks, and in the case of mangroves – aboveground roots. More 
specifically, the polarization, frequency and incidence angle of the microwaves and the size, 
density, orientation and dielectric constant of the vegetation components affect this 
backscatter coefficient σ0 (Lucas et al. 2007). Longer wavelenths (L- and P- band) are able to 
penetrate the canopy and are scattered by larger components, such as the trunk and the 
ground and thereby increase the returned signal. Shorter wavelengths interact with leaves 
and twigs resulting in a larger amount of signal absorbed and less signal return.  
Scattering refers to the interaction of microwaves with different surfaces and can range from 
direct scattering (mirror-like, when only one reflection occurs) to diffuse scattering (multiple 
reflections at different angles). In mangroves, the radar signature or backscattering 
coefficient can vary greatly depending on mangrove type and structure. In particular, 
increases in backscatter can be the result of: 
• high surface roughness resulting from aboveground roots and large amount of dead 

wood material during low tides and dry season. 
• double bounce effect resulting from scattering from tree trunks to the ground/water 

and back or scattering from the ground/water  to tree trunks and back (MacDonald, 
1980; Krohn et al, 1983; Imhoff, 1995; Simard et al 2002). This increases the 
backscattering coefficient beyond the saturation level (Mougin et al 1999; Proisy et al, 
2002). 

In forests, including mangroves, there is a positive relationship between measured 
backscattering coefficients σ0 and the aboveground biomass. However this relationship only 
exists up to a threshold biomass value after which the backscattering coefficient saturates. 
The threshold is dependent on the polarization and wavelength of the radar signal. In 
mangroves, P-band frequency and HV polarization has been found to have the highest 
sensitivity to biomass, with a saturation level of 160 Mg ha -1, followed by L – HV  (140 
Mg/ha) and C-HV (70 Mg/ha) (Mougin, 1999; Proisy, 2002, Lucas, 2007).  
The Japanese Aerospace Exploration Agency (JAXA) PALSAR (Phased Array L-Band 
Synthetic Aperture Radar) instrument on board the ALOS (ALOS (Advanced Land 
Observing Satellite)) platform is a fully polarimetric L-band SAR. The ALOS satellite was 
launched in 2006 and some preliminary studies have shown the use of L-band data to 
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estimate forest biomass and structure (Lucas, 2007). The Kyoto and Carbon (K&C) Initiative 
initiated by the Earth Observation Research and Applications Center (EORC) in 2000 
(Rosenqvist et al. 2003) has developed and validated products derived from the PALSAR 
sensor to address land cover (forest) mapping, forest change mapping and biomass and 
structure estimations (Lowry et al, 2010). These products are freely available at 
http://www.eorc.jaxa.jp/ALOS/en/kc_mosaic/kc_mosaic.htm.  
Because mangrove aboveground biomass often exceeds the threshold of 140 Mg/ha that is 
measurable using backscatter alone, other techniques, where tree height is measured instead 
of biomass directly, are often more appropriate. To derive tree height, two different types of 
active sensors- Radar and Lidar- can be used alone, or in combination, to increase the area of 
coverage. 
 
 
 
 
 
 

 
 
 
 
 

Fig. 2. Allometric equation relating the DBH to tree height in Avicennia marina trees. The 
equation relating DBH to height is ln(height) = 0.47*DBH +0.21, with an R2 of 0.79. 
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b. Interferometric SAR 
Forest structure (in terms of height and density) is a direct measurement that can be used to 
derive biomass, especially in high biomass systems, such as mangroves. To measure tree 
height using radar data, a technique known as interferometric Synthetic Aperture Radar 
(InSAR) is used (Graham, 1974). InSAR estimates the tree height by using interference 
patterns between two radar signals in order to derive terrain height. To derive biomass, the 
tree height is directly correlated to DBH (figure 2) and biomass through site-specific 
allometric equations or regional to global equations such as the one derived by Saenger and 
Snedaker (1993).  
To quantify forest structure and make estimations of biomass in mangroves, the Digital 
Elevation Model (DEM) derived from the Shuttle Radar Topography Mission (SRTM) has 
proven most successful. In 2006 and 2008, Simard et al. used the SRTM DEM in combination 
with field validation data and Lidar to estimate mangrove forest 3-D structure and 
aboveground biomass. Fatoyinbo et al. (2008) used the combination of field data, Landsat 
and SRTM data to derive mangrove height, extent and aboveground biomass storage for 
Mozambique. The use of InSAR data, such as the SRTM DEM (or any other interferometric 
SAR dataset) to derive tree height is based on the principle that the radar signal measures 
the height at some depth in the tree canopy. In the case of C-band data, such as SRTM, the 
microwave signal penetrates the canopy and measures height at some depth within. X-band 
signals do not penetrate as deeply and measure height at a more shallow depth, whereas P- 
and L-band penetrate the canopy completely and measure deeper in the canopy than C 
band. Therefore, in order to measure the “true” height of the tree canopy, the DEM has to be 
calibrated by shifting the DEM height up to the “actual canopy height”. 
The height measurement that can be derived from InSAR data is the sum of the tree canopy 
height and the height of the ground. In forests where there is significant topography, the 
height of the ground has to be subtracted before calculating the height of the canopy. In 
mangroves however, the topography is negligible and the ground is considered flat, as these 
trees grow at sea level.  
To calibrate the InSAR data, “real” canopy height measurements, from field measurements 
or Lidar data have to be used. Lidar (Light Detection and Ranging) measures vegetation 
height at very high accuracy (up to millimeters) and is considered the most accurate and 
consistent measurement of vegetation structure because of its systematic measurements and 
because field-based measurements are often limited in amount and spatial distribution. The 
ICESat/GLAS (Geoscience Laser Altimeter System) sensor is a spaceborne waveform Lidar 
system, which continuously records the amplitude of the lidar pulse returned through the 
different layers of the forest canopy. This provides a measurement of the vertical structure 
of the forest. The GLAS footprint has an ellipsoid form with a diameter of approximately 
70m, and each footprint is separated by 172 m along track and 7.5 km between tracks (at the 
equator). Because the lidar only measures relatively few and small areas, it is generally used 
to calibrate other datasets. This data provides the best alternative for global canopy height 
calibration and is freely available from the National Snow and Ice Data Center 
(http://nsidc.org/data/icesat). An example of GLAS shots over the mangroves of the Niger 
Delta in Nigeria is presented in Figure 3 and in Figure 4 the mangrove height map of 
Nigeria and Cameroon derived from SRTM and GLAS is shown. 
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trees grow at sea level.  
To calibrate the InSAR data, “real” canopy height measurements, from field measurements 
or Lidar data have to be used. Lidar (Light Detection and Ranging) measures vegetation 
height at very high accuracy (up to millimeters) and is considered the most accurate and 
consistent measurement of vegetation structure because of its systematic measurements and 
because field-based measurements are often limited in amount and spatial distribution. The 
ICESat/GLAS (Geoscience Laser Altimeter System) sensor is a spaceborne waveform Lidar 
system, which continuously records the amplitude of the lidar pulse returned through the 
different layers of the forest canopy. This provides a measurement of the vertical structure 
of the forest. The GLAS footprint has an ellipsoid form with a diameter of approximately 
70m, and each footprint is separated by 172 m along track and 7.5 km between tracks (at the 
equator). Because the lidar only measures relatively few and small areas, it is generally used 
to calibrate other datasets. This data provides the best alternative for global canopy height 
calibration and is freely available from the National Snow and Ice Data Center 
(http://nsidc.org/data/icesat). An example of GLAS shots over the mangroves of the Niger 
Delta in Nigeria is presented in Figure 3 and in Figure 4 the mangrove height map of 
Nigeria and Cameroon derived from SRTM and GLAS is shown. 
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Fig. 3. Example of the available GLAS footprints available over the mangrove forests in the 
Niger Delta. The GLAS footprints are shown in red, mangrove forests in bright green, the 
ocean in blue and other landcover in black. 
 

 
Fig. 4. Height map of mangrove forest in Nigeria and Cameroon derived from SRTM and 
GLAS. 
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2.4 Biomass measurement error 
There are several types of error that can arise and need to be considered when working with 
remote sensing data to estimate biomass: For optical remote sensing, classification errors 
due to omissions and commissions, and clouds are the most prevalent. In Fatoyinbo et al 
(2008), we found that the Landsat-derived mangrove map did have a high accuracy of 93%, 
however, there was still some misclassification of mangrove areas as nonmangrove and vice 
versa, with 3.6% commissions and 10.6% omissions. For active remote sensing, a systematic 
error can be introduced from sensor error and there is also a certain amount of random error 
due to biases in measurements. Additional error is introduced by the utilization of different 
datasets: each dataset has a different resolution and was taken at a different time, which 

 results in differences in measurement. Geolocation errors are introduced when using 
radar/lidar fusion of datasets in addition to error introduced due to the differing interaction 
of the radar and lidar signal with the canopy, soil and water in mangrove forests. 
When using InSAR, Lidar and/or field data to estimate mangrove structure, there is also the 
possibility of geolocation error between the data. For example both SRTM and ICESat have 
mean geolocation errors of better than 20 m and 2.4 m +/- 7.4 m respectively (Carabajal, 
2005). The error in geolocation can result in large differences in height measurements, which 
increases the total error. Furthermore, the natural variability of canopy height and structure  
 

 
Fig. 5. Illustration of the differences in measurement carried out by SRTM and GLAS 
instruments. 
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within a forest increases possible measurement errors between the two datastets. This is 
compounded by the natural variability of canopy height within a forest. Therefore, if the 
trees measured by each method are not exactly the same, the differences between the height 
measurements and therefore the error of the measurement can be high. The differences in 
physical parameters measured by radar and lidar, in addition to differences in resolution 
also increase the height and biomass estimation error. In their 2006 study in the Florida 
Everglades, Simard et al. were able to calculate mean tree height within 2.0 m RMSE and 
Fatoyinbo et al. (2008) were able to estimate mean tree height within 1.6 m RMSE. Although 
this RMSE is very good when looking at forests at a whole, this methodology is not 
applicable to very short forests as the error can in this case be larger than the actual tree 
height. The combinations of sources of error are illustrated in figure 5. 
Finally, when estimating the actual biomass of the mangroves from tree height, a large error 
can be introduced. The global height- biomass equation developed by Saenger and Snedaker 
(1993) for example, has a root mean square error of 65.4 Mg/ha due to the large variability 
of methodologies used to derive biomass in the dataset. Because the equation is applicable 
globally, it does not take into account local variations in species composition, height and 
biomass, thereby introducing potential error into the biomass estimate.  

3. Conclusions  
Measurement of aboveground biomass in forest ecosystems, including mangroves, is 
important for Carbon storage and cycling studies, mitigation of climate change and 
management of natural resources. In recent years, accurately quantifying biomass and 
carbon storage has become increasingly important for financial mechanisms of carbon 
emission mitigation such as Reduced Emissions from Deforestation and Degradation 
(REDD). In particular the UNFCCC and IPCC are pushing for increased large scale forest 
monitoring and development of carbon assessment methodologies. In this chapter, we 
highlight how field and remote sensing data can be used to estimate mangrove forest 
biomass. In particular, we concentrate on field measurement techniques and the application 
of active remote sensing using radar and lidar to better estimate mangrove height and  
biomass. While estimates of mangrove biomass have been achieved, even on a large scale, 
using different field and remote sensing techniques, challenges still remain. In particular, 
the potentially large error introduced by the combination of multiple datasets is a challenge 
when trying to estimate biomass with a low error. We therefore look forward to future 
satellite missions where radar and lidar data will be recorded simultaneously, such as the 
proposed NASA DesDynI mission. 
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1. Introduction  
Biomass concentration in a biotechnological process is one of the states that characterize a 
bioprocess. Moreover, it is generally the main direct or indirectly desired product. It is well 
known that the biomass concentration is not normally measured online because this 
measurement is not possible or this is economically unprofitable. Therefore, for control 
purposes it is necessary to replace the unavailable biomass concentration measurements 
with reliable and robust online estimations. To this aim, several states observers can be 
found in the literature. A review of commonly used techniques can be found in (Bastin & 
Dochain, 1990; Dochain, 2003) and references therein. Observers can be coarsely divided 
into two broad classes: first principles or phenomenological estimators and empirical 
estimators. The phenomenological estimators can be also subdivided into classical observers 
and asymptotic observers. Classical observers include extended Kalman filter (EKF), 
extended Luenberger observer, high gain observer, nonlinear observers, and full horizon 
observer. In this class of estimators, a detailed knowledge of the reaction kinetics and 
associated transport phenomena are required to represent the balance equations. Modeling 
the biological kinetics reactions is a difficult and time-consuming task, and therefore the 
model used by the estimators could differ significantly from reality. This is the main 
disadvantage of these phenomenological estimators, i.e., their efficiency strongly relies on 
the model quality. Asymptotic observers are based on the idea that uncertainty in 
bioprocess models lies in the process kinetics models. The design of these observers is based 
on a state transformation performed to provide a model which is independent of the 
kinetics. A potential drawback of the asymptotic observers is that the rate of convergence is 
completely determined by the operating conditions, i.e., the rate of convergence can be very 
slow or the observer may not converge. Empirical estimators are based on constructing 
appropriate nonlinear models of biotechnological processes exclusively from the process 
input–output data without considering the functional or phenomenological relations 
between the bioprocess variables. 
However, the conventional empirical modeling approach is based on the knowledge of the 
structure (functional form) of the data-fitting model (in advance). This is a difficult task 
since it involves the heuristic selection of an appropriate nonlinear model structure from 
numerous alternatives.  
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For the machine learning community, the data-based modeling of the biomass concentration 
from a finite number of noisy samples (the training dataset) is a supervised learning 
problem. From this area, in recent years, the artificial neural network methodology has 
become one of the most important techniques applied to biomass estimation, e.g. (Leal, 2001; 
Li, 2003; Amicarelli et al., 2006) and references therein. Neal’s work on Bayesian learning for 
neural networks (Neal, 1996) shows that many Bayesian regression models based on neural 
networks converge to a class of probability distributions known as Gaussian Processes 
according as the number of hidden neurons tends to infinity. Furthermore, Neal argued that 
in the Bayesian approach for real-world complex problems, neural network models should 
not be limited to nets containing only a small number of hidden units. Neal’s observation 
motivates the idea of replacing parameterized neural networks and work directly with 
Gaussian Process models for the high-dimensional applications to which neural networks 
are typically applied (Neal, 1997). 
This Chapter addresses the problem of the biomass estimation in a batch biotechnological 
process: the Bacillus thuringiensis (Bt) δ-endotoxins production process, and presents 
different alternatives that can be successfully used in this sense. The development of the 
Chapter includes the design of various biomass estimators, namely:  a phenomenological 
biomass estimator, a standard EKF biomass estimator, a biomass estimator based on ANN, a 
decentralized Kalman Filter and a biomass concentration estimator based on Bayesian 
regression with Gaussian Process.  
Finally, conclusions about the estimators are presented and the results show the techniques 
for the Bacillus thuringiensis δ-endotoxins production process on the basis of experimental 
data from a set of various fermentations. 

2. Bacillus thuringiensis δ-endotoxins production process 
2.1 Bioprocess description 
In the last years, due to environmental reasons the interest in biological agents for their use 
in ecological insecticides (bioinsecticides) has notably increased. Bacillus thuringiensis is one 
of the microorganisms most frequently studied as toxin producer. Bt is an aerobic spore -
former bacterium which, during the sporulation; also produces insecticidal crystal proteins 
known as δ-endotoxins. It has two stages on its life span: a first stage characterized by its 
vegetative growth, and a second stage named sporulation phase. When the vegetative 
growth finalizes, the beginning of the sporulation phase is induced when the mean 
exhaustion point has been reached. Normally the sporulation is accompanied by the δ-
endotoxin synthesis. After the sporulation, the process is completed with the cellular wall 
rupture (cellular lysis), and the consequent liberation of spores and crystals to the culture 
medium (Starzak & Bajpai, 1991; Aronson, 1993, Liu & Tzeng, 2000). 
This research has been conducted with the same process and fermentation conditions as the 
work of Atehortúa et al. (2007). The microorganisms used in this work were Bacillus 
thuringiensis serovar. kurstaki strain 172-0451 isolated in  Colombia and stored in the culture 
collection of Biotechnology and Biological Control Unit (CIB), (Vallejo et al., 1999). The 
medium (CIB-1) contained: MnSO4.H2O (0.03 g.L-1), CaCl2.2H20 (0.041 g.L-1), KH2PO4 (0.5 
g.L-1), K2HPO4 (0.5 g.L-1), (NH4)2SO4 (1 g.L-1), yeast extract (8 g.L-1), MgSO4.7H2O (4 g.L-1) 
and glucose (8 g.L-1). Growth experiments of the fermentation process with Bacillus 
thuringiensis were performed in a reactor with a nominal volume of 20 liters (Fig.1).  The 
fermentations were developed with an effective volume of 11 liters of cultivation medium, 
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and glucose (8 g.L-1). Growth experiments of the fermentation process with Bacillus 
thuringiensis were performed in a reactor with a nominal volume of 20 liters (Fig.1).  The 
fermentations were developed with an effective volume of 11 liters of cultivation medium, 
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and they were inoculated to 10% (v/v) with the microorganism Bt culture. The inoculum 
added consisted of a vegetative phase culture: 5 mL spore suspension with 1 · 107 UFC/mL 
(stored at –20 °C) was used to inoculate a 500 mL flask containing 100 mL of CIB-1, and 
incubated with shaking at 250 rpm at 30 °C during 13 h. Fifty milliliters of this culture were 
aseptically transferred to each one of two 2 L flasks containing 500 mL of CIB-1 and 
incubated as above for 5 h. The pH medium was adjusted to 7.0 with KOH before its heat 
sterilization. Culture conditions at harvest are typified by 90% free spores and δ-endotoxins 
crystals.  
 

 
Fig. 1. Fermentation pilot plant scheme.  

The temperature was maintained around 30 ºC by using an ON/OFF control; whereas the 
pH was fixed between 6.5 and 8.5. The air flow was set up at 1320 [L.h-1] and the agitation 
speed at 400 rpm. Manometric pressure in the reactor was set at 41,368 Pa using a pressure 
controller. Temperature, pH, dissolved oxygen, and glucose concentration were registered 
by a data acquisition system using an Advantech® PCL card. Dissolved oxygen was 
measured by a polarographic oxygen sensor InPro 6000 (Mettler Toledo, Switzerland), and 
glucose concentration was determined with a rapid off-line measurement method through a 
glucose analyzer (YSI 2700). 
 The reagents concentrations used for the pH control and foam formation were nitric acid 
(5N), potassium hydroxide (2N) and defoamer (33% v/v). Cell growth was determined as 
dry cell weight (Dry cell weight (DCW, g /L) = (final weight - initial weight)/(volume of 
microbial suspension filtered). The foam formation was avoided by manually aggregating a 
defoamer. 
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Bacillus thuringiensis δ-endotoxins production is an aerobic operation, i.e., the cells require 
oxygen as a substrate to achieve cell growth and product formation (Ghribi et al., 2007). 

2.2 Bioprocess model 
The phenomenological estimator and the standard EKF presented in this Chapter are based 
on the phenomenological model presented in this Section, i.e. the model is necessary for its 
design. As pointed out in the introductory Section, the EKF is a classical nonlinear state 
estimator, and it’s implemented for comparison purposes with the phenomenological 
biomass concentration estimator. 
A first principle based model for Bt δ-endotoxins production process consists of a set of 
differential and algebraic equations (DAE system) in the continuous-time case, and a set of 
difference and algebraic equations in the discrete-time case. A simple phenomenological 
model was proposed by Rivera et al., (1999), a modification to the Rivera model was given 
by Atehortúa et al., (2006, 2007). Afterwards, Amicarelli et al. (2006, 2010) improved the 
model process adding the dissolved oxygen (DO) dynamics due to its importance in the 
biomass estimation problem and the posterior process control. The following state-space 
model is a discrete-time version of the continuous-time counterpart developed by 
Amicarelli et al. (2010). 

 

( )
( )
( )
( )

( )( ) ( )
( ) ( )

( ) ( )

( ) ( ) ( )( )

μ(k) - k (k) - k (k) Ts + 1 X kvs e
k (k)X k Ts + X kX k + 1 vs sv

X k + 1s μ(k)= - + m X k Ts + S kvsS k + 1 Yx/sDO k + 1
*(K - K Ts) X(k) - K X k + 1 + DO k + K Q Ts DO - DO k1 2 1 3 A

⎡ ⎤
⎢ ⎥

⎡ ⎤ ⎢ ⎥
⎢ ⎥ ⎢ ⎥⎛ ⎞⎢ ⎥ ⎢ ⎥⎜ ⎟⎢ ⎥ ⎢ ⎥⎜ ⎟⎢ ⎥ ⎢ ⎥⎝ ⎠⎢ ⎥⎣ ⎦ ⎢ ⎥

⎢ ⎥
⎣ ⎦

 (1)  

Where Xv  is the vegetative cell concentration, Xs  the sporulated cell concentration,  
X = X + Xv s  is the total cell concentration ( X(k + 1) = ( ) ( )μ(k) - k (k) TsX k + X(k)e v ), S  is 
the limiting substrate concentration and DO is the dissolved oxygen concentration. 
The following algebraic equations define the specific growth speed μ (model based on 
Monod equation for each limiting nutrient S and DO), the spore formation rate kS, and the 
death cell specific rate ke. 

 
( ) ( )

⎛ ⎞
⎜ ⎟⎜ ⎟
⎝ ⎠O

S(k) DO(k)
μ(k) = μmax K + S(k) K + DO(k)s

 (2) 

 ( )
⎛ ⎞⎛ ⎞ ⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠

1 1k k = k - ks smax smaxGs(S(k)- Ps) Gs(S - Ps)initial1+e 1+e
 (3) 

 ( ) 1 1k k = k - ke emax emaxGe(Tsk - Pe) Ge(t - Pe)initial1+e 1+e

⎛ ⎞⎛ ⎞ ⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟
⎜ ⎟⎜ ⎟⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠

 (4) 
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The complete notation and model parameter’s values are presented in Tables 1 and 2. 
 

Symbol Description 

S  Limiting substrate concentration ⎡ ⎤
⎣ ⎦

-1g. L  

Ts  Sampling time [ ]h  

Xs  Sporulated cells concentration ⎡ ⎤
⎣ ⎦

-1g. L  

Xv  Vegetative cells concentration ⎡ ⎤
⎣ ⎦

-1g. L  

μ  Specific growth rate ⎡ ⎤⎣ ⎦
-1h  

μmax  Maximum specific growth rate ⎡ ⎤⎣ ⎦
-1h  

ms  Maintenance constant 
1−⎡ ⎤⎡ ⎤⎢ ⎥⎣ ⎦⎣ ⎦

-1g substrate. g cells.h  

ks  Kinetic constant representing the spore formation ⎡ ⎤⎣ ⎦
-1h  

ke  Death cell specific rate  ⎡ ⎤⎣ ⎦
-1h  

YX/S
 Growth yield ⎡ ⎤

⎣ ⎦
-1g cells.g substrate  

Ks  Substrate saturation constant ⎡ ⎤
⎣ ⎦

-1g. L  

OK  Oxygen saturation constant ⎡ ⎤
⎣ ⎦

-1g. L  

K1  Oxygen consumption constant by growth (dimensionless) 

K2  Oxygen consumption constant for maintenance 1
h
−⎡ ⎤⎣ ⎦  

K3  Ventilation constant ⎡ ⎤
⎣ ⎦

-1L  

*DO  

O2 saturation concentration (DO concentration in equilibrium with the oxygen 

partial pressure of the gaseous phase) ⎡ ⎤
⎣ ⎦

-1g. L  

QA  Air flow that enters the bioreactor ⎡ ⎤
⎣ ⎦

-1L. h  

Table 1. Phenomenological model variables. 
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Four batch cultures with different initial glucose concentration (8, 21, 32 and 40 g.L-1) were 
carried out to generate experimental data for model validation and parameters tuning. In 
this context, four parameter sets guarantee a representative covering of an intermittent fed 
batch culture (IFBC) with total cell retention (TCR) in the operation space according to the 
work of Atehortúa et al. (2007), see Table 2.  
Maximum glucose concentration in the medium (Smax) was used as the switching criteria 
among the estimated batch parameter sets. 
 

    maxS <10 g.L-1 10g.L-1< maxS <20 g.L-1 20g.L-1< maxS <32g.L-1 maxS >32 g.L-1 

μmax
-1[h ]  0.8  0.7  0.65  0.58  

Yx/s ]-1[g. g  0.7  0.58  0.37  0.5  

Ks
-1[g. L ]  0.5  2  3  4  

Ko
-1[g. L ]  -41 × 10  -41 × 10  -41 × 10  -41 × 10  

ms

⎡ ⎤⎡ ⎤⎢ ⎥⎣ ⎦⎣ ⎦

-1-1g. g.h  
-35 × 10  -35 × 10  -35 × 10  -35 × 10  

ksmax -1[h ]  0.5  0.5  0.5  0.5  

Gs ⎡ ⎤
⎣ ⎦

-1-1g.L  1  1  1  1  

Ps -1[g.L ]  1  1  1  1  

kemax -1[h ]  0.1  0.1  0.1  0.1  

Ge -1[h ]  5  5  5  5  

Pe [h]  4  4.7  4.9  6  

K1 dimensionless -49.725 × 10  -34.502 × 10  -33.795 × 10  -31.597 × 10  

K2
-1[h ]  -41.589 × 10  

-30.046 × 10  
-30.729 × 10  

-30.561 × 10  

K3
-1[L ]  -44.636 × 10  

-30.337 × 10  
-32.114 × 10  

-31.045 × 10  

Ts [h]  0.1  0.1  0.1  0.1  

Table 2. Model parameters for the intermittent fed batch culture with total cell retention of 
Bacillus thuringiensis serovar. Kurstaki.   

3. Biomass concentration estimators design. 
The duration of the batch fermentation is limited and depends on the initial conditions of 
the microorganism culture. All the fermentations used in this work were initialized with the 
same inoculate and different substrate concentration conditions (Atehortúa et al, 2007). 
When the medium is inoculated, the biomass concentration increases at expense of the 
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nutrients, and the fermentation concludes when the glucose that limits its growth was 
consumed, or when 90% or more of cellular lysis is presented. After that, the latency period 
was removed (the bioprocess dead time is not considered), and the duration of each 
experiment is approximately 16 hours in this case. 
The collected data from the fermentations is a set of concentrations measurements of 
dissolved oxygen (DO), primary substrate (S), and biomass (X) which have been sampled at 
different speed, 10 samples per hour for the concentrations of dissolved oxygen and glucose 
and 1 per hour for the biomass concentration, that was quantified by cell dry weight 
method. Practically, DO could be continuously measured whereas S can be measured up to 
20 times per hour. From the bandwidth estimation of system signals by using Fourier 
frequency analysis, the sampling time Ts = 1/10 hours  has been selected for dissolved 
oxygen and substrate measurements (di Sciascio & Amicarelli, 2008; Amicarelli, 2009). 
In order to design biomass estimators for the Bacillus thuringiensis δ-endotoxins production 
process, it is proposed a two-stage method (di Sciascio & Amicarelli, 2008). In the first stage, 
the biomass concentrations data set is completed to have the same size as the dissolved 
oxygen concentration and primary substrate (glucose) concentration data sets. For this  
missing data problem (Little & Rubin, 2002), it was considered a Bayesian Gaussian Process 
Regression as an imputation strategy for filling the missing values. In the second stage, 
different biomass estimators are designed.  

3.1 First stage design for all estimators- filling the biomass missing data 
For the theory of Bayesian Regression Framework and Gaussian Process see Appendix C. 
Suppose that we have a noisy training data set D which consists of m pairs of n-dimensional 
input vectors {xi} (regression vector) joined in a n×m matrix X, and m scalar noisy observed 
outputs {yi} collected in a vector y. 

 ( ){ } { }D = x , y i = 1,L,m = X, yi i  (5) 

In order to construct a probabilistic statistical model for D, the following data-generating 
process is assumed: 

 ( )y = f x + εi i i  (6) 

where the latent real-valued function f is the deterministic or systematic component of the 
model, and the additive random term ε  is the observation error. The aim of regression is to 
identify the systematic component f  from the empirical observations D. 
In this section, the biomass concentration data vector is completed with virtual filtered 
measurements to have the same size as dissolved oxygen and substrate data vectors. This is 
a missing data problem, and the Gaussian Process Regression will be used as imputation 
method for filling the missing values (note that this task in a deterministic framework which 
can be viewed as a curve-fitting or interpolation problem).  
For all experimental fermentations, the data-generating model for biomass concentration is: 

 ˆX(tk) = X(tk) + ε(tk)  (7) 



 Biomass 

 

86 

The training data set D consists of 18 pairs of time inputs { }t = tk = { }1,...,18  (in hours), and 

noisy biomass measurements outputs { }X = X =k { }X(t ),...,X(t )1 18 . The latent functions 

{ }ˆ ˆX = X =k { }ˆ ˆX(t ),...,X(t )1 18  are the estimated biomass concentrations. 

The expression “Gaussian Process Regression Model” refers to the use of a Gaussian Process 
as a prior on f. This means that every finite-dimensional marginal joint distributions of 
function values f  associated to any input subset of X is multivariate Gaussian. 

 ( ) ( ) ( )( )p f X ,θ = N m X ,K X,θP P  (8) 

A Gaussian Process is fully specified by a mean function Tm(X) = [m(x ), L ,m(x )]m1  and a 

positive-definite covariance matrix K(X, θP), and it can be viewed as a generalization of the 
multivariate Gaussian distribution to infinite dimensional objects. Choosing a particular 
form of covariance function, the hyperparameters θP may be introduced to the Gaussian 
Process prior. Depending on the actual form of the covariance function K(X, θP) the 
hyperparameters θP can control various aspects of the Gaussian Process.   
In this work, the elements of the parameterized covariance matrix, C(X, θP, σ2), are denoted 
Cij = C(xi, xj),  and they are functions of the training input data X , because these data 
determine the correlation between the training data outputs y . A suitable parametric form 
of the covariance function is: 

 
( )2(l) (l)x - xn ni j1 (l) (l)Cij = θ + θ exp - + θ δ(i, j) + α x x0 1 2 i jl2l=1 l=12 rl

∑ ∑

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

 (9) 

where (l)xi  is the thl  dimension of the input vector, xi .  
From the training data D , and by means of a conjugate gradient routine #θ = 5   
hyperparameters, and the matrix C  are determined recursively through: 

 Tlogθ = [logθ , logθ , logr ,.. , logr ,logθ , logα ,.. , logα ]0 1 1 n 2 1 n  (10) 

and 

 
∂ ∂ ∂ ∂

∂ ∂ ∂ ∂

⎧
⎪⎪
⎨ ⎛ ⎞
⎪ ⎜ ⎟
⎪ ⎝ ⎠⎩

1 1 m-1TL = - log C - y C y - log 2π + log p(θ) + c
2 2 2

L 1 C 1 C log p(θ)-1 -1T -1= - trace C + y C C y +
θ 2 θ 2 θ θi i i i

 (11) 

Afterwards, at different times, t = 0.1, 0.2, ..., 17.9, 18*  by (12) 
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( )ˆ

ˆ

2 T -1f =E f D, x , K, σ = k C y* * * *
2 T -1σ = k - k C k** * *f*

 (12) 

the latent functions X̂ =*  { }X̂ =*  { }X̂(t )*  and the variance ˆ
2σ
X*

 are estimated. The 

expression “virtual filtered measurements” refers to the latent functions X̂* , because the 

additive normal noise ε  has been removed (filtered) from the “virtual measurement”  X*  
in the data-generating model (7).  Figure 2 gives an example of completion of biomass 
missing data for two fermentations (Fermentation 1, and Fermentation 2). 
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Fig. 2. Example of completion of biomass missing data for Fermentation 1 and Fermentation 
2. The crosses being the biomass concentration measurements (training data), the small 
circles represent the biomass estimated (virtual filtered biomass measurements), and the 
grey region depicts the 95% confidence interval for the estimations (±2 standard deviations) 
(from di Sciascio & Amicarelli, 2008). 

3.2 Phenomenological observer 
In order to design a biomass phenomenological estimator, the dissolved oxygen balance 
from the nonlinear state-space model (1) presented before is employed in this Section  

 ( )1X(k) = K - K Ts X (k - 1) -DO(k)+DO(k - 1)+ K Q Ts DO*-DO(k-1)1 2 3 AK1
⎡ ⎤⎣ ⎦

⎡ ⎤
⎣ ⎦  (13) 

From (13) it can be inferred that online, the total biomass concentration can be estimated with 
experimental data of dissolved oxygen concentration (DO) and with biomass past values (X(k-
1)) for the current estimation. The remaining constants and parameters are known for this 
estimator. As the biomass is normally measured using an offline method, in this case the dry 



 Biomass 

 

88 

weight method, the mentioned past values are not available for online estimation at the instant 
k. For this reason, it is not realistic to use the biomass measurements obtained by dry weight 
method and consequently, for online biomass estimation the values provided from the 
phenomenological model (1), X(k - 1) = Xv(k - 1) + Xs(k - 1)  were used. Figure 3 shows the 
model structure for the phenomenological biomass estimator. 
 

Bioprocess

Phenomenological
Estimator

Experimental DO measurements

Xs(k) model  (sporulated cells)
Xv(k) model (vegetative cells)

X(k+1)

Total biomass estimated

 
Fig. 3. Simulated output model structure for the phenomenological biomass estimator.  
Figure 4 shows the phenomenological estimation results. This observer can approximate the 
biomass concentration better than the first model proposed by Atehortúa et al. (2007).  
This is because, this estimator includes the dissolved oxygen consumption for growth and 
maintenance of the microorganism on its structure and through the experimental data of 
dissolved oxygen available online (Fig.3). In Fig 5. it can be seen the dissolved oxygen 
percentages time evolution for both fermentations. 
Moreover, Fig. 4 shows satisfactory results and a correct behavior of the phenomenological 
estimator for two different fermentations. Estimated biomass follows closely the real 
biomass measurements. Similar results can be obtained for almost all fermentations. It can 
be noted that this performance is achieved by a phenomenological observer derived from 
the dissolved oxygen model available for this process. It is important to remark that the 
estimator involves in its structure the original model of vegetative and sporulated cells, 
whereas the consideration of the dissolved oxygen influence on the microorganism 
concentration improves the biomass estimation performance. It is important to remark that 
when the DO influence is not significant, the biomass estimation achieved with the model 
without the dissolved oxygen dynamics and the phenomenological estimator are 
comparable (show Fermentation 1 in Fig.4.). However, for those cases in which the DO 
approaches critical values (see Fermentation 2 in Fig. 4), the phenomenological observer 
gives better estimations (Fermentation 2). 
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Fig. 4. Biomass estimator performance. The dash-dot line describes the behavior of biomass 
when considering the model (1); the solid line depicts the phenomenological estimator 
behavior based on DO dynamics; and the real biomass measurements are represented by 
small circles.  
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Fig. 5. Dissolved Oxygen experimental data. The solid line describes the Dissolved Oxygen 
behavior for the Fermentation 1; the dash-dot line depicts the Dissolved Oxygen behavior 
for the Fermentation 2 and the dotted line corresponds to the percentage of Dissolved 
Oxygen for the critical Dissolved Oxygen concentration for this process.   
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3.3 EKF standard estimator 
Kalman filters are a widely useful tool used in biomass estimation due to its convergence 
and reliability properties. The estimation achieved from Kalman filters depends on the 
process model accuracy as well as on the available state measurements. The suitability of 
this estimation method can be concluded for the Bt fermentation process. Furthermore, this 
Section proposes a biomass concentration estimator for the mentioned biotechnological 
batch process through an Extended Kalman Filter (EKF) implementation.  
The underlying theory of the EKF is largely known in the literature devoted to filtering, 
estimation, and control; see, for example, the classic books by Jazwinski (1970), Anderson & 
Moore (1979), or most recently, the book by Simon (2006). Therefore, in this work only brief 
explanations of the specific EKF implementation are given. In the EKF framework, the state 
transition and observation models are nonlinear differentiable states functions. 
State transition model:  

 x(k + 1) = f(x(k), u(k), k) + w(k)  (13) 

Measurements model:   

 y(k) = h(x(k), k) + v(k)  (14) 

Where f(×,×)  is the state transition function; h(×,×)  is the measurement function; x(k) is 
the system state vector with initial condition x(0) ~ N(x , Q )0 0  (as is usual in statistical 
literature the symbol (~) means "distributed according to"); u(k)  is the input or control 
vector; y(k)  is the observation vector; w(k)  is a discrete-time normal white noise process 
(process noise)  with null mean and covariance matrix Q , i.e., w(k) ~ N(0, Q) ; and v(k)  is a 
discrete-time normal white noise process (measurements noise) with null mean and 
covariance matrix R , i.e., v(k) ~ N(0, R) . The initial condition x(0) , and the sequences w(k) , 
and  v(k)  are uncorrelated for all time shifts. 
In our case the nominal State transition model (without the process noise w(k) ) is obtained 
by introducing (2), (3) and (4) in (1). 

 x(k + 1) = f(x(k), k)  (15) 

The system state vector is T
V Sx(k) = [X (k) X (k) S(k) DO(k)] , the input vector is u(k) = 0  

(the bioprocess has no external input), and the bioprocess outputs (observation vector) is 
Ty(k) = [S(k) DO(k)]  (Fig.7). The experimental dissolved oxygen percentages and substrate 

concentration data employed are shown in Fig. 5 and 6. 
 
The measurement model is linear in the states: 

 y(k) = H x(k)  (16) 

where ⎡ ⎤
⎢ ⎥⎣ ⎦

0 0 1 0
H =

0 0 0 1
 

Taking into account the scales of the outputs, a balanced linear combination of  S(k)  and 
DO(k)  can be considered as an alternative measurement model. 
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Fig. 6. Substrate Concentration experimental data. The solid line describes the Substrate 
Concentration for the Fermentation 1 and the dash-dot line depicts the Substrate 
Concentration for the Fermentation 2.   
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Fig. 7. Simulated output model structure for EKF biomass estimator.  

 y'(k) = H'x(k) = αS(k) +βDO(k)  (17) 

In this measurement model H' = [0 0 α β]  
where: 
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α = DOmax/(S max + DOmax)              β = S max/(Smax + DOmax)  

The next step is to obtain the Jacobian matrices 
∂

∂

f(x(k), k)

x
, and 

∂

∂

h(x(k), k)

x
 evaluated at 

x̂(k-1 k - 1) . 
 

 

ˆ

ˆ ˆ

ˆ ˆ

∂

∂

∂ ∂

∂ ∂

∂ ∂

∂ ∂

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

f(x(k), k)
A(k) =

x x(k-1 k-1)

f (x(k), k) f (x(k), k)1 1
x x1 4x(k-1 k-1) x(k-1 k-1)

A(k) =

f (x(k), k) f (x(k), k)4 4
x x1 4x(k-1 k-1) x(k-1 k-1)

...

. . .

...

 (18) 

 

 
ˆ ˆ

∂ ∂

∂ ∂

h(x(k), k) H x(k))
H(k) = = = H

x xx(k k-1) x(k k-1)
 (19)        

 
The entries of the matrix ( )kA  and the EKF algorithm can be seen in Appendix A.  
Finally, initializing the elements of the matrices P, Q and R, we have all the components of 
the EKF algorithm (see Table 3 in Appendix A). In order to obtain the best possible fit of the 
EKF to the experimental data, the elements of the matrices Q and R are empirically adjusted 
by simulations. Figure 8 shows results for two different fermentations. It is performed a 
comparison between this estimator and the phenomenological observer based on dissolved 
oxygen dynamics (DO) previously presented. The aim of this investigation is to remark the 
relevance of the information used for both observers. 
It can be concluded that the performance of the standard EKF estimator is adequate. This of 
course does not mean that the performance of the EKF cannot be meaningfully enhanced by 
using a better model of the bioprocess or by some of the numerous improvements to the 
basic EKF scheme. In particular, different EKFs can be designed using a long list of 
engineering tricks: different coordinate systems; different factorizations of the covariance 
matrix; combinations of all of the above, as well as other bells and whistles invented by 
engineers in the hope of improving higher order Taylor series corrections to the state vector 
EKF performance (Daum, 2005). 
The phenomenological estimator presents an adequate behavior, but their efficiency 
strongly relies on the model quality for this dissolved oxygen dynamics. It should be noticed 
that both estimators highlight the importance of the DO dynamics for this process. 
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Fig. 8. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained from the original model (1); the solid line depicts the EKF behavior, the dashed-
dotted line depicts the phenomenological estimator behavior based on DO dynamics; and 
the real biomass measurements are represented by small circles.   

3.4 ANN based estimator 
Through artificial neural networks (ANN) the empirical knowledge (set of measurements) 
that characterizes a phenomenon of interest can be adequately codified. Due to the high 
degree of parallelism, the high generalization capability and the possibility to use an 
architecture of multiple inputs and outputs, the ANNs can provide a satisfactory solution to 
the problems of models identification, variables estimation, pattern recognition, functions 
approximation, among others. ANNs have the ability to abstract automatically essential 
characteristics of the experimental data, and to generalize from the previous experience; this 
allows the identification of the model process at lower cost.   
Supervision and control techniques require optimizing the fermenter operation and the 
monitoring of all variables online is the best solution, since the methods offline delay the 
possibility of getting results and generally require more effort.  
The ANN employed in this work is a multilayer perceptron with a hidden layer of 30 
neurons and one output layer. For the training stage the Back Propagation algorithm 
(Haykin, 1999) was employed. The network was trained with data from a fermentation 
identified as “Fermentation 1” (See Fig. 9) and was generalized with other set of 
experimental data “Fermentation 2” (See Fig. 10). The activation functions of the hidden 
layer were hyperbolic tangent and a linear function for the output layer.  
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Fig. 9. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained by the ANN in the training stage and the real biomass measurements are 
represented by the solid line. The perceptual training error e= 0.16 %. 
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Fig. 10. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained from the ANN in the generalization stage and the real biomass measurements are 
represented by the solid line. The perceptual generalization error e= 0.25 %. 

3.5 Fusion through decentralized Kalman filter 
The aim of this Section is to obtain an optimal biomass value for the process of Bt. To do 
this, two measurements (estimates) sequences are considered: the biomass estimation 
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Fig. 10. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained from the ANN in the generalization stage and the real biomass measurements are 
represented by the solid line. The perceptual generalization error e= 0.25 %. 

3.5 Fusion through decentralized Kalman filter 
The aim of this Section is to obtain an optimal biomass value for the process of Bt. To do 
this, two measurements (estimates) sequences are considered: the biomass estimation 
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available from the phenomenological observer and the biomass estimation provided by the 
ANN-based observer. Assuming that the estimations are the optimum value for each 
sequence in time and the relationship between these values is given by: 

 i iOPT iX = X + v  (20)  

where iv  is a random variable with zero mean and covariance iR . In order to obtain an 
optimum value for biomass estimation, it was considered a decentralized Kalman filter 
(Brawn, 1997).  In a basic approach of the decentralized Kalman Filter, each local filter 
operates autonomously. Each local filter has its own set of measurements, and there is no 
sharing of measurements. Note that this is inherently a cascaded operation mode, because 
the outputs of one or more of the local filters are acting as inputs to the master filter. The 
local filters (one for each sequence of measurements), the master filter and the different 
variables involved can be appreciated in Fig. 11. 
 

 
Fig. 11. Fusion scheme through a Decentralized Kalman Filter.   

The mean and covariance for each sequence of measurements are calculated recursively 
according to: 

 ( )ˆ ˆ ˆi i i iX (k + 1) = X (k) + μ X (k) - X (k)  (21) 

 ( )ˆ⎛ ⎞
⎜ ⎟
⎝ ⎠

2i i i i iR = R +μ X - X - R  (21) 

where ˆ iX  is the average sequence value of iX and 0 < μ < 1  is a design constant. Then each 
sequence is individually filtered: 

 ( ) ( ) ( )-1 -1 -1i i iP = M + R  (23) 

 ( ) ( )⎡ ⎤
⎢ ⎥⎣ ⎦

-1 -1i.OPT i i i i iX = P m M + R Xv v  (24) 

Equation (23) provides the updated information matrix and Eq. (24) are the states estimated 
updates, M i and mi are the covariance error and the previous estimation values for the 
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measurements sequences X i respectively. All values are merged to obtain the optimum value 
of the estimated biomass. In Fig. 12 the results achieved with this approach can be observed. 

 ∑
⎡ ⎤⎛ ⎞
⎢ ⎥⎜ ⎟
⎢ ⎥⎜ ⎟

⎝ ⎠⎣ ⎦

i.OPT iXm mlX = P + -i iM i P M
 (25) 

 ( ) ( )∑
⎡ ⎤
⎢ ⎥
⎣ ⎦

-1 -1-1 -1 i iP = M + P - M
i

 (26) 

i iM = P  
i i.OPTm = X  
m = X  
M = P  

(27) 

 

0 5 10 15
0

2

4

6

8

10

12

14

16

Time [h]

Bi
om

as
s 

C
on

ce
nt

ra
tio

n 
[g

/l
]

Decentralized Kalman Filter Estimation

 

 

 
Fig. 12. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained from the phenomenological estimator and the dot line describes a biomass estimation 
obtained from the ANN. The solid line describes the biomass evolution obtained through the 
decentralized Kalman Filter. The real biomass measurements are represented by small circles.  

This architecture allows the complete autonomy of the local filters. The system achieves 
optimality in each individual local filter and global optimality in the primary filter.  

3.6 Estimator based on Bayesian Regression through Gaussian Process 
The first step in this design, is selecting the regressors, i.e., the components of the input 
vector x . This is a laborious task, and has been done heuristically, chosen from numerous 
alternatives. The best empirical results have been achieved with: 



 Biomass 

 

96 

measurements sequences X i respectively. All values are merged to obtain the optimum value 
of the estimated biomass. In Fig. 12 the results achieved with this approach can be observed. 

 ∑
⎡ ⎤⎛ ⎞
⎢ ⎥⎜ ⎟
⎢ ⎥⎜ ⎟

⎝ ⎠⎣ ⎦

i.OPT iXm mlX = P + -i iM i P M
 (25) 

 ( ) ( )∑
⎡ ⎤
⎢ ⎥
⎣ ⎦

-1 -1-1 -1 i iP = M + P - M
i

 (26) 

i iM = P  
i i.OPTm = X  
m = X  
M = P  

(27) 

 

0 5 10 15
0

2

4

6

8

10

12

14

16

Time [h]

Bi
om

as
s 

C
on

ce
nt

ra
tio

n 
[g

/l
]

Decentralized Kalman Filter Estimation

 

 

 
Fig. 12. Biomass estimator performance. The dashed line describes the biomass evolution 
obtained from the phenomenological estimator and the dot line describes a biomass estimation 
obtained from the ANN. The solid line describes the biomass evolution obtained through the 
decentralized Kalman Filter. The real biomass measurements are represented by small circles.  

This architecture allows the complete autonomy of the local filters. The system achieves 
optimality in each individual local filter and global optimality in the primary filter.  

3.6 Estimator based on Bayesian Regression through Gaussian Process 
The first step in this design, is selecting the regressors, i.e., the components of the input 
vector x . This is a laborious task, and has been done heuristically, chosen from numerous 
alternatives. The best empirical results have been achieved with: 
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ˆ ˆ Tx(kTS) = [DO(kTs) ,S(kTs), X((k - 1)Ts), X((k - 2)Ts)]  

where { }k = 1,L,180  is the time index, Ts = 1/10 hours  is the sampling time, DO(.)  is the 
dissolved oxygen concentration, S(.)  is the substrate concentration, and X̂(.)  is the virtual 
filtered biomass measurement. In this case, the training data set D  consists of 180 pairs of 
input vectors { } { } 4x(kTs) = x Rk ∈  collected in a matrix 4×180X R∈ , and scalars outputs 
{ } { }ˆ ˆX(kTs) = Xk  collected in a vector ˆ 180X R∈  (note that in this section, the virtual filtered 
biomass measurements { }X̂k  are considered as true observed measurements). For the 
theory of Bayesian Regression Framework and Gaussian Process see Appendix C. 

The data-generating process is ˆˆ ˆX = X + εk k k , being the latent function ˆ̂X (.)k , and the 

additive normal noise ε . Once again, the #θ = 11  hyperparameters, and the new covariance 
matrix C  eq. (9)  are determined  via a conjugate gradient routine from  (11) and: 

 
( )2(l) (l)

x - xn ni j1 (l) (l)Cij = θ + θ exp - + θ δ(i, j) + α x x0 1 2 i jl2l=1 l=12 rl
∑ ∑

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

 (28) 

Furthermore, by (12) the biomass concentration ˆ ˆˆ ˆX = X(t )* *  and the variance ˆ̂
2

X*
σ are 

estimated for a set of different times { }t* , 0 < t < 18hours* . 
For the training stage, a one-step ahead predicted output schema is performed, i.e., the input 
measurements, DO(k) S(k) , and the previous output measurements X̂(k - 1) , X̂(k - 2)  are 
used as repressors in:  

ˆ ˆˆ ˆ ˆ ˆX(k) = X(DO(k),S(k),X(k - 1), X(k - 2))  

For on-line estimation the implemented estimator is the simulated output schema, i.e., only 
input measurements DO(k), S(k) are used. The simulated output is obtained as above, by 
replacing the measured outputs by the simulated output from the previous steps, i.e., 
previous outputs from the model have to be fed back into the model computations on-line 
(Fig.13). 

ˆ ˆ ˆ ˆˆ ˆ ˆ ˆX(k) = X(DO(k),S(k),X(k - 1), X(k - 2))  

The one-step ahead predicted output scheme is also known as Nonlinear Auto Regressive 
with Exogenous input model (NARX), or as Series-Parallel model. Furthermore, the 
simulated output schema is known as Nonlinear Output Error model (NOE), or as Parallel 
model (Narendra & Parthasarathy, 1990; Ljung, 2006). 
The biomass concentration of fermentations Fermentation 1 and Fermentation 2 from the 
preceding section (see Fig.2) has been adopted as training, and validation data respectively. 
Figures 5 and 6 show the measurements of dissolved oxygen percentages (DO) and glucose 
concentration (S) respectively. Both signals have been filtered with a low-pass filter with a 
1/36 Hz corner frequency. 
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Figure 14 shows the results for the proposed biomass estimator and the results from the 
previous section, i.e., the true biomass measurements, the virtual filtered biomass 
measurements, and the 95% confidence intervals.  
 

 
Fig. 13. Simulated output model structure of proposed biomass estimator (from di Sciascio 
& Amicarelli, 2008).   
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Fig. 14. Biomass estimator performance. The bold solid-line describes the behavior of the 
proposed biomass estimator ( ˆ̂X(kTs) ), the crosses are the true biomass measurements, the 
virtual filtered biomass measurements ( X̂(kTs) ) are represented by small circles, and the 
grey region depicts the 95% confidence interval (from di Sciascio & Amicarelli, 2008). 
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From Fig. 14, the correct behavior of the proposed biomass estimator can be clearly seen. 
The estimated biomass follows closely the true and the virtual filtered biomass 
measurements, and similar results can be obtained for almost all (except for some atypical) 
fermentations. This performance is achieved settling the 11 hyperparameters of the 
covariance function. For example, in order to obtain a similar performance with a multilayer 
feedforward neural network with one hidden layer (Haykin, 1999; Bishop, 1995) it can be 
shown that more than 30 neurons are necessary (Amicarelli et al., 2006; Amicarelli, 2009). 
This means that hundreds of parameters must be calculated during the training phase. 
The most probable explanation for poor results in some atypical fermentations is the 
aggregation of antifoam throughout the fermentations; this operation can be viewed as an 
unmodelled perturbation. If the dosage isn't correct, i.e., too much defoamer is aggregated, 
then DO concentration decreases markedly, and due to the aerobic nature of the Bacillus 
thuringiensis production process, this affects the estimator performance adversely. This 
undesirable behavior of the estimator can be avoided or at least minimized by an adequate 
control of the antifoam dosage. 
The time evolution of the biomass concentration is considered as an uncertain dynamic 
system perturbed by process noise, i.e., a stochastic process, and the evolution of biomass 
concentration for a particular fermentation is a realization of the stochastic process. 
Furthermore, Bacillus thuringiensis has two stages on its life span (vegetative growth and 
sporulation) with very different dynamics clearly distinguishable in Fig. 14. This means that 
the time evolution of biomass concentration is a non-stationary stochastic process, moreover 
the last term of the covariance function (9) capture the non-stationarity of the biomass 
evolution. 

4. Discussion and conclusions 
In this Chapter it has been addressed the problem of the biomass estimation in a batch 
biotechnological process: the Bacillus thuringiensis (Bt) δ-endotoxins production process. 
Different alternatives that can be successfully used in this sense were presented. It has been 
exposed the design of various biomass estimators, namely: a phenomenological biomass 
estimator, a standard EKF biomass estimator, a biomass estimator based on ANN, a 
decentralized Kalman Filter, and a biomass concentration estimator based on Bayesian 
regression with Gaussian Process.  
Each estimation method has its own advantages and drawbacks according to their ability to 
take into account the model uncertainties and the measurement errors. For all the proposed 
estimators, at the first design stage, the biomass concentrations data set was completed to 
have the same size as in dissolved oxygen percentage and substrate (glucose) concentration 
data sets. 
The phenomenological biomass estimator is based on information from the dissolved oxygen 
balance for the process. The biomass concentration does not depend only on the mentioned 
variable; therefore, the proposed observer does not take into account biomass variations 
produced due to variations of temperature, pH, antifoam aggregation and inherent conditions 
of inocula. This estimator has achieved satisfactory results and a correct behavior for a set of 
different fermentations. This performance was reached by a phenomenological observer 
derived from a dissolved oxygen model available for this process. This observer considered 
the DO influence on the microorganism concentration, which can improve the biomass 
estimation performance when the DO influence is significant. 
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The observation vector of the standard extended Kalman Filter observer was built with 
experimental dissolved oxygen and substrate data. This estimator also provides an adequate 
biomass estimation. However the phenomenological estimator has a better behavior. On the 
other hand, the phenomenological estimator efficiency strongly relies on the model quality 
for this process. It should be noted that both estimators highlight the importance of 
dissolved oxygen for this process and are based on the quality of the process model. 
The ANN based estimator was a Recurrent Multilayer Perceptron. The proposed virtual 
sensor provided satisfactory results for the biomass estimation showing acceptable 
performance. The choice of the input variables is important, since it is a batch process which 
has “infinite memory”. Next, the result provided by the phenomenological and the ANN 
observers was compared with a new estimation given by its fusion through a Decentralized 
Kalman Filter. This new estimation is useful when redundant and comparable information 
from different sensors exists. 
In designing a biomass concentration estimator based on Bayesian regression with Gaussian 
Process; the time evolution of biomass is conceived as a dynamic system perturbed by a 
certain process noise. Although the bioprocess is not truly stochastic, this noise is used for 
modeling the uncertainties in the system dynamics, i.e., the stochasticity is only used for 
representing the model uncertainties. Biomass concentration estimation is obtained 
indirectly through observed noisy measurements. Noise in the measurements refers to a 
disturbance in the sense that the measurements are uncertain, i.e., even in the hypothetical 
case that the true biomass concentration is known, the measurements would not be 
deterministic functions of this true biomass, but would have a certain distribution of 
possible values. The major difficulty when the biomass estimation is implemented is related 
to the uncertainty of the models used to describe their dynamics.  
The proposed biomass concentration estimator based on Bayesian regression with Gaussian 
Process was formulated like a filtering problem. In the design, a Gaussian Process 
Regression schema was used for biomass estimation.  The regressors selection and the 
estimator stability are important. Regressors selection is a problem related to the choice of 
states in a state space representation of the system. Finding a set of “good” regressors for 
biomass estimation is a non trivial task, because this set is characteristic of each specific 
bioprocess. In this work, this task has been done heuristically by trial and error between 
numerous alternatives; however, more elaborated methods can be used, for example, 
optimization-based regressors selection, Analysis of Variance (ANOVA), and so on (Hastie 
et al., 2001; Lind, 2006; Mannale, 2006). The first option is the set of regressors 
{ }ˆDO(kTs), DO((k - 1)Ts) , X((k - 1)Ts)  that can be derived from the phenomenological 
model of Section 2.2, (Amicarelli et al., 2006, Amicarelli, 2009). However, the best empirical 
results have been achieved with the regressors{ }ˆ ˆDO(kTs),S(kTs), X((k - 1)Ts), X((k - 2)Ts) . 
As a result of the fed back of preceding outputs, the proposed on-line biomass estimator is a 
dynamic system, therefore potential instability problems can appear, even if the original off-
line predicted estimator is stable. It is very difficult to analyze analytically the on-line 
estimator stability properties and only simulations analyses have been carried out 
previously to implementation. In this specific application such potential instability problems 
have never appeared. 
It is important to remark that, the performance achieved with the Bayesian estimator is 
achieved setting 11 hyperparameters of the covariance function and in order to obtain a 
similar performance with a multilayer feed-forward neural network it can be shown that at 
least 30 neurons are necessary. 
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Appendix A. Extended Kalman Filter implementation 
The entries of the matrix A(k) are: 

ˆ

ˆ ˆ

ˆ ˆ

∂

∂

∂ ∂

∂ ∂

∂ ∂

∂ ∂

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

f(x(k), k)
A(k) =

x x(k-1 k-1)

f (x(k), k) f (x(k), k)1 1
x x1 4x(k-1 k-1) x(k-1 k-1)

A(k) =

f (x(k), k) f (x(k), k)4 4
x x1 4x(k-1 k-1) x(k-1 k-1)

...

. . .

...

 

a = 111   

k Ts k Tssmax smaxa = -12 Gs(S(k)-Ps) Gs(S -Ps)initial1 + e 1 + e
 

( )
Gs(S(k)-Ps)k TsX (k)Gsesmax va = -13 2Gs(S(k)-Ps)1 + e

 

a = 014  

a = 021  

k Ts k Ts k Ts k Ts TsS(k)DO(k)μemax emax smax smax maxa = 1 + - + - +22 -Ge( t -Pe) -Ge(Tsk-Pe) Gs(S -Ps) Gs(S(k)-Ps)initial initial (K + DO(k))(K + S(k))1 + e 1 + e1 + e 1 + e sd

 

( ) ( )( ) ( )
Gs( S(k)- Ps)

k Ts X (k)Gse Ts X (k)S(k)DO(k)μ Ts X (k)DO(k)μsmax v v max v maxa = - +23 2 2Gs(S(k)- Ps) K + DO(k) (K + S(k))K + DO(k) K + S(k) sd1 + e sd

 

( ) ( ) ( )( )
Ts X (k)S(k)DO(k)μ Ts X (k)S(k)μv max v maxa = - + -24 2 K + DO(k) K + S(k)sK + DO(k) K + S(k) dsd

 

a = 031  
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( )( )
TsS(k)DO(k)μmaxa = - + Tsms32 Y K + DO(k) K + S(k)sx/s d

 

( )( ) ( )( )
TsX (k)S(k)DO(k)μ TsX (k)DO(k)μv max v maxa = 1 + -33 2 Y K + DO(k) K + S(k)Y K + DO(k) K + S(k) sx/s dsx/s d

 

( ) ( ) ( )( )
TsX (k)S(k)DO(k)μ TsX (k)S(k)μv max v maxa = -34 2 Y K + DO(k) K + S(k)sY K + DO(k) K + S(k) x/s dsx/s d

 

a = K Ts41 2  

k Ts S(k)DO(k)u k TsS(k)DO(k)uemax max emax maxa = K Ts - +42 2 Ge(Pe - Tsk) Ge(Pe - Tsk)
(1 + e )(K + DO(k))(K + S(k)) (1 + e )(K + DO(k))(K + S(k))s sd d

k Ts X (k)S(k)DO(k)u k Ts X (k)S(k)DO(k)uemax max emax maxv va = - +43 Ge(Pe - Tsk) Ge(Pe - Tsk)2 2
(1 + e )(K + DO(k))(K + S(k)) (1 + e )(K + DO(k))(K + S(k))s sd d

k Ts X (k)DO(k)u k Ts X (k)DO(k)uemax max emaxv v-Ge(Pe - Tsk)
(1 + e )(K + DO(k))(K + S(k))sd

max
Ge(Pe - Tsk)

(1 + e )(K + DO(k))(K + S(k))sd

 

k TsX (k)S(k)DO(k)u k TsX (k)S(k)DO(k)uemax max emax maxv va = 1 - K Q Ts + - +44 3 A Ge(Pe-Tsk) Ge(Pe-Tsk)2 2(1 + e )(K + DO(k)) (K + S(k)) (1 + e )(K + DO(k)) (K + S(k))s sd d

k TsX (k)S(k)u k TsXemax max emaxv v+ -Ge(Pe- Tsk)
(1 + e )(K + DO(k))(K + S(k))sd

(k)S(k)umax
Ge(Pe- Tsk)

(1 + e )(K + DO(k))(K + S(k))sd

 

 

                                         Predict Step 
ˆ ˆx(k k - 1) = f(x(k - 1 k - 1), k)  

TP(k k - 1) = A(k)P(k k - 1)A (k) + Q  
                                         Update Step 

ˆy(k) = y(k) - Hx(k k - 1)  

⎡ ⎤⎣ ⎦
-1T TK(k) =P(k k - 1)H HP(k k - 1)H + R  

ˆ ˆx(k k) = x(k k - 1) + K(k)y(k)  

( )P(k k) = I+K(k)H P(k k - 1)  

Table 3. EKF algorithm 
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Appendix B. Decentralized Kalman Filter  
Decentralized Filtering (no feedback to the local filters) 
i. Information matrix update 

 ( )-1-1 - T -1P = P + H R H  (B1) 

ii. Gain computation 

 T -1K = P H R  (B2) 

iii. Estimate update 

 ( )ˆ ˆ ˆ- -x = x + K x - H x  (B3) 

iv. Project ahead to next step 

 ˆ ˆ
-x = φ xk+1 k k  (B4) 

 - TP = φ P φ + Qk+1 k k k k  (B5) 

 
Recall that P-1 is called the information matrix. In terms of information, i) says that the 
updated information is equal to the prior information plus the additional information 
obtained from the measurement at time tk.. Furthermore, if Rk is block diagonal, the total 
“added” information can be divided into separate components, each representing the 
contribution from the respective measurement blocks. That is, we have (omitting the k 
subscripts for convenience). 

 T -1 T -1 T -1 T -1H R H = H R H + H R H + ... + H R H1 1 1 2 2 2 N N N  (B6) 

We also note that the estimate update equation al time tk can be written in a different form 
as follows: 

 

( )

( )
( )

( )
( )

ˆ ˆ

ˆ ˆ

ˆ ˆ

ˆ ˆ

ˆ ˆ

⎡ ⎤
⎣ ⎦
⎡ ⎤
⎢ ⎥⎣ ⎦

-x = I - K H x + K

T -1 - T -1x = I - P H R H x + P H R

-1 T -1 - T -1x = P P - P H R H x + P H R

-1 T -1 - T -1x = P P - H R H x + H R

-1- - T -1x = P P x + H R

X

X

X

X

X

 (B7) 

 

When writing in this form, it is clear that the updated estimate is a linear blend of the old 
information with the new information. 
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For simplicity, we will start with just two local filters in our decentralized system, and we 
will continue to omit the k subscripts to save writing. Both filters are assumed to implement 
the full-order state vector, and at step k both are assumed to have available their respective 
prior estimates m1 and m2 and their associated error covariances M1 and M2. For Gaussian 
Process, m1 and m2 will be the means of x conditioned on their respective measurement 
streams up to, but not including, time tk. The measurements presented to filters 1 and 2 at 
time tk are X1 and X2 and they have the usual relationship to x: 

 = H x + v1 1 1X  (B8) 

 = H x + v2 2 2X  (B9) 

Where v1 and v2 are zero mean random variables with covariances R1 and R2. The estate x 
and noises v1 and v2 are assumed to be mutually uncorrelated as usual. 
If we assume now that local filters 1 and 2 do not have access to each other’s measurements, 
the filters will form their respective error covariances and estimates according to (B1) and 
(B7). 
Local filter 1 

 -1 -1 T -1P = M + H R H1 1 1 1 1  (B10) 

 ( )ˆ
1OPT

-1 T -1= P M m + H R1 1 1 1 1 1X X  (B11) 

Local filter 2 

 -1 -1 T -1P = M + H R H2 2 2 2 2  (B12) 

 ( )ˆ
2OPT

-1 T -1= P M m + H R2 2 2 2 2 2X X  (B13) 

Note that the local estimates will be optimal, conditioned on their respective measurement 
streams, but not with respect to the combined measurements. 
Now consider the master filter. It is looking for an optimal global estimate of x conditioned 
on both measurement streams 1 and 2. 
m = optimal estimate of x conditioned on both measurement streams up to but not including tk 
M = covariance matrix associated with m 
The optimal global estimate and associated error covariance are then 

 

⎡ ⎤ ⎡ ⎤⎡ ⎤ ⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦⎢ ⎥⎣ ⎦

-1R 0 H-1 T T -11 1P = H H + M1 2 -1 H0 R 22
-1 -1 T -1 T -1P = M + H R H + H R H1 1 1 2 2 2

 (B14) 

 ( )ˆ
T -1 T -1x = P M m + H R H + H R H-1 1 1 1 2 2 2  (B15) 
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M = covariance matrix associated with m 
The optimal global estimate and associated error covariance are then 

 

⎡ ⎤ ⎡ ⎤⎡ ⎤ ⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦⎢ ⎥⎣ ⎦

-1R 0 H-1 T T -11 1P = H H + M1 2 -1 H0 R 22
-1 -1 T -1 T -1P = M + H R H + H R H1 1 1 2 2 2

 (B14) 

 ( )ˆ
T -1 T -1x = P M m + H R H + H R H-1 1 1 1 2 2 2  (B15) 
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However, the master filter does not have direct access to X1 and X2, so we will rewrite (B14) 
and (B15) in terms of the local filter’s computed estimates and covariances. The result is: 

 ( ) ( )-1 -1 -1 -1 -1 -1P = P - M + P - M + M1 1 2 2  (B16) 

 ( ) ( )ˆ ˆ ˆ⎡ ⎤
⎣ ⎦

-1 -1 -1 -1 -1x = P P x - M m + P x - M m + M m1 1 1 1 2 2 2 2  (B17) 

It can now be seen that the local filters can pass their respective x̂i , −1Pi , mi and −1Mi (i=1,2) 

on to the master filter, which, in turn, can then compute its global estimate. The local filters 
can, of course, do their own local projections and then repeat the cycle at step (k+1). 
Likewise, the master filter can project its global estimate and get a new m and M for the next 
step. Thus, it can be seen that this architecture permits complete autonomy of the local 
filters, and it yields local optimality with respect to the respective measurement stream. The 
system also achieves global optimality in the master filter. 

Appendix C:  Bayesian Regression framework and Gaussian Process 
Regression 
Suppose that we have a noisy training data set D which consists of m pairs of n -
dimensional input vectors {xi} (regression vector) joined in a n × m  matrix X, and m scalar 
noisy observed outputs {yi} collected in a vector y . 

 ( ){ } { }D = x , y i = 1,L ,m = X, yi i  (C1) 

In order to construct a probabilistic statistical model for D, the following data-generating 
process is assumed: 

 ( )y = f x + εi i i  (C2) 

 

where the latent real-valued function f is the deterministic or systematic component of the 
model, and the additive random term ε  is the observation error. The aim of regression is to 
identify the systematic component f from the empirical observations D. The Bayes’ rule (C3) 
shows the components of Bayesian Inference (Bernardo & Smith, 2006): the joint likelihood, 
the prior distribution, and the posterior distribution. Bayesian inference alludes to the 
process of updating our beliefs according to Bayes’ rule, i.e. computing the posterior from 
likelihood and the prior, integrating the information contained in the observed data. 

 ( ) ( ) ( )
( )

Likelihood Prior
Posterior

p y f , θ p f X , θL Pp f D , θ , θ =L P p D θ , θP L
Evidence

 (C3) 
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Where P(D .) = P(y X , .) , P(. D, .) = P(. y, X, .) , y = y(x )i i
Ty = [y , L ,y ]m1 , denotes the 

observed outputs, f = f(x )i i  Tf = [f , L , f ]m1 ,  are the latent function values, and θL , θP  

denote additional parameters (hyperparameters) of the likelihood and prior distribution 
respectively. 
The evidence or marginal likelihood is the normalising constant appearing in the 
denominator of Bayes’ rule. This quantity is one of the most useful quantities in the 
Bayesian framework (e.g., in hypothesis testing applications) (O’Hagan, 2004; Bernardo & 
Smith, 2006), however the evidence is not considered in the remainder of the exposition. 
If the measurements of the training data set D are independent, and the observation error ε  
it is assumed that is normal, independent and identically distributed with mean zero and 
variance σ2,  then, in this case the joint likelihood is: 
 

 ∏2 2 2m
p(y f , σ ) = N(f , σ ) = N(f,σ I )m×mii=1

 (C4)  

 

In the Bayesian non-parametric approach, a prior is put directly on the space of functions 
and the inference is carried out on f. The prior distribution is usually chosen from a 
parametric family of distributions or a mixture of these. The expression “Gaussian Process 
Regression model” refers to using a Gaussian Process as a prior on f. This means that every 
finite-dimensional marginal joint distributions of function values f associated to any input 
subset of X  is multivariate Gaussian. 

 ( ) ( ) ( )( )p f X , θ = N m X , K X, θP P  (C5) 

 

A Gaussian Process is fully specified by a mean function Tm(X) = [m(x ), L ,m(x )]m1  and a 

positive-definite covariance matrix K(X, θP), and it can be viewed as a generalization of the 
multivariate Gaussian distribution to infinite dimensional objects. Choosing a particular 
form of covariance function, the hyperparameters θP may be introduced to the Gaussian 
Process prior. Depending on the actual form of the covariance function K(X, θP) the 
hyperparameters θP  can control various aspects of the Gaussian Process.  For simplicity the 
prior mean function is set to be zero μ(X)=0, this is completely general provided that a 
constant term is included in the covariance function (Williams & Rasmussen, 1996; Kuss, 
2006). 
The posterior distribution over function values is obtained introducing (C4) and (C5) in (C3) 

( ) ( ) ( ) ( ) ( )( )∝ ∝
-1 -12 2 2 -1 -2p f D, σ , K N f,σ I N 0 , K N K K + σ I y , K + σ Im×m m×m m×m  (C6) 

 

The distribution of the latent function value f = f(x )* *  for an arbitrary new input x*  
conditioned on the training function outputs is (Kuss, 2006): 
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 ( ) ( )∝ T -1 T -1p f f, x , X, K N k K f, k - k K k* * * ** * *  (C7) 

where Tk = [K(x , x ), L , K(x , x )]* 1* * m is a vector of prior covariances between x*  and the 

training inputs X , and k = K(x , x )** 1* . 

The predictive distribution of f*  is obtained by integrating out the training function values 
f  from (B6) over the posterior distribution (C7). The predictive distribution is again 
multivariate normal: 

( ) ( ) ( ) ( ) ˆ
ˆ

2 2 T -1 T -1 2p f D, x ,K,σ = p f f,x ,X,K p f D,σ ,K df N k C y, k - k C k = N(f , σ )* * * * * ** * * * f*
∝∫  (C8) 

The predictive uncertainty, i.e. the covariance matrix of f* , does not depend on y , but only 
on the dependencies induced by the covariance as a function of x*  and X . This can be 
generalized to an arbitrary set of new inputs X* , meaning that the posterior process f|D  is 
again a Gaussian Process with posterior mean and covariance function 

 
( )ˆ

ˆ

2 T -1f =E f D, x , K, σ = k C y* * * *
2 T -1σ = k - k C k** * *f*

 (C9) 

where 2 2C = C(X, θ , σ ) = K(X, θ ) + σ Im×mP P . 
The resulting posterior (C6) and the predictive distribution (C8) are of the same family  
of distributions as the prior (C5). The class of prior distributions with this property is called 
conjugate to a likelihood model (O’Hagan, 2004; Bernardo & Smith, 2006). The calculations 
are analytically tractable only for conjugate models with normal noise. For  
all other models the posterior and the predictive distribution cannot be computed 
analytically, so techniques for approximate inference have been used, for example, Markov 
Chain Monte Carlo (MCMC) sampling techniques (Williams & Rasmussen, 1996; Neal, 1997; 
Kuss, 2006). 
Covariance Function 

The elements of the parameterized covariance matrix, 2C(X, θ , σ )P , are denoted 
Ci j = C(x , x )i j ,  and they are functions of the training input data X , because these data 
determine the correlation between the training data outputs y . A suitable parametric form 
of the covariance function is: 

 
( )2(l) (l)x - xn ni j1 (l) (l)Ci j = θ + θ exp - + θ δ(i, j) + α x x0 1 2 i jl2l=1 l=12 rl

∑ ∑

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

 (C10) 



 Biomass 

 

108 

where (l)xi  is the thl  dimension of the input vector, xi .  
The four terms in this equation are now briefly described. 
i- A bias term θ0  controlling the scale of the bias contribution to the covariance. The 
constant term θ0 , adds a constant offset to the estimated latent function value f = f(x )* * . 
This justifies assigning  m(X) = 0  to the prior mean function (C5) without loss generality. 
ii- The exponential term (involving θ1 and rl) expresses our belief that inputs which are close 
to each other give rise to outputs which are close to each other or that are highly correlated; 
the rl hyperparameters allow a different distance measure for each input dimension, and θ1 

gives the overall scale of variations in the output space (local correlations). 
iii- The third term involving the hyperparameter 2θ = σ2 , i.e., the variance of the noise 
model for the outputs and therefore only occurs in Ci j when i = j .  
iv- The fourth and last term characterizes the nonstationarity of the covariance function. It is 
a linear regression term and involve αl , l = 1, L , n , these hyperparameters controlling the 
scale of the linear trends to the covariance.  
Besides (C10), there are other forms of the covariance function which could be used.  
The only restriction is that the covariance matrix be positive definite. Abrahamsen has 
written a comprehensive survey on numerous valid covariance functions (Abrahamsen, 
1997). 

Hyperparameters Determination 
The hyperparameters of the covariance function are not known in advance, and they must 
be determined using the training data. The literature has reported several approaches to 
hyperparameter estimation: Cross-Validation method (Wahba, 1990), Evidence 
Maximization (MacKay, 1992; Gibbs, 1997), Monte Carlo methods (Neal, 1997), Maximum 
Likelihood, and Maximum a Posteriori method (Rasmussen, 1996). In this work the last 
method is used, i.e., the Maximum a Posteriori (MAP) approach. 
For implementation purpose, the hyperparameters vector is defined as:  
 

Tlogθ = [logθ , logθ , logr ,.. ,logr ,logθ , logα ,.. , logα ]0 1 1 n 2 1 n  

 

The number of hyperparameters of the covariance function (C10) increases linearly with n , 
the dimension of the input space, i.e., #θ = 2n + 3 . The likelihood of the parameters is 
L(θ) = p(D|C(θ)) = p(D|θ, C(.)) , where C(.)  specifies the form of covariance function. The 
maximum likelihood approach is to maximize L(θ)  to yield the optimum hyperparameters. 
An improvement over this is to incorporate a prior, p(θ) , on the hyperparameters. By Bayes 
theorem, the posterior probability of the hyperparameters, given the training data, is: 
 

 
p(D|θ, C(.))p(θ|X, C(.))

p(θ|D, C(.)) =
p(D|C(.))

 (C11) 
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Maximization of p(θ|D, C(.))  is known as the MAP approach, which is a Bayesian version 
of maximum likelihood estimation. It is possible to analytically express the 
posterior p(θ|D, C(.)) and its partial derivatives with respect to hyperparameters { θi } as 
derived, for example, in Mardia & Marshall (1984). Let L=log p(θ|D, C(.)) , then: 
 

 

1 1 m- 1TL = - log C - y C y - log 2π + log p(θ) + c
2 2 2

log p(θ)L 1 C 1 C- 1 - 1T -1= - trace C + y C C y +
θ 2 θ 2 θ θi i i i

⎧
⎪
⎪
⎨ ⎛ ⎞ ∂∂ ∂ ∂⎪ ⎜ ⎟
⎪ ⎜ ⎟∂ ∂ ∂ ∂⎝ ⎠⎩

 (C12) 

 

where the prior on θ , p(θ)  is assumed to be independent of the other priors. 
The MAP estimates are found using (C12) in a gradient descent, or conjugate gradient 
optimization techniques to locate a local maximum of the posterior distribution. This 
approach has the advantage that a reasonable approximation to a local maximum can be 
found with relatively few function and gradient evaluations. On the other hand, the 
posterior distribution is often multimodal, and the risk of using gradient optimization 
techniques is that the algorithm can keep trapped in bad local maxima. In order to reduce 
this problem, suitable priors can be assigned and multiple random restarts for the 
optimization routines can be fulfilled. The initialization of the hyperparameters is 
important, because improper initial values will make the partial derivatives of the likelihood 
very small, thus creating problems for the optimization algorithm. 
In order to implement the algorithm (equations (C9), (C10), and (C12)) it was necessary to 
invert the covariance matrix C . Any exact inversion method has an associated 
computational cost that is O(m3), moreover, direct inversion implementation can run into 
numerical problems because C  is generally ill-conditioned, i.e., the condition number is 
large. In order to improve the condition number of the matrix inversion operation, C-1 can 
be computed indirectly by using Cholesky, LU, or SVD decomposition (note that the 
positive definiteness property of the covariance matrix is guaranteed). All these methods 
also require  O(m3) operations (Golub & Van Loan, 1990). 
 It is important to observe that the optimization routines require in each step the evaluation 
of the gradient of the log likelihood, i.e., the computation of C-1 and so calculating gradients 
becomes time consuming for large training data sets. If m  is large (m > 103), Skilling’s 
approximate inversion methods, which are O(m2), can be used (Skilling, 1993). 
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1. Introduction 
Renewable energy, including biomass, has received increasing attention because of 
worldwide efforts to prevent global warming and alleviate soaring oil prices. When biomass 
is used as an energy source, for example, it is converted to ethanol as an alternative to 
gasoline or burned in a boiler to generate heat and power. Cereals such as corn are 
promising candidates for easily convertible biomass for ethanol production. However, it is 
possible that the supply of such potential biofuels will become unstable because of conflicts 
with food production. For example, corn prices have doubled or have reached levels not 
seen in many years11. In contrast, woody biomass is inedible and thus may be a promising 
candidate as a future renewable energy source. Woody biomass can be collected in large 
amounts from forests or as a by-product of the forest industry. However, forests are 
unevenly distributed throughout the world, and so the distribution of woody biomass is 
uneven. Countries belonging to the Association of Southeast Asian Nations (ASEAN) have a 
vast range and abundance of forest resources. However, these resources have been 
considerably reduced because of unrestrained logging in some countries. Sustainable forest 
management is necessary for the continued use of the available biomass as a renewable 
energy source.  
Our objective was to investigate the current status of the use and consumption of woody 
biomass to discuss future possibilities and difficulties in the use of woody biomass as an 
energy source. We focused on Cambodia, Indonesia, Laos, Malaysia, the Philippines, 
Thailand, and Vietnam. Hereafter, our use of the term “ASEAN countries,” unless otherwise 
specified, refers to these seven countries.  

2. Forests, forestry, and biomass  
Table 1 is an overview of the biomass, including aboveground, belowground, and 
deadwood biomass, and growing stock in the forests of the ASEAN countries. Indonesia has 
the most extensive forest area and biomass stock, but the growing stock has been decreasing 
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since 1990, probably because of illegal logging or forest fires. Malaysia has the highest 
biomass and growing stock by area, whereas Thailand has the lowest.  
The data for the main forest products differs among the ASEAN countries because they 
were obtained from different sources. Nevertheless, we conducted our investigation using 
this data because it was uniform within each country (Table 2). Indonesia and Malaysia 
produce substantial amounts of sawnwood and plywood, whereas Thailand is active in the 
production of wood chips and particles. In Vietnam, the production of sawnwood is active 
and very high compared to that of industrial roundwood. Cambodia and Laos consume a 
large proportion of roundwood as fuel.  
 
 

Cambodia Indonesia Laos Malaysia Philippines Thailand Vietnam
Forest area (Kha) 10,447 88,495 16,142 20,890 7,162 14,520 12,931
Biomass stock (Mt) 2,811 13,090 3,301 8,073 2,156 1,592 2,606
Biomass stock by area (t/ha) 269 148 204 386 301 110 202
Growing stock (Mm3) 998 5,216 957 5,242 1,248 599 850
Growing stock by area (m3/ha) 96 59 59 251 174 41 66
Growing stock by area (m3/ha) 96 59 59 251 174 41 66
Annual change in growing stock

1990-2000 (m3/y/ha) -0.11 -3.33 0.00 1.94 0.13 0.00 -0.26
2000-2005 (m3/y/ha) -0.11 -4.61 0.00 1.94 0.08 0.00 -0.40  

Table 1. Biomass* and growing stock in a forest 

*Biomass includes above- and below-ground biomass, dead-wood biomass. 
5, 19: Reference source modified by the authors 
 
 

Cambodia Indonesia Laos Malaysia Philippines Thailand Vietnam
Industrial Roundwood (Km3) 118 35,551 194 25,169 2,869 8,700 5,850
    Sawnwood (Km3) 4 4,330 130 5,142 358 2,868 5,000
    Plywood (Km3) 5 3,353 24 5,601 235 120 70
    Chips and Particles (Km3) - 1,100 - 501 - 2,080 2,500
    Fiberboard (Km3) - 427 - 2,633 0 883 180
    Particle Board (Km3) - 297 0 222 6 2,600 48
    Wood Residues (Km3) - 388 - - - - 350
Woodfuel (Km3) 8,735 73,720 5,944 2,908 12,581 19,503 22,000
    Wood Charcoal (Kt) 34 681 20 54 610 1,326 109
Total (Roundwood) (Km3) 8,853 109,270 6,137 28,077 15,450 28,203 27,850  
Table 2. The production of forest products in ASEAN countries (2008) 

- : Insufficient data 
4, 19: Reference source modified by the authors. The sum of wood product (= sawnwood + 
plywood + chips and particles + fiberboard + particle board + wood residues) does not 
coincide with the amount of industrial roundwood. 
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3. Energy consumption 
In terms of energy supply and consumption in the ASEAN countries (Table 3), Indonesia 
has the largest total primary energy supply (TPES) at 191 million tons of oil equivalent 
(Mtoe), whereas Malaysia has the largest per capita TPES at 2.73 toe. The bulletin of the 
ASEAN Center for Energy (ACE) states that the energy consumption was approximately 
1.41 Mtoe in Laos in 1999. The energy consumption in Laos was 0.27 toe per capita, based on 
population data reported by the National Statistics Center of the Lao PDR16 in 2000. The 
consumption of renewable energy accounts for 2% of the TPES in Malaysia and 46% in 
Vietnam. Cambodia consumed 3.41 Mtoe of renewable energy from primary solid biomass, 
which accounts for 66% of the energy consumed in 2007. Laos consumes approximately 66% 
of its total energy from fuelwood, charcoal, and sawdust. However, the difficulties 
encountered in comparing these values are that the data source and the year the data was 
collected are different for each country, and Malaysia’s dependency on biomass energy is 
insignificant, whereas Cambodia, Laos, and Vietnam depend heavily on these sources of 
energy. This is partly because few households have electricity; for example, in 2004, only 
47% of households in Laos15 and only 12% in Cambodia14 had electricity.  
 

Cambodia Indonesia Laos Malaysia Philippines Thailand Vietnam
TPES (Mtoe) 5.13 9 190.64 9 72.59 9 39.98 9 103.99 9 55.79 9

TPES per population (toe/capita) 0.36 9 0.84 9 2.73 9 0.45 9 1.63 9 0.66 9

3.41 9 50.50 9 1.38 9 4.87 9 8.79 9 23.28 9

(66%) (26%) (2%) (11%) (9%) (46%)

Energy consumption (Mtoe) 1.41 12

Energy consumption per population
(toe/capita)

0.27 12, 16

Data year 2007 2007 1999 2007 2007 2007 2007

Consumption of renewable energy
from primary solid biomass* (Mtoe)
(Proportion to TPES)

 
Table 3. Energy supply and consumption 
TPES: Total Primary Energy Supply = Indigenous production + imports - exports - 
international marine bunkers ± stock changes 
* Data are also available for charcoal. 
9,12,14,16,19: Reference source modified by the authors. 

4. Woody biomass use 
4.1 Logging residues 
We investigated the use of logging residues in Cambodia18, 24, Indonesia17, and Malaysia.6, 7, 

13. Although rubber plantations are generally expected to regenerate every 30–35 years, the 
tapping cycle of para rubber trees (PRT; Hevea brasiliensis) in Cambodia18 is longer because 
of interruptions due to civil war. Woody residues that remain after cutting, such as tops or 
branches, are discarded. Fig. 1 shows the material flow in rubber tree plantations in 
Cambodia. The volume of these residues is equal to 30% of the cut volume. The harvesting 
cost of the residues is lower than that of the logging residues in natural forests. Hence, the 
selling price is US $5–7/m3, including the transportation cost to the customer. The residues 
are used as fuel for kilns at neighboring brick factories, which are strongly dependent on 
logging residues for fuel.  
Clearcutting of pine (Pinus merkusii) is carried out every 35 years in the national forest in 
Central Java, Indonesia. The trees are cut by chainsaw, and the logs are skidded by human 
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power. The tops and branches that are generated, as residues are less than 10 cm in diameter 
and account for 10% of the tree volume. The local community can acquire the residues free 
of charge and use them as residential fuelwood. The investigation was conducted in Java, 
which is heavily populated, and all logging residues appeared to be used in this manner, 
i.e., residues are collected manually.  
At a large-scale, natural wood production site in Saba, Malaysia, 20–50 m3/ha of cracked 
and hollow logs are discarded in the forest and in the landing7. In Kalimantan, Indonesia, 
63.3 m3/ha of residues are discarded in secondary forests after clearcutting8. Average 
logging residues in Asia represent 25–200% of log production13, i.e., the residues represent 
20–67% of the growing stock, and the residues from natural forest cutting appear to be equal 
to the log production volume13. However, the difficulty in using these residues is that the 
transportation cost of industrial residues is higher than their selling price. The former is 
approximately US $20/m3 13 or US $16–20/m3 7, whereas the latter is only US $3–5/m3 7 in 
Malaysia. Thus, even if transportation were free of charge, the price disadvantage of the 
logging residues is considerable.  

4.2 Industrial wood residues 
We investigated the industrial wood residues in Cambodia18, 24, Indonesia17, 26, 27, Laos28, and 
Malaysia.13 The residues from PRT plantations are a major source of woody biomass in 
Cambodia18 because the processing of forest trees has been limited by a logging ban. The 
tapping cycle of PRT is longer than in other countries, i.e., approximately 50 years. Thus, 
there are many thick logs from rubber trees. Fig. 1 also shows the material flow of rubber 
trees in the wood industry. The production yield of sawing is 43%, and the residues are 
mainly used as drying fuel for timber or are sold as fuel for brick kilns. The residues are 
partially used as packing materials, and 55% of the logs are used for energy production. All 
wood used as fuel for kilns in brick factories is derived from rubber trees.  
 

210$ / m3

Brick factory

Small piece

Para rubber tree plantation

70%

Products43％

57%

43%

Fuel for baking 45% 5$ / m3

5%
Packing 
materials

Fuel for cooking 
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5-7$ / m3 as fuel

Logging area 4,200 ha （2005）
Log production 
150-250 m3 / ha

Fuel for drying

Sawmill

Sawmill residues

Residues 30%

 
Fig. 1. An example of material flow in the para rubber tree industry in Cambodia 19 
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Indonesia currently has 1,600 sawmills and 120 plywood factories26. For sawmills in Java, 
the production yield of teak (Tectona grandis) sawing is 50–60%, and the residues are used as 
fuel for drying ovens and by local people. For the plywood industry in the same area, the 
production yields from natural and planted wood are approximately 55% and 38%, 
respectively, because the average diameter of the former is approximately 70 cm, whereas 
that of the latter is less than 30 cm. One factory that we investigated used both natural and 
planted wood as raw materials and generated residues representing approximately 50% of 
raw wood consumption. A portion of these residues was used as raw material for laminated 
wood or blockboard. The rest of the residue was used as fuel to produce heat to dry veneer 
and for hot pressing. Some factories use both residues that are generated within and 
obtained from outside the factory to fuel combined heat and power supply (CHP) systems. 
Recently, the source of this raw material has been shifting from natural wood to planted 
wood because of the increase in natural wood prices and rising concerns about 
deforestation17. In Kalimantan, plywood factories are experiencing a shortage of large 
natural wood (Fig. 2). Most factories around Samarinda have ceased operations because of 
the decreasing amount of raw wood, which fell sharply from 150,000 m3/month to 30,000 
m3/month27. Fig. 3 shows material flow in plywood factory A, not including materials other 
than wood such as adhesives.29 The plywood yield was 50%, and this generated residue 
(primary residue). The primary residues consisted of sawdust, sander dust, log core, bark, 
log end and edges. The log cores were used for blackboard materials. Some log cores and 
edges were laminated and used for packing material. The remaining primary residues 
became secondary residues, and was used for fuel for the boiler. However, the factory 
lacked fuel that could be obtained there, and so it purchased wood fuel and brown coal 
externally. Fig. 4 and Table 4 show the energy consumption to produce plywood for the  
 

 
Fig. 2. The raw wood in the plywood factory 19 
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Fig. 3. Material flow in a plywood factory A in Indonesia 29 
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Fig. 4. Material and energy flow in plywood factory A (a) and B (b) in Indonesia 29 
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A 238 1,200,000 1,262.7

B 50 1,600,000 1,725.1

Factory
Fuel consumption

(kL-gas oil)
Power consumption

(kWh)
Total energy consumption

(MJ/m3-product)

 
Table 4. Energy consumption for the plywood factory A and B in Indonesia 
29: Reference source 

plywood factories A and B. 29 The energy consumption was 1,263 and 1,725 MJ/m3-product 
respectively. The smaller value for factory A was due to implementation of captive 
generation using wood fuel. According to reports, energy consumption during the making 
of plywood was 1,400 MJ/m3-product. There is little significant difference between this data 
and our calculations. 
Laos has 200 wood-processing factories, many of which are located near the capital 
Vientiane or in the southern part of the country. It has only one plywood factory. Charcoal 
factories are found everywhere because of the high demand of charcoal for residential use. 
Processing factories, which saw up to 15,000 m3/year of logs for furniture, packing material, 
flooring, and doors, depend on wood from natural forests, including rosewood (Dalbergia) 
or meranti (Shorea), for raw materials. This natural wood is made available in the market in 
great quantities as a result of clearcutting for power dam development. The production 
yield in this industry is approximately 60%. All residues are used as fuel for boilers, and the 
sawdust is provided to the salt industry at no charge. However, in the southern part of Laos, 
unused sawing residues pile up in the backyards of sawmills.  
In Malaysia, the total volume of the wood industry residues is 7.5 million m3 annually25. 
Sawmill residues were highest in Sabah, and plywood mill residues were highest in 
Sarawak. The product yields in sawmills were 65% (western Peninsular Malaysia), 45% 
(Sabah), and 40% (Sarawak), and the yields in plywood mills were 50–60% (Peninsular 
Malaysia). The yields in molding factories were 74% (Sabah and Sarawak) and 70% 
(Peninsular Malaysia). According to a questionnaire conducted in the Kemena wood 
industry park of Sarawak by T.C. Wong (unpublished data), approximately 200,000 m3 of 
logs were consumed per month and processed into plywood, timber, and fiberboard. The 
volume of wood residues was approximately 90,000 m3 per month, of which 75% and 20% 
were generated by plywood mills and sawmills respectively. The percentage use of the 
original residues was 75%. Veneer core and slabs/offcuts were commonly used. In terms of 
application, steam/thermal use was dominant (48%), followed by fiberboard (40%), co-
generation (7%), other use (4%), and manufacturing of charcoal briquettes (1%). 
Approximately 20,000 m3 of residues were, however, disposed of directly or by incineration. 
Wong (unpublished data) noted that at least one additional briquette plant should be 
installed to use the remaining residues. In an industrial park in Bintulu, Sarawak, wood 
residues were sufficiently used as briquette charcoal, fiberboard material, and fuel for 
boilers. This was because of government incentives. To promote biomass use, the government 
remits duties in the implementation of related systems. In the Keningau area of Sabah, because 
wood-processing plants were small and separate from other plants, the residues, particularly 
sawdust, were not used and were usually incinerated at the plant. We estimated that the total 
unused sawdust remaining in the Sabah area is approximately 4,700 t/month.  
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5. Estimating the biomass energy potential 
We estimated the biomass energy potential using the research data. We regarded all 
residues from the logging and wood industries as having biomass energy potential, 
although some residues had already been used as raw materials. The energy potential was 
estimated using the following equations2:  

 RV = MPV × RPR/(100 – RPR) (1) 

 EP = RV × LHV (2) 

where RV is the residue volume (m3), MPV is the main product volume (m3), RPR is the 
residue production ratio (%), EP is the energy potential (toe), and LHV is the lower heating 
value (toe/m3). Table 5 shows the EP of certain types of residues in some countries for 
which we were able to collect the required data. The main products of the PRT plantation 
residues and logging residues are logs. LHV is calculated from values stipulated by the 
International Energy Agency,10 where the weight of 1 m3 of wood is assumed to be 500 kg10. 
Cambodia has 0.16 Mtoe EP from PRT plantations and sawmills, accounting for 
approximately 6% of domestic energy consumption in 2001. In Thailand, PRT industries 
have the largest EP at 2.44 Mtoe (Table 5). Malaysia has an EP of 0.78 Mtoe from the logging 
residues in Sarawak, which is almost equal to the EP from sawmills.  
It should be pointed out that ASEAN countries have high EP from oil palm industries20, 21, 
which generate residues such as empty fruit bunches (EFB), fronds, and trunks, and a large 
portion of the EFB and almost all the frond and trunk residues are discarded in the 
plantation field. Table 6 shows the estimated amounts of EFB and fronds produced in 
Indonesia, Malaysia, and Thailand. Oil processing generates EFBs, and large quantities of 
fronds remain in the plantation area. A comparison to the data presented in Table 6 shows  
 

Item RV EP
(Km3) (Mtoe)

Cambodia PRT plantation residue 840 18, 24 30 18, 24 360 7.4 10 0.06
PRT sawmill 361 18, 24 57 18, 24 479 8.4 10 0.10

Indonesia Plywood 3,353 4 50 17 3,353 8.4 10 0.67
Sawmill 4,330 4 45 17 3,543 8.4 10 0.71

Laos Sawmill 130 4 40 28 87 8.4 10 0.02
Malaysia Plywood 5,601 4 50 13 5,601 8.4 10 1.12

Sawmill 5,173 4 45 13 4,232 8.4 10 0.85
Logging residue* 4,440 13 50 13 4,440 7.4 10 0.78

Thailand PRT sawmill 10,800 4 53 21 12,179 8.4 10 2.44
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MPV: Main product volume, RPR: Residue production ratio, RV: Residue volume,  
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5. Estimating the biomass energy potential 
We estimated the biomass energy potential using the research data. We regarded all 
residues from the logging and wood industries as having biomass energy potential, 
although some residues had already been used as raw materials. The energy potential was 
estimated using the following equations2:  

 RV = MPV × RPR/(100 – RPR) (1) 

 EP = RV × LHV (2) 
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LHV EP
Mton (dry) Mton (wet) MJ/kg Mtoe

Indonesia 3.46 20 3.79 1.49
Malaysia 4.71 20 5.17 2.03
Thailand 0.30 20 0.33 0.13

Indonesia 24.14 20 46.74 8.90
Malaysia 32.93 20 63.74 12.14
Thailand 2.05 20 3.97 0.76

Frond 48.34 3 7.97 3

Moisture content
wt%

Production

EFB 8.81 3 16.44 3

 
Table 6. Energy potential of palm oil industries in Indonesia, Malaysia, and Thailand 
3, 19, 20: Reference source 

that the oil palm industries have much larger EP than woody biomass. The problem remains 
that because the fronds cannot be used without transportation, preferable uses must be 
found either as a source of energy or as a source of material such as fiber. The residues from 
oil palm industries are certainly a valuable source of biomass with great potential. 

6. Discussion 
Here, we will discuss the difficulties of woody biomass use in the future. Although some 
districts produce massive quantities of logging residues, their use will hardly increase 
because of high transportation costs. The commercial collection and use of logging residues 
does not appear to have advanced for some time and is confined to regional uses such as 
cooking fuel for local residents. Hence, in regions that have small populations, a surplus of 
biomass is present compared to the quantity of available resources. The Philippines23 and 
Vietnam22 follow policies to promote the use of tree plantations, and Indonesia is promoting 
a shift in the source of raw materials to planted wood. Thus, the use of planted wood is 
increasing in the wood industries. Planted wood has a short-term harvesting cycle and 
produces small logs compared to natural forests. These small logs result in inferior yields of 
the main wood products. As a result, industrial residues will likely increase in the future, 
although it is expected that the shortage of wood materials will become serious because of 
the decrease in the number of large logs and because of advances in technology that uses the 
remaining residues for other purposes. Consequently, the residues used as raw materials for 
by-products will increase, whereas the residues that can be used as energy sources will 
decrease.  
The use of fuelwood from industrial residues cannot be immediately replaced by an 
alternative. Because there are no equally low-cost alternatives for fuelwood from residues, 
these residues are necessary for use in drying ovens in the wood industry. The amount of 
residues was intentionally increased in some factories because of their need for sufficient 
fuelwood to supply the energy required for drying. Alternatives to the use of residues 
cannot be found unless the cost of residues rises and cheaper heat sources become available. 
Nevertheless, in some wood-processing factories, residues are discarded or incinerated. In 
such cases, the conversion of sawdust to briquette charcoal can be an efficient use of 
residues. In Laos and Cambodia, the implementation of CHP systems in wood-processing 
factories to generate electricity in local areas is promising. Government incentives are 
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needed to develop such systems, as in the case of a wood-industry park in Sarawak, 
Malaysia.  
Woody biomass is essential for local residents and for the wood industry and other 
industries in ASEAN countries. A possible approach to expand the uses for woody biomass 
as an energy source is as follows: First, the amount of biomass resources that are consumed 
should be reduced through the use of more efficient heat-using technology. Traditional 
cooking stoves are inefficient. If they are replaced with upgrades, the Philippines and 
Thailand could generate a surplus energy of 5.07 and 0.85 Mtoe (2005) respectively2. Woody 
biomass needs to be used as efficiently as possible, not only to save resources, but also to 
protect forests and precious ecosystems. Second, logging residues that are not collected 
because of current high transportation costs must be used. This problem cannot be resolved 
in the short term, but the whole world, including the ASEAN countries, must adopt this 
approach in the long run. ASEAN countries must deal with forestry problems such as illegal 
logging or improper slash-and-burn agriculture. A system needs to be put into place that 
will resolve these problems collectively. There is a need for a policy to encourage the 
collection of logging residues, especially those in the landings, as well as technology that 
will allow the efficient use of oil palm residues.  
According to ACE estimates1, biomass energy will play a significant role as a renewable 
energy source by 2010 in all ASEAN countries. It will account for 70% of renewable sources 
in 2010, although it accounted for 77% in 2000. Biomass energy will be a necessary energy 
source for the future in ASEAN countries, which must make concrete steps toward 
resolving the problems outlined in this study.   
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1. Introduction 
Biofuel cells generate electricity through biological processes. Conventional microbial fuel 
cells (MFCs) operate by converting organic substrates, such as glucose, acetate, starch, and 
lactate, to electrical bioenergy through microbial oxidation processes [1-3]. A typical MFC 
consists of an anodic and a cathodic chamber with electrodes partitioned by a proton 
exchange membrane (PEM) or a cation exchange membrane. This membrane functions as an 
insulator for maintaining the redox potential and only allows specific ion exchange [4].  
While MFCs use suspension cultivation of microorganisms in the anodic chamber [5], some 
MFCs attach microorganisms to the electrodes to form a biofilm [6]. As microbial oxidation 
consumes the supplied substrates, the anode surface generates electrons and conducts them 
to the cathode through an external circuit. The resulting cations pass through the membrane 
to the cathode in the electrolyte. However, the following three factors limit MFC 
performance: (1) electron activation on the anode and cathode surfaces, (2) electron transfer 
from microbial cells to the anode, and (3) internal resistances of the circuit and anions 
passing through the membrane. Researchers have developed electrode modification, 
mediator addition, and membrane-free designs to address these issues and improve MFC 
performance [5]. Different electrode materials produce different activation polarization 
losses; for example, the noble metal platinum (Pt) offers superior catalytic activity. But, 
graphite, graphite felt, Pt-coated graphite, and other metal-coated materials are employed as 
cost-effective electrodes [5,7,8]. 
Since the cell surfaces of microorganisms are not electrically conductive, the electrons inside 
the cells cannot directly transfer to the surrounding electrolyte [9,10]. For this reason, 
previous designs adopt several kinds of toxic and unstable electro-chemicals as 
electrochemical mediators, or electron shuttles: neutral red (NR), methylene blue (MB), 
thionint, and phenolic compounds [4,10]. However, these active chemicals are expensive 
and toxic, rendering them unsuitable for long-term operation [4]. Exchange membranes are 
the most expensive components of typical MFC [10]. These membranes insulate and 
separate different kinds and/or concentrations of electrolytes into two chambers and restrict 
specific ion exchange. Once the permeability of the exchange membrane becomes poor, the 
resulting increase in ohmic resistance decreases MFC performance [11]. A membrane-free 
system may address these concerns. In a membrane-free system, the diffusion gradient of 
the dissolved reactants between the anode and cathode maintains the electrochemical 
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potential with a sufficiently long distance [5]. However, this sufficient long distance leads to 
a large internal resistance [4,10]. 
Many operational MFCs employ microbes such as Clostridium sp., Geobacter sp., Shewanella 
sp., Synechocystis sp. and some photosynthetic microorganisms as microbial catalysts for 
electricity generation [4, 12, 13]. These non-photosynthetic and photosynthetic 
microorganisms require external substrates to live and generate electricity in the 
heterotrophic cultivation mode. Several recent studies apply mediator-free and membrane-
free MFCs for energy recovery in wastewater treatment [10, 11, 14, 15]. This promising 
design for MFC is also applied in our study. The current study uses the photosynthetic 
microorganism Spirulina platensis for electricity generation. When S. platensis attaches to the 
anode, it maintains the chemical potential using the attached biomass and conducts the 
produced electrons to the anode directly instead of transporting them through a mediator, 
exchange membrane, or reactant gradient. Both photosynthetic reaction in light and 
respiration reaction in dark can generate electrical power. The attractive design factors of a 
photosynthetic microbial fuel cell (PMFC), not only include its mediator-free and 
membrane-free design, but also instant electricity generation instead of a long cultivation 
time [16]. This study attempts to operate a PMFC in buffer solution using the batch mode 
with no organic substrate. This study also examines the effects of electrode spacing, 
electrolyte pH, temperature, and light on OCV associated on the PMFC power output. 

2. Materials and methods 
2.1 Cultivation of Spirulina platensis  
S. platensis was obtained from the Fisheries Research Institute in Pintung, Taiwan, and it was 
cultivated in Zarrouk medium containing 16.00 g/L NaHCO3, 1.60 g/L NaCl, 1.00 g/L KCl, 
0.50 g/L K2HPO4, 0.2 g/L MgSO4.7H2O, 0.10 g/L (NH2)2CO, 0.04 g/L CaCl2.2H2O, and 0.01 
g/L FeSO4.7H2O [17]. Cultivation was conducted in a 2000 ml Duran bottle with a 1700 ml 
working volume. The aeration rate of air was 2LPM and a white fluorescent lamp provided 
a continuous illumination of 30 μmole photon m-2 s-1. The cultivation system was operated 
at temperatures ranging from 28 to 30 °C for 7 days before S. platensis was harvested and 
weighed for the experiments.  

2.2 Configuration of a membrane-free and mediator-free PMFC 
The proposed PMFC chamber was constructed of transparent poly-acrylic plastic material. 
The length, width, and height of the PMFC chamber were 4cm, 2cm, and 2cm, respectively. 
Two platinum electrodes measuring 5cm long, 0.5cm wide, and 0.1cm thick were installed at 
each end of the PMFC with 2cm and 4cm spacing. One of the electrodes served as the anode 
for S. platensis attachment. Medium solution, carbonic acid, sodium bicarbonate, and sodium 
carbonate were employed as electrolytes. Using the medium as the electrolyte prepared the 
mediator-free and membrane-free PMFC for use, as Fig. 1 shows. 

3. PMFC operation and measurements 
The experiments in this study operated the PMFC in a continuous light illuminated and 
temperature controlled environment. S. platensis with biomass weight of 0.2g was attached 
to the 0.25cm2 anode. The PMFC’s voltage and current readings were collected every 10 
seconds by a dual-channel multi-meter (PROVA 903, manufactured in Taiwan) connected to 
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potential with a sufficiently long distance [5]. However, this sufficient long distance leads to 
a large internal resistance [4,10]. 
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3. PMFC operation and measurements 
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the Pt electrodes and a laptop PC through a RS-232 interface. Experiments used different 
temperatures (20°C, 30°C, and 40°C), light conditions (0 and 30μmol m-2 s-1), electrolyte pH 
values (pH 5.5, 8.5 and 9.9), and spacing between electrodes (2cm and 4cm) to determine 
their effects on the output voltage and current. Resistances of 22MΩ, 10MΩ, 3.9MΩ, 1MΩ, 
500KΩ, 220KΩ, 100KΩ, 56KΩ, 18KΩ, 1KΩ, and 2.5Ω were loaded to reveal the relationship 
between working current and PMFC voltage in the external circuit. Furthermore, two 
equally-sized PMFCs were connected in series and in parallel to investigate the effect of 
setup on overall performance. 
 

 
Fig. 1. The mediator-free and membrane-free PMFC with S. platensis, which attached to the 
left side. 

4. Results and discussion 
4.1 Initialization and instant application 
Initially, 0.2g S. platensis biomass weight was attached to the anode surface under dark 
conditions, and the distance between the electrodes was 4cm. Since the biomass attaching 
onto the anode is a step change for the PMFC, the OCV increased from zero to 0.33V in 13 
minutes after the biomass attachment. Figure 2(a) shows the associated responses to the 
mentioned step change in the OCV readings. Equation 1 indicates that the OCV transition 
time depends on the time constant (RC), which is the product of the internal resistance (R) 
and capacitance (C) of the PMFCs: 
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tRC V
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−
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where R is the internal resistance of the PMFC, C is the capacitance, V  is the voltage, t is the 
time, and mV  is the maximum OCV. 
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Applying the least squares method to the recorded OCV data indicates that the time 
constant, RC, is approximately 4.4 minutes. The time constant represents the time required 
to reach 63.2% maximum OCV. Reducing the internal resistance decreases the time constant 
decreases, and simultaneously increases power output [18]. The time constant indicates that 
the developed PMFC is capable of instant usage. 
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Fig. 2.(a) The response of the OCV associated with the zero current density caused by a step 
change of 0.2g biomass attachment on the anode. 
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Fig. 2.(b) Determination of the time constant, RC, by the least squares method with the 
collected OCV data. 
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Applying the least squares method to the recorded OCV data indicates that the time 
constant, RC, is approximately 4.4 minutes. The time constant represents the time required 
to reach 63.2% maximum OCV. Reducing the internal resistance decreases the time constant 
decreases, and simultaneously increases power output [18]. The time constant indicates that 
the developed PMFC is capable of instant usage. 
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4.2 Effects of light conditions  
The proposed S. platensis PMFC was operated in the dark until the OCV approached a 
pseudo-steady-state level in the first eight minutes. A light intensity of 30μmol photon m-2 s-

1 was applied to the PMFC. The PMFC responses the step change coming from the light 
intensity by the OCV dropped from 0.24V to 0.19V, as shown in Fig. 3. This negative 
response in lighting is different from other studies, indicating that the OCV increased with 
the light intensity [13,19]. 
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Fig. 3. Effects of lighting on the OCV and output current density. 

4.3 Effects of resistance 
The PMFC was connected to various levels of external resistances to generate electricity in 
both dark and light conditions. The OCV of the PMFC was initially 0.24V in the dark 
condition. A step change of 22MΩ resistor created a voltage drop of 0.22V, and the current 
density increased from zero to 0.3mA m-2. Resistances of 10MΩ, 3.9MΩ, 1MΩ, 500KΩ, 
220KΩ, 100KΩ, 56KΩ, 18KΩ, 1KΩ, and 2.5Ω, were sequentially applied to determine the 
resistance effects on PMFC voltage and current densities. The resistance change took about 
five minutes to approach a new pseudo-steady-state level. Decrease of the external 
resistanceed led to a decrease of working voltages and an increase of current densities until 
voltage readings approaching zero, as shown in Fig. 4.  

4.4 Effects of spacing in dark and light conditions 
Spaces between the electrodes were provided to evaluate the output of the voltages and 
current densities under both the light and dark conditions. The PMFC with 4cm electrode 
spacing was first operated in dark and light conditions, and responded to the applied light 
with an OCV drop. Various levels of external resistances were sequentially loaded to 
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determine the associated current densities and voltages in dark conditions. Results indicate 
that a shorter spacing distance created higher voltage, current density, resistance, and 
output. The PMFC under light conditions achieved a lower power density in the same 
external resistance than that under dark condition. 
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Fig. 4. Time courses of voltage associated with the current density readings of a PMFC with 
4 cm electrode spacing after sequentially loading various resistances. 
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Fig. 5. Power density curves of the PMFC with different electrode spaces of 2 cm and 4 cm 
under dark and light conditions (pH 9.9, 30°C, and biomass density of 1g cm-2). 



 Biomass 

 

130 

determine the associated current densities and voltages in dark conditions. Results indicate 
that a shorter spacing distance created higher voltage, current density, resistance, and 
output. The PMFC under light conditions achieved a lower power density in the same 
external resistance than that under dark condition. 

0 10 20 30 40 50 60 70

0.00

0.05

0.10

0.15

0.20

0.25

2.5 Ω

1K Ω

18K Ω

56K Ω

100K Ω

220K Ω

500K Ω

1MΩ

3.9MΩ

10MΩ

 

 

Time(minute)

V
ol

ta
ge

(V
)

22MΩ

0

10

20

30

C
urrent density(m

A
 m

-2)

 
Fig. 4. Time courses of voltage associated with the current density readings of a PMFC with 
4 cm electrode spacing after sequentially loading various resistances. 

0.0 0.1 0.2 0.3 0.4
0

1

2

3

4

5

6

7
 In dark, spacing 2 cm
 In dark, spacing 4 cm
 In light, spacing 2 cm
 In light, spacing 4 cm

 

 

P
ow

er
 d

en
si

ty
 (m

W
 m

-2
)

Voltage(V)  
Fig. 5. Power density curves of the PMFC with different electrode spaces of 2 cm and 4 cm 
under dark and light conditions (pH 9.9, 30°C, and biomass density of 1g cm-2). 

Electricity Generation by Photosynthetic Biomass   

 

131 

4.5 Effects of electrolyte pH 
Three pH levels of 5.5, 8.3, and 9.9, maintained by carbonic acid, sodium bicarbonate and 
sodium carbonate, respectively, were applied to the PMFC to evaluate the effects of pH on 
power output. Experimental results demonstrate that the highest OCV of 0.39V occurred at 
pH 5.5; while the lowest OCV of 0.24V occurred under basic conditions (pH 8.3 and pH 9.9) 
The received maximum power output were approximately 5mWm-2, as Fig 6 shows. These 
results indicate that the PMFC performed better in acidic conditions. A possible explanation 
is that the carbonic acid increased the PMFC’s ionic strength of H+ and reduced the internal 
resistance of PMFC [20]. 
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Fig. 6. Power density curves of the PMFC with S. platensis at various pH levels of 5.5, 8.3, 
and 9.9 (in dark, 30°C, and biomass density of 1g cm-2). 

4.6 Effects of temperature 
The PMFC was operated at 20°C, 30°C, and 40°C to determine effects of temperature on 
electrical output. The OCV increased as the temperature increased, and the maximal value 
of 0.39V appeared at 40°C. Figure 7 shows the power density curves of the PMFC loaded 
with various external resistors. These results show that PMFC achieved higher power 
output at higher temperatures. A possible explanation is that higher temperatures increased 
the reaction rate and transportation of electrons [21-23].  

4.7 Effects of PMFC connections  
Since the negative light response in this study differs from other studies, subsequent 
experiments examined the effects on the connection of two PMFCs in parallel and in series. 
External resistors were loaded sequentially to obtain voltage and current density readings. 
The resulting current-voltage curves in Fig. 8 present that the OCV readings for parallel and 
series connections were 0.31V and 0.45V, respectively, and the maximum current densities 
were 40 and 25mA m-2. These results indicate that PMFCs connected in parallel and series 



 Biomass 

 

132 

achieved greater current densities and OCVs, respectively. The maximal power density was 
approximately 2.5mW m-2 for both cases. 
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Fig. 7. Power density curves of the PMFC with S. platensis under temperature conditions of 
20°C, 30°C, and 40°C (in dark, pH 9.9, and biomass density of 1g cm-2).  

0.0

0.1

0.2

0.3

0.4

0.5

0 10 20 30 40

 in parallel
 in series

 
 

Current density (mA m-2)

V
ol

ta
ge

(V
)

 
Fig. 8. The polarization curves of two equally-sized PMFCs connected in series and in 
parallel (in dark, pH 9.9, 30°C, and biomass density of 1g cm-2). 
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5. Conclusion 
The proposed PMFC employs the living bio-catalyst S. platensis to generate electricity 
without membranes and mediators. This study examines PMFC performance under 
different lighting conditions, electrode spaces, electrolyte pH values, temperatures, and 
connection types. The proposed PMFC achieved the highest power output in the conditions 
of dark, 2cm between the electrodes, pH 5.5, and a temperature of 40°C. When two PMFCs 
of the same size were connected, they exhibited a higher voltage in series and greater 
current density in parallel. 
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1. Introduction  
The bulk of the evidence indicating that global climatic alterations occur as a result of 
increasing concentrations of greenhouse gases in the atmosphere has created pressure to 
develop strategies to reduce these changes (IPCC, 2001). Carbon dioxide is considered to be 
the main gas of the greenhouse effect, both in terms of emission and its climate-altering 
potential.  
In 1997, the signatory countries of the Kyoto Protocol agreed to reduce CO2 emissions in an 
agreement that established the need to develop carbon dioxide sequestering processes. Thus 
the various technologies available for carbon capture and storage need to be evaluated from 
the point of view of obtaining carbon credits, aiming to stabilize emissions of this pollutant 
(UNFCCC, 1997). In addition to technologies available for immediate use, other CO2 capture 
methods are being developed for application in the near future. The choice of these 
methodologies will depend on factors such as cost, capture capacity, environmental impact 
and the speed with which the technology can be introduced in addition to social factors 
such as public acceptance (IPCC, 2007a).  
In this context, the use of biotechnological processes for carbon dioxide biofixation is 
considered viable for reducing emissions of this pollutant. These processes are based on the 
use of reactors used to develop photosynthetic reactions in which microalgae are used as 
biocatalysts in a series of biochemical reactions responsible for the conversion of CO2 into 
photosynthetic metabolic products (Jacob-Lopes et al., 2010). With this in mind, the 
objectives of this present chapter are to present an overview of a potential technology for 
carbon dioxide transformation into biomolecules and to describe the current state of the art 
in the biological conversion of CO2 in photobioreactors thereby facilitating worldwide 
advances in this research area. 

2. Carbon dioxide emissions 
Global monitoring of atmospheric CO2 concentration during the last century indicated an 
increase in carbon dioxide concentration from 295ppm in 1900 to 377ppm in 2004, 
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representing an increase of 27.8% (Thitakamol et al., 2007). On a global basis, it is estimated 
that more than 25 GtCO2 are emitted annually as a result of burning fossil fuels. The 
magnitude of the influence of human activities on the biological carbon cycles suggests the 
need for high managerial levels and the mitigation of emissions of this compound into the 
atmosphere (IPCC, 2007b). 
Sources of carbon dioxide emission can be classified as stationary, mobile or natural. The 
industrial processes most contributing to increasing atmospheric CO2 concentrations consist 
of electrical energy generating plants, hydrogen and ammonia production plants, cement 
factories, and fermentative and chemical oxidation processes. In addition to the carbon 
dioxide emitted industrially, the CO2 generated in residences, buildings and commercial 
complexes also contributes to the stationary emissions, as do forest and agricultural fires. 
The mobile emission sources mainly consist of the carbon dioxide generated by passenger 
and cargo transport including cars, trucks, buses, planes, trains and ships. Human and 
animal metabolism, plant and animal degradation and volcanic and oceanic activities are the 
main natural carbon dioxide sources. Sources of anthropogenic emissions include stationary 
and mobile sources but exclude the natural sources (Song, 2006). 
Microalgae-based systems are restricted to the use of stationary industrial emissions. 
Sources of high purity CO2 emission at reduced temperatures should be identied and the 
photobioreactors adapted to these conditions (Francisco et al., 2010). 

3. Microalgae 
Current taxonomic concepts and standards classify microalgae into groups as diatoms, 
chlorophyceae and cyanobacteria (Anand, 1998). 
Photosynthesis is the main metabolic model of the microalgae, a process that had a central 
role in the rise in the oxygen level of the terrestrial atmosphere during the evolution of the 
current biosphere (Schmetterer, 1994). Nevertheless these microorganisms have great 
versatility in the maintenance of their structures, using different energy metabolisms such as 
respiration and nitrogen fixation (Demeyer et al., 1982; Grossman et al., 1994). 
Some genera of microalgae have high concentrations of pigments, including chlorophyll a, 
considered essential for photosynthesis. Another two pigment classes involved in light 
energy capture are the carotenoids and phycobilins. The carotenoids are red, orange or 
yellow lipid-soluble pigments, found in association with chlorophyll a. The third class of 
accessory pigments is the phycobilins: phycocyanin, a blue pigment present in microalgae, 
and phycoerythrin, a red pigment sometimes absent (Fay, 1983). In addition to these 
pigments, these microorganisms have a highly developed intracytoplasmatic system, 
indicating photosynthesis as the preferred metabolic pathway. 
The microalgae are capable of using free CO2 and bicarbonate ions as a source of inorganic 
carbon during photosynthesis, transporting them across the fine plasmatic membrane where 
they accumulate in the cell as an inorganic carbon reservoir for photosynthesis. The 
bicarbonate is converted into CO2 by the enzyme carbonic anhydrase (Zak et al., 2001; 
Badger & Price, 2003). 
The main characteristic of photosynthesis, first elucidated in algae and higher plants, can 
also be applied to the microalgae, although there are some aspects specific to some 
microalgae. The spectral light absorption characteristic of these strains is different from that 
of the other photosynthetic organisms, since high photosynthetic activity rates are measured 
not only in the spectral region from 665 to 680nm, where the light is better absorbed by 
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chlorophyll a, but also from about 620nm to 560nm, where phycocyanin and phycoerythrin 
respectively absorb light effectively. This shows that the light absorbed by the 
phycobiliproteins is used by these microalgae as efficiently as light absorbed by chlorophyll, 
suggesting a very high photosynthetic activity by these microorganisms (Campbell et al., 
1998). 

3.1 Photosynthetic metabolism 
Photosynthesis is characterized by a two-stage mechanism: a photochemical reaction and a 
carbon fixation reaction. In this way, carbon dioxide is incorporated into ribulose 1,5 
diphosphate (rubisco) energy being required during the catalytic reaction of the primary 
enzyme rubisco carboxylase. The reaction product is broken into three carbon molecules, 
phosphoglyceric acid (PGA) and the reduction of the PGA caused by the electron 
transporter NADPH (nicotinamide adenine dinucleotide phosphate) leads to the production 
of a series of intermediary phosphorylated sugars and finally to glucose. This sequence of 
metabolic transformations is known as the Calvin-Benson cycle (Calvin and Benson, 1948).  
Carbon dioxide fixation is not directly light dependent and thus the process is called the 
photosynthetic dark reaction. The demands for energy in the form of ATP and NADPH 
translate the transformations of the Calvin-Benson cycle, entirely dependent on the 
photochemical reaction, which occurs in the tilacoid or intracytoplasmatic membrane 
(Campbell et al., 1998). In this stage the light energy is absorbed by the highly organized 
structures of the photosynthetic pigments and electron transporters, known as 
photosystems I and II, thus exciting the chlorophyll a molecule. This leads to an explosion of 
excited electrons and their flow determines the redox potential gradient, which results in the 
formation of strongly electronegative electron transporters such as ferridoxin and NADPH. 
Part of the energy liberated is incorporated into ATP in the phosphorylation process during 
electron transport. The last electron source for photosynthesis is H2O, which gives up 
hydrogen atoms and electrons during the photolysis process, or Hill’s reaction, and releases 
O2, the product of photosynthesis by microalgae and green plants (Fromme et al., 2006).  
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maintenance required for essential cell processes in the dark. It is first converted into 
glucose-6-phosphate, which is then metabolized via the respiratory pathways (Fay, 1983). 
Although enzymes from the glycolytic pathway have been identified in microalgae, they 
show extremely low activity. The energy metabolism of the dark metabolism of the 
microalgae is distinctly dependent on O2 and its main pathway is the pentose-6-phosphate 
oxidative cycle (Schmetterer, 1994). 

3.2 Carbon concentration mechanisms in microalgae                                              
The way in which the different species of microalgae adapt to a wide range of carbon 
dioxide concentrations is related to an essential biophysical mechanism denominated the 
carbon concentration mechanism (CCM), which concentrates the carbon dioxide at the 
photosynthetic carboxylation sites. This mechanism corresponds to complex metabolic 
pathways, since different forms of inorganic carbon are involved in these biological 
processes (Jaiswal & Kashyap, 2002).  
The function of the carbon concentration mechanism is to raise the intracellular inorganic 
carbon levels, compensating for limitations in the carbon dioxide supply that could reduce 
the photosynthetic rates. This mechanism is responsible for pumping CO2 to the 
carboxylation sites (Falkowski, 1997). 
Microalgae are capable of using three different inorganic carbon assimilation pathways: (i) 
direct carbon dioxide assimilation via the plasmatic membrane; (ii) the use of bicarbonate by 
inducing the enzyme carbonic anhydrase, which converts the HCO3- into CO2; and (iii) 
direct transport of bicarbonate via the plasmatic membrane. The enzymes carbonic 
anhydrase and ribulose 1,5 bisphosphate carboxylase/dehydrogenase (rubisco) are 
responsible for the biocatalysis of these reactions, in which the enzyme carbonic anhydrase 
converts bicarbonate into carbon dioxide, and rubisco uses this compound as a substrate to 
produce phosphoglycerate. The rate of this reaction may be slow due to limited carbon 
dioxide production. Thus the elevated efficiency of the enzyme carbonic anhydrase, capable 
of increasing the intracellular carbon dioxide levels to concentrations 1000 times higher than 
those in the external fluid, results in an efficiency carbon fixation reaction in these 
organisms. These mechanisms are consistent with various results found in the literature 
about microalgae with high carbon dioxide requirements and capable of accumulating high 
internal levels of inorganic carbon (Fridlyand et al., 1996; Marcus, 1997; Tchernov et al., 
1997; Badger & Price, 2003; Cuaresma et al., 2006). 

4. Photobioreactors  
Biotechnological processes have been conducted in the evaluation of the mass and energy 
transference phenomena, in the dimensioning and construction of equipment processing 
biotransformations and in the operation of control systems and instrument applications for 
accompanying the transformation kinetics (Merchuk & Wu, 2004). 
Photobioreactors using microalgae to treat polluting compounds and produce biomolecules  
are based on five basic criteria: elevated efficiency in the use of light energy, an adequate 
mixing system, easy control of the reaction conditions, reduced hydrodynamic stress on the 
cells and ease in scale-up (Muñoz & Guieysse, 2006). 
Systems using photobioreactors are based on natural processes in which the photosynthetic 
metabolism of the microorganisms converts light energy, heat and CO2 into photosynthetic 
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products (Contreras et al., 1999). The use of photobioreactors to cultivate microalgae 
requires the presence of light, carbon dioxide and dissolved nutrients for growth of the 
microorganism. Consequently, these processes require systems for illumination, gas 
exchange (addition of CO2 and removal of O2), the addition of nutrients and temperature 
control (Rorrer & Cheney, 2004). 
Photosynthetic microorganisms can be cultivated in open or closed photobioreactors. The 
closed systems are characterized by elevated photosynthetic efficiency associated with a 
precise control of the operational variables, showing a lower risk of contamination and 
minimization of water loss by evaporation, highly significant factors in open systems. On 
the other hand, closed systems are more expensive, since they must be constructed with 
transparent materials, and are more complicated to operate and more difficult to scale up. 
The ratio of volume per unit area is another criterion to be considered when choosing the 
system, since the implementation of open systems requires the availability of large areas for 
the elevated reaction volumes (Borowitzka, 1999; Molina Grima et al., 1999). 
Various configurations have been proposed for closed photobioreactors. The main types 
include bubble column, air-lift, tubular (loop) and stirred tank reactors (Jacob-Lopes et al., 
2009). Open pond systems can be oval (raceway), circular or rectangular (Borowitzka, 1999).  

4.1 Carbon dioxide transfer in photobioreactors 
Carbon dioxide is usually the main carbon source in the photosynthetic cultivation of 
microalgae and can be transferred continually or intermittently from the gas phase to the 
liquid phase of the culture medium (Molina Grima et al., 1999). 
The reactivity of carbon dioxide in aqueous solutions establishes various equilibriums in its 
contact with water. The first equilibrium refers to the dissolution of the gas in the water, 
forming carbonic acid. The carbonic acid undergoes almost instantaneous dissociation into 
bicarbonate and carbonate ions with the total inorganic carbon concentration being given by 
the sum of the species CO32-, HCO3- and CO2 (Rorrer & Mullikin, 1999). 
Simple CO2 bubbling in the liquid phase does not lead to a total dissolution, since a fraction 
of the injected CO2 is lost in the gas outlet. CO2 absorption is mainly a function of the 
volumetric mass transfer coefficient, the mass transfer driving force and the gas retention 
time (Merchuk et al., 2000).  
In terms of solubility, carbon dioxide is approximately ten times more soluble in water than 
oxygen gas. Nevertheless, due to the low solubility of both gases in aqueous solution, there 
is a need to provide these elements throughout the process (Klasson et al., 1991). 
Thus an efficient carbon dioxide transfer system is required for photobioreactors. Efficiency 
in carbon dioxide transfer is necessary so as to raise the volumetric mass transfer coefficients 
KLa (CO2) allowing for improved transfer of gas to the liquid phase (Baquerisse et al., 1999). 
According to these authors, the volumetric mass transfer coefficients depend mainly on the 
physical properties of the fluid, the fluid flow and the system and geometry of the gas 
injector. 
Carbon dioxide transfer in bioreactors becomes a limiting factor in the processes, since the 
dissolved carbon dioxide concentration decreases with increase in temperature and also 
with an increase in the concentration of dissolved salts. This factor is relevant in processes 
for the transfer and removal of CO2 by microalgae, suggesting the need for higher values of 
saturation concentration (Rorrer & Cheney, 2004). 
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5. Carbon dioxide biotransformation by microalgae 
Microalgae are microorganisms that are being applied in the reduction of carbon dioxide 
emissions into the atmosphere, where this compound is biotransformed in the presence of 
light energy. Evidence of a highly developed photosynthetic system has led to the 
suggestion of using microalgae in the treatment of gaseous effluents with elevated CO2 
concentrations, generated by industrial discharges (Hsueh et al., 2007). 
Much research was developed in the nineties, especially in Japan, on processes for the 
biofixation of carbon dioxide using microalgae. These studies are being intensified, aiming 
at projecting systems that operate efficiently and economically with the objective of 
developing technologies for the reduction of gaseous pollutants (Watanabe & Hall, 1996; 
Watanabe & Saiki, 1997; Cheng et al., 2006; Ono & Cuello, 2007; Jacob-Lopes et al., 2008; 
Jacob-Lopes et al., 2009, Francisco et al., 2010). 
The use of microalgae in carbon dioxide convertion processes is considered a promising 
alternative, since the element carbon can be converted by different mechanisms. In the first 
step, the carbon dioxide dissolved in the aqueous phase of the system can be sequestered by 
chemical precipitation due to the reaction of the ions bicarbonate and carbonate with 
elements present in the culture medium, such as calcium and magnesium. These reactions 
are catalyzed by the growth and physiology of the microalgae (Marcus, 1997; Lee et al., 
2004). Another carbon-fixing pathway is related to the Calvin-Benson cycle, where 
specialized enzymes present in these organisms catalyze reactions that incorporate carbon 
atoms coming from the CO2 involved in photosynthesis (Falkowski, 1997). The biological 
conversion of carbon dioxide results in products of the photosynthetic metabolism such as 
cells, oxygen, biopolymers soluble in the culture medium and volatile organic compounds 
(VOC’s) (Ishida et al., 1997; Muñoz et al., 2004; Jacob-Lopes et al., 2010). 
The CO2 conversion into biomass is high only under conditions where the CO2 mass loading 
rate is low. At a high CO2 mass loading rate, the formation of volatile organic compounds is 
the main CO2 biotransformation route (Fig. 1). 
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Fig. 1. Percentage of effectively sequestered carbon fixed into biomass. 15% of CO2 at a flow 
rate of 1VVM. Source: Jacob-Lopes et al. (2010). 
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6. Potential uses for the bioproducts  
The main advantages of producing biomolecules from photosynthetic organisms are related 
to their rapid reproduction and the low cost of the sources of energy and nutrients used for 
their multiplication. Evidently this is done for the cost of the medium in which the 
microorganisms develop, which can be composed of a wide variety of substrates, some of 
which, including industrial residues, are cheap, thus solving problems of an environmental 
nature and also serving to produce consumables (Anupama & Ravindra, 2000). 
 The biochemical composition of the microalgal cells includes characteristics of commercial 
interest, significant proportions of proteins, lipids, carbohydrates and pigments, which can 
be used as ingredients of foods destined for human consumption and animal feeds and in 
the extraction of biomolecules and the production of biofuels (Harun et al., 2010). In this 
way, the use of these microorganisms in carbon sequester processes associates the treatment 
of polluting compounds with the production of consumables that can be recycled in a 
variety of forms. Table 1 shows some potential uses for the bioproducts formed by the 
biological conversion of carbon dioxide in photobioreactors.  
An analysis of Table 1 demonstrates a wide variety of possible uses for the microalgal 
biomass. According to Spolaore et al. (2006), the microalgal biomass industry currently 
produces more than 5000 tons of dried mass/year with an annual revenue greater than US$ 
1.25x109, not including processed products, demonstrating the exploration potential of this 
type of biotechnological process. 
 

 Application Examples Reference 

Human food 
Source of single-cell protein and use in the 
supplementation of products such as pastas, 
soups and beverages. 

Rodriguez-Garcia 
and Guil-
Guerrero (2008) 

Animal feed Frequent use of some species in the feeding of 
fish and shellfish. 

Olvera-Novoa et 
al. (1999) 

High-value 
molecules 

Source of chlorophyll a, phycocyanin, β-
carotene, γ-linolenic acid, eicosapentaenoic acid 
and stable isotope biochemicals 

Spolaore et al. 
(2006) 

Fertilizers Use of the biomass as a source of nitrogen and 
phosphorous in tillable land. Chae et al. (2006) 

Natural gas  
production  

Production of CH4 in fermenters by the 
digestion of biomass.  

Yen and Brune 
(2007) 

Biodiesel 
production 

Production of biodiesel from the lipid fraction of 
the cells.  

Miao and Wu 
(2006) 

Syngas 
production  Production of synthesis gas from the biomass. Amin (2009) 

Inorganic salts 
production Source of carbonates and bicarbonates Lee et al. (2004) 

Renewable 
production 
polymers  

Source of exocellular sugars and proteins. Ishida et al. 
(1997) 

Volatile organic 
compounds 
production  

Production of hydrocarbons, aldehydes and  
organohalogens 

Muñoz et al. 
(2004) 

Table 1. Potential uses of the bioproducts 
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Besides the use of biomass and its derivatives, carbonates and bicarbonates are other 
products likely to be formed in photobioreactors. The use of Generally Recognized as Safe 
(GRAS) species and airstreams without toxic compounds, e.g., bioethanol plants, can 
produce chemicals of commercial value (Huijgen et al., 2007). 
In addition, extracellular proteins and mainly sugars can be secreted into culture media in 
photobioreactors. Such compounds have several applications in pharmaceutical and food 
industries, since some may have unique properties for special applications, not found in the 
polymers currently available. These include use as a bioemulsifier, bioflocculant, agar-agar 
substitute or cosmetic material as well as other (De Philippis & Vicenzini, 1998). 
Finally, microalgae cells can produce non methane hydrocarbon (ethane, ethylene, propane, 
propylene, butane, isobutane, pentane, hexane, isoprene and ethylene) (Schobert & Elstner, 
1980; Shaw et al., 2003), organohalogens (chloroform, trichloroethylene, bromomethane, 
chloromethane, iodomethane) (Scarratt & Moore, 1996) and aldehydes (propanal, hexanal, 
n-heptanal, formaldehyde, acetaldehyde, furfural and valeraldehyde) (Schobert & Elstner, 
1980; Nuccio et al., 1995). These compounds are continuously being formed and released 
from the aqueous phase of photobioreactors. The production of renewable polymers is an 
emergent area for industrial practice.  
Thus, microalgae-based systems are one the most promising emerging biorefinery 
platforms. These systems are a means of resolving environmental problems and providing 
effective solutions to the energy crisis at the same time. This biorefinery type mediates 
between environment and society and has positive economic impacts. 

7. Applicability of the process 
Full-scale processes with microalgae are mainly based on open photobioreactors. Some 
successful initiatives have been carried out in closed systems, and in this case, the scale is 
normally semi-pilot or pilot. The intensification of these processes represents an important 
step in the consolidation of the technology for the biological transformation of carbon 
dioxide into photosynthetic products. 
Open photobioreactors are suitable for the production of high-value products. The carbon 
dioxide sequestration rates are low and are not viable for processes that aim only to obtain 
carbon credits.  
Closed photobioreactors have higher rates of biotransformation of carbon dioxide into 
bioproducts, and the greatest potential for commercial application. However, there are still 
high hurdles to overcome before these processes can be fully scalable.  
Although it is believed that there is high availability of industrial CO2, for use in microalgae-
based systems in the practice this is not true. Biologically mediated processes require cold 
gases, rarely obtained in the conventional industrial flue gases, which can reach thousands 
of degrees Celsius, limiting the use of most sources of industrial gases.  
In addition, flue gases are usually composed of carbon dioxide and water vapor as well as 
nitrogen and excess oxygen remaining from the intake combustion air. They also contains a 
significant percentage of other compounds such as particulate matter, carbon monoxide, 
nitrogen oxides and sulfur oxides, which have a toxic and/or inhibitor effect on microalgal 
growth.  
Finally, there is no consensus on the shape of closed photobioreactors for full-scale 
application. Bubble column, air-lift, flat-panel and tubular reactors and variations of these 
are the main options, but they are still far from industrial reality.  
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1. Introduction 
With the increasing concern on fossil fuel storage and environmental problems, the 
utilization of renewable lignocellulosic biomass resources will play an increasing important 
role in the future. Biomass can be converted to a variety of fuels and chemicals by different 
technologies, one of them is fast pyrolysis which has received extensive interests in recent 
years (Bridgwater & Peacocke, 2000; Mohan et al., 2006). Fast pyrolysis of biomass is a 
thermal decomposition process that occurs in the absence of oxygen, with quickly biomass 
decomposition and rapid vapor condensation, to convert biomass mainly into a liquid 
product (know as bio-oil) with the yield as high as 70~80 wt%. The essential principles to 
obtain high bio-oil yield include moderate pyrolysis temperature (around 500 °C), very high 
heating rates (103 – 105 °C/s), short vapor residence time (< 2 s) and rapid quenching of 
pyrolysis vapors. A number of pyrolysis reactors have been developed for the bio-oil 
production, including bubbling fluidized bed, entrained bed, circulating fluidized bed, 
rotating cone, screw pyrolysis reactor, vacuum pyrolysis reactor, etc. In recent years, several 
research institutes (BTG, Dynamotive) have already established demonstration biomass fast 
pyrolysis plants, suggesting that the fast pyrolysis technique is near commercial. 
Crude bio-oils, also referred to as biomass pyrolysis liquids, pyrolysis oils, or bio-crude oils, 
are dark brown, free flowing liquids with an acrid or smoky odor. Chemically, bio-oils are 
complex mixtures of water and hundreds of organic compounds that belong to acids, 
aldehydes, ketones, alcohols, esters, anhydrosugars, furans, phenols, guaiacols, syringols, 
nitrogen compounds, as well as large molecular oligomers (holocellulose-derived anhydro-
oligosaccharides and lignin-derived oligomers).  There are many valuable compounds, and 
thus, bio-oils have the potential for useful chemicals recovery. However, most of the 
chemicals are in low contents, making their recovery not only technically difficult but also 
economically unattractive at present.  Therefore, the commercialization of bio-oils for value-
added chemicals requires the production of specific bio-oils with high contents of target 
products. 
Selective fast pyrolysis, differed from conventional fast pyrolysis which is usually aimed at 
the maximum bio-oil yield, is to drive the pyrolysis of biomass towards the products of 
interest. Since the biomass pyrolytic pathways and the subsequent products are influenced 
by various factors, and thus, selective fast pyrolysis can be performed in different ways, 
mostly by catalyst utilization, to (1) maximize the yield of target products and (2) obtain 
target products with high purity. This manuscript is divided into two sections. The first 
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section reviews the biomass fast pyrolysis reaction pathways and mechanisms, and the 
second section discusses the methods for the production of several value-added chemicals 
from selective fast pyrolysis of biomass. 

2. Biomass fast pyrolysis reaction pathways and mechanisms 
2.1 Cellulose fast pyrolysis 
Cellulose is the main component of lignocellulosic biomass and is predominantly located in 
the cell wall. It is a linear homopolysaccharide of β-D-glucopyranose units linked together 
by (1→4)-glycosidic bonds. Among the three major components of lignocellulosic biomass, 
the cellulose has received the most attention in its pyrolytic mechanism study. 
Cellulose starts pyrolysis at as low as 150 °C. At temperatures lower than 300 °C, pyrolysis 
of cellulose mainly involves the reduction in degree of polymerization, the formation of free 
radicals, elimination of water, formation of carbonyl, carboxyl and hydroperoxide groups, 
and evolution of carbon monoxide and carbon dioxide, finally leaving a charred residue 
(Shafizadeh, 1982; Evans & Milne, 1987). The low temperature pyrolysis will produce very 
low yield of organic liquid products. 
At temperatures above 300°C, the pyrolysis of cellulose involves many new reactions, 
mainly leading to a liquid product with the yield as high as 87 wt% (Piskorz et al., 1989). 
Generally, cellulose is firstly decomposed to form activated cellulose (Boutin et al., 1998). 
Afterwards, two major parallel pathways will take place, the depolymerization and the 
fragmentation (ring scission), as shown in Fig.1. The depolymerization process mainly forms 
anhydro-oligosaccharides, levoglucosan (LG) and other monomeric anhydrosugars, furans, 
cyclopentanones, pyrans and other related derivatives. The ring scission process mainly 
obtains hydroxyacetaldehyde (HAA), acetol (HA), other linear carbonyls, linear alcohols, 
esters, and other products (Piskorz et al., 1986; Radlein et al., 1991; Lanza et al., 2009; Lin et 
al., 2009). In a recent study, Shen & Gu (2009) proposed the detailed possible routes for the 
pyrolytic formation of several major products from cellulose, as shown in Fig.2. 
 
 

 
 

Fig. 1. The two parallel pyrolytic pathways during fast pyrolysis of cellulose at moderate 
temperatures 
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Fig. 2. The major pyrolytic pathways during cellulose fast pyrolysis (proposed by Shen & Gu) 

2.2 Hemicellulose fast pyrolysis 
Hemicelluloses are closely associated with cellulose in the cell wall as well as to lignin in the 
middle lamella. They are amorphous polysaccharides with building units belong either to 
hexoses (mainly D-glucose, D-mannose, and D-galactose) or to pentoses (mainly D-xylose 
and L-arabinose). The primary hemicellulose components are galactoglucomannans 
(glucomannans) and arabinoglucuronoxylan (xylan). Compared with cellulose, 
hemicelluloses have received less attention in their pyrolytic mechanism study. 
Hemicelluloses are less thermally stable than cellulose, presumably due to the lack of 
crystallinity, and their pyrolysis is generally thought to be analogous to cellulose in the 
reaction mechanisms. Fast pyrolysis of glucomannans generates similar pyrolytic products 
as the cellulose, while the pyrolytic products from xylan differ more than those from 
cellulose (Alen et al., 1996). Generally, xylan fast pyrolysis will obtain higher char yield than 
that from cellulose, and will not form a typical depolymerization product, like the LG from 
cellulose. A probable cause of this difference was explained by Ponder & Nichards (1991). 
During cellulose pyrolysis, the glucosyl cation from the scission of the common glucans can 
readily form a stable 1,6-anhydride with the free primary hydroxyl group at C-6, and finally 
yields the volatile LG. However, there is no feasible mechanism for intramolecular 
“stabilization” for the xylosyl cation via anhydride formation, and hence, the xylosyl cation 
is more likely to enter the non-specific dehydration pathways, resulting in the char 
formation rather volatiles. 
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In a recent study, Shen et al. (2010) also proposed the detailed possible routes for the 
pyrolytic formation of several major products from main xylan chain, as well as the O-
acetylxylan and 4-O-methylglucuronic acid unit, as shown in Fig.3. 
 

 
Fig. 3. The major pyrolytic pathways during xylan fast pyrolysis (proposed by Shen et al.) 
(a) the main chain of O-acetyl-4-methylglucurono-xylan, (b) O-acetylxylan and 4-O-
methylglucuronic acid unit 
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2.3 Lignin fast pyrolysis 
Lignin is the amorphous material that surrounds cellulose fibres and cements them together. 
It is a complex, heterogeneous polymer formed by the polymerization of three phenyl 
propane monomers, i.e. guaiacyl (4-hydroxy-3-methoxyphenyl), syringyl (3,5-dimethoxy-4-
hydroxyphenyl) and p-hydroxyphenyl units. Lignin is the most complicated, least 
understood and most thermally stable component of biomass. 
Primary pyrolysis of lignin begins with thermal softening at around 200°C, while most 
lignin pyrolysis occurs at higher temperatures, higher than the fast decomposition of 
cellulose. Fast pyrolysis of lignin will obtain higher char yield and lower liquid yield than 
holocellulose, and the liquid product can be classified into three groups, the large molecular 
oligomers (known as pyrolytic lignins), the monomeric phenolic compounds, as well as light 
compounds (such as methanol, HAA, acetic acid). The pyrolytic lignins are formed in much 
higher yield than the other two classes of products, usually account for 13.5-27.7 wt% of 
crude bio-oils on a water-free basis (Oasmaa et al., 2003; Garcia-Perez et al., 2007; Garcia-
Perez et al., 2008). Several studies have been conducted to analyze them by various wet 
chemical and spectroscopic methods as well as pyrolysis-gas chromatography/mass 
spectrometry (Scholze & Meier, 2001; Scholze et al., 2001; Bayerbach et al., 2006; Garcia-
Perez et al., 2008; Bayerbach & Meier, 2009), and to find out that their average molecular 
weight is between 650 and 1300 g/mol, and they are typically characterized by biphenyl, 
phenyl coumaran, diphenyl ethers, stilbene and resinol structures. 

2.4 Biomass fast pyrolysis 
Biomass fast pyrolysis is the summation of its major components fast pyrolysis. In addition 
to the cellulose, hemicellulose and lignin, biomass usually contains some extractives which 
would also decompose during fast pyrolysis, making the pyrolytic products more complex. 
The biomass fast pyrolytic pathways and subsequent product distribution will be influenced 
by many factors, including biomass composition, feedstock property, pyrolysis temperature, 
heating rate, pressure, pyrolysis reactor configuration and a combination of these variables. 
The detailed effects of these factors can be found in previous studies, and will not be shown 
here. 

3. Chemicals production from selective fast pyrolysis of biomass 
3.1 Levoglucosan 
LG (1,6-anhydro-β-D-glucopyranose) is the most important pyrolytic product of pure 
cellulose, formed through the depolymerization reaction. The chemistry of LG has long been 
known, and it can be used as a chiral synthon for the synthesis of stereoregular 
polysaccharides possessing biological activities (Miftakhov et al., 2001; Bailliez et al., 2004). 
Moreover, LG can also be hydrolyzed to glucose, providing a potentially rapid route to 
produce bio-ethanol (Bennett et al., 2009). 
Fast pyrolysis of pure cellulose can produce LG with the yield up to 40 wt%, but fast 
pyrolysis of raw biomass materials would produce much lower LG yield due to the 
presence of inorganic impurities. Even the minor amounts of alkaline cations would shift the 
pyrolytic pathways of cellulose, to promote the formation of ring-scission products (such as 
HAA, HA, etc) and char on the expense of LG (Pan & Richards, 1989; NikAzar et al., 1997). 
Hence, it is necessary to use pure cellulose or demineralized biomass for the LG production. 
Furthermore, some studies pointed out that when small amounts of acids or acidic salts 
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were added to demineralized biomass, the LG yield could be increased. For example, it was 
reported in an analytical pyrolysis study that, the LG content in the pyrolytic products was 
5.3% from raw birch wood, 17.0% from decationized wood, 33.6% from wood impregnated 
with 1.0% phosphoric acid, and 27.3% from decationized wood adsorbed with iron ions 
(Dobele et al., 2005). 
The main difficulty in LG preparation is not the pyrolysis process, but its isolation from 
pyrolysis liquids. Due to its high boiling point (386 °C), LG could not be simply recovered 
by distillation. Currently, several methods have been proposed or patented for the 
purification of LG (Howard et al., 1993; Moens, 1994; S.Scott et al., 1996). 

3.2 Levoglucosenone 
Levoglucosenone (LGO, 1,6-anhydro-3,4-dideoxy-β-D-pyranosen-2-one, or 6,8-
dioxabicyclo[3.2.1]oct-2-en-4-one) is a sugar enone product of cellulose, formed from the 
combined depolymerization and dehydration reactions, with the possible pyrolytic 
pathways shown in Fig.4 (Ohnishi et al., 1975). Its structure was firstly confirmed in 1973 
(Halpern et al., 1973), and further confirmed and adopted by other researchers. LGO is an 
optically active organic compound in which all carbon atoms are different environments 
and which has easily modifiable functional groups. As a result, LGO can be used in the 
synthesis of various products (such as tetrodotoxin, thiosugar, ras activation inhibitors). The 
detailed application ways of the LGO can be found elsewhere (Miftakhov et al., 1994). 
 

 
Fig. 4. The pyrolytic pathways for the formation of LGO from pyrolysis of cellulose 
 

 
Fig. 5. The formation of LGO from acid-catalyzed decomposition of LG 
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Fig. 4. The pyrolytic pathways for the formation of LGO from pyrolysis of cellulose 
 

 
Fig. 5. The formation of LGO from acid-catalyzed decomposition of LG 
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LGO is formed in very low yield from fast pyrolysis of cellulose or biomass, but can be 
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Fig. 6. The pyrolytic pathways for the formation of LAC from pyrolysis of cellulose 

al., 2007a; Fabbri et al., 2007b; Torri et al., 2009b). As been indicated above, the utilization of 
solid catalysts will provide a convenient way for the catalyst recycles. Further studies have 
also been conducted by them to use the LAC as a possible building block in the synthesis of 
fine chemicals. 

3.4 Anhydro-oligosaccharides 
It is clearly demonstrated in previous studies that fast pyrolysis of cellulose will generate a 
range of anhydro-oligosaccharides, resulting from random cleavage of the polymer chain 
(Radlein et al., 1987; Pouwels et al., 1989; Lomax et al., 1991; Radlein et al., 1991). Anhydro-
oligosaccharides are potential for a number of possible uses, such as the preparation of 
glycoconjugates, the so-called anti-adhesive drugs, and so on. 
Although fast pyrolysis is a known technique to produce anhydro-oligosaccharides from 
cellulose, very limited studies have been carried out to produce the oligomers as a target 
product. Piskorz et al. (2000) initiated a flash pyrolysis study on this target product. 
Compared with conventional fast pyrolysis aiming at the maximum bio-oil yield, the 
production of anhydro-oligosaccharides required stricter reaction conditions: higher 
pyrolysis temperature (850~1200 °C) together with shorter residence time (35~75 ms). The 
short residence time was used to inhibit the conversion of large oligomers to monomer and 
dimer anhydrosaccharides. Anhydro-oligosaccharides in the range of G2-G7 were 
successfully produced with the yield up to near 20 wt%. These oligomers could be recovered 
as water soluble fraction from the reaction solid residues. Moreover, substantial amounts of 
larger oligomers (> G7) could also be produced but difficult to be identified. 
Furthermore, if single anhydro-oligosaccharides can be produced and recovered, they 
should be more valuable than the mixed anhydro-oligosaccharides, but no reports are 
available in this research field at present. 

3.5 Furfural 
Furfural (FF) is a typical pyrolytic product formed from both of cellulose and hemicellulose. 
It is widely used as an organic solvent or an organic reagent for the production of 
medicines, resins, food additives, fuel additives and other special chemicals. Currently, FF is 
industrially produced from agricultural raw materials rich in pentosan. By aqueous acid 
catalysis (e.g., sulfuric acid or phosphoric acid), the pentosan is firstly hydrolyzed to pentose 
which is then dehydrated to form FF (Zeitsch, 2000). 
Similar as the LGO and LAC, the formation of FF can be promoted in the acid-catalyzed 
pyrolysis of biomass (Shafizadeh & Lai, 1972; Encinar et al., 1997; Encinar et al., 1998; Adam 
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et al., 2005; Shimada et al., 2008; Lu et al., 2009b). Zinc chloride (ZnCl2) is one of the 
promising catalysts to produce FF. It was found that fast pyrolysis of cellulose impregnated 
with small amounts of ZnCl2 (below 10 wt%) would generate several dehydrated products 
as the primary pyrolytic products, mainly the FF, LGO, LAC and 1,4:3,6-dianhydro-α-D-
glucopyranose (DGP). With the increasing of ZnCl2 impregnation (at least 15 wt% or more), 
the ZnCl2 catalysis would increase the FF formation, while decrease the anhydrosugars. 
Moreover, the secondary catalytic cracking of the primary pyrolysis vapors by ZnCl2 could 
promote the conversion of LGO and other anhydrosugars to FF, leaving the FF as the only 
predominant product (Fig.7). Compared with the cellulose, the ZnCl2-catalzyed fast 
pyrolysis of xylan would obtain the FF as the only predominant product, and the FF yield 
would be higher than that from cellulose, indicating that biomass rich xylan would be 
suitable for the FF production. 
 
 

 
 

Fig. 7. The formation of FF during ZnCl2-catalyzed fast pyrolysis of biomass 

In another study, microwave-assisted fast pyrolysis was applied to treat biomass mixed 
with various catalysts, and the results revealed that the MgCl2 exhibited high selectivity on 
the FF production (Wan et al., 2009). The highest FF content was more than 80% (peak area% 
on the GC/MS ion chromatograms) at the 8 g MgCl2 mixed with 100 g biomass. 
In addition, ZnCl2 (or sometimes MgCl2) is an effective chemical activation agent for the 
production of activated carbons from biomass. Hence, for the biomass pretreated by ZnCl2 
(or MgCl2) impregnation, they can be firstly subjected to fast pyrolysis to produce FF. The 
solid residues which contained char and ZnCl2 (or MgCl2), could be further activated to 
produce activated carbons, so as to achieve the co-production of FF and activated carbons. 
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3.6 Hydroxyacetaldehyde 
HAA is formed as the most abundant linear carbonyl product from pyrolytic ring scission of 
holocellulose. It is the simplest aldehyde-alcohol or sugar, and can be used as an active 
meat-browning agent in food flavoring industry (Garham & Underwood, 1993), or 
ingredient in cosmetic industry. 
As been indicated above, during fast pyrolysis of biomass, the pyrolytic ring scission of 
holocellulose will be promoted by the small amounts of ash or alkaline cations (Shimada et 
al., 2008), and hence, HAA can be formed with high yield in these conditions. Moreover, 
HAA could be further formed from the secondary cracking of the anhydrosugar products. 
As a result, HAA is usually the most abundant single organic compound in crude bio-oils 
produced from raw biomass materials. 
Similar as the LG, the difficulty for the preparation of HAA mainly lies in its recovery from 
pyrolysis liquids, due to its high reactivity. An efficient purification method was patented 
by Stradal & Underwood (1995). 

3.7 Acetic acid 
During fast pyrolysis of biomass, acetic acid (AA) can be formed from different ways, with a 
large portion from deacetylation of hemicellulose, and a small portion from pyrolytic ring 
scission of holocellulose and side-chain cracking of lignin. The content of AA could be over 
10 wt% in crude bio-oils produced from biomass rich in acetyl groups, and some 
preliminary studies have been reported for the recovery of AA (Mahfud et al., 2008). AA is a 
common chemical, and is less valuable than other chemicals described above. According to 
its formation characteristics, selective fast pyrolysis of biomass to produce AA with high 
purity might be achieved in several different ways. 
The deacetylation of hemicellulose occurs at relatively low temperature, lower than the fast 
decomposition of the major biomass components. Hence, AA can be produced from low 
temperature pyrolysis of biomass. It has already been confirmed that during carbonization 
or torrefaction of biomass at temperatures lower than 300 °C, a liquid by-product rich in AA 
could be produced (Prins et al., 2006). In fact, if biomass is subjected to fast pyrolysis at 
around 300 °C for a short time period, part of the acetyl group would break down to form 
AA, while the other biomass components would not be greatly influenced. Therefore, a two-
step process might be applied to treat biomass, with the first low-temperature fast pyrolysis 
to produce AA, followed with the moderate-temperature fast pyrolysis to produce bio-oil. 
AA can also be prepared by catalytic pyrolysis of biomass. For example, Qi et al. (2006) 
reported that catalytic pyrolysis of biomass using NaY catalyst produced abundant AA, 
with the content over 80% (peak area% on the GC/MS ion chromatograms) in the pyrolytic 
products. 
In addition, during the production of FF through fast pyrolysis of biomass impregnated 
with ZnCl2 (or MgCl2), the catalysis of ZnCl2 (or MgCl2) inhibited most of the pyrolytic 
pathways, but not the AA formation. As a result, AA would be the second most important 
product in the catalytic organic products, and thus, it could be recovered as a byproduct 
during preparation of FF. 

3.8 Phenolic compounds 
The lignin-derived phenolic compounds (monomeric phenolic compounds and pyrolytic 
lignins) can be isolated from crude bio-oils by different methods (Achladas, 1991; Amen-
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Chen et al., 1997; Deng et al., 2009), and they are known to be used as phenol replacement in 
production of phenol-formaldehyde resins (Himmelblau, 1991; Chum & Kreibich, 1992; Roy 
et al., 2000; Giroux et al., 2001). 
As indicated above, the monomeric phenolic compounds are usually formed in much lower 
yield than the pyrolytic lignins. Since the monomers are more reactive than the oligomers 
for resin production, and thus, it will be attractive to promote the production of monomeric 
phenolic compounds. According to some previous studies, fast pyrolysis of biomass 
impregnated with some alkaline compounds (NaOH, KOH) could increase the yield of 
monomeric phenolic compounds (Nowakowski et al., 2007; Di Blasi et al., 2009a; Di Blasi et 
al., 2009b). In another study, Pd/SBA-15 catalysts were employed to catalytic crack biomass 
fast pyrolysis vapors that contained a lot of pyrolytic lignins, and the results indicated that 
the Pd/SBA-15 catalysts were able to promote the conversion the pyrolytic lignins to 
monomeric phenolic compounds, and meanwhile to crack and decrease holocellulose-
derived products. Hence, the content of the total monomeric phenolic compounds reached 
55% (peak area% on the GC/MS ion chromatograms) in the catalytic pyrolytic products (Lu 
et al., 2010a). Some other catalysts were also confirmed to possess the catalytic capability to 
increase the yield of monomeric phenolic compounds or their content in the catalytic bio-
oils (Adam et al., 2006; Antonakou et al., 2006; Nilsen et al., 2007; Ates & Isikdag, 2009). 
Furthermore, if single phenolic compounds could be produced and recovered, they should 
be much more valuable than the mixed phenolic compounds. According to a previous study 
done by Murwanashyaka et al. (2001a), the evolution of major monomeric phenolic 
compounds took place in the following order: methylguaiacol, ethylguaiacol, guaiacol, 
propenylsyringol, phenol and catechol, which suggested that the production of specific 
phenolic compounds might be achieved by step-wise pyrolysis of biomass. Catalytic 
pyrolysis is another promising way. For example, during the catalytic cracking of biomass 
fast pyrolysis vapors with Pd/SBA-15 catalysts, the 4-ethyl-2-methoxy-phenol was 
increased greatly, with the content up to 10% (peak area% on the GC/MS ion 
chromatograms) in the pyrolytic products (Lu et al., 2010a). Some subsequent studies have 
also been reported for the recovery of pure single phenolic compounds (Murwanashyaka et 
al., 2001b).  

3.9 Light aromatic hydrocarbons 
Hydrocarbons are usually formed in very low yields during fast pyrolysis of biomass, but 
can be greatly increased by using proper cracking catalysts with deoxygenation capability 
(Bridgwater, 1996). Zeolite catalysts (such as HZSM-5, HY, etc.) are very effective to convert 
the highly oxygenated crude bio-oils or pyrolysis vapors to hydrocarbons which are 
dominated by several light aromatic hydrocarbons (benzene, toluene, xylene and 
naphthalene) (Horne & Williams, 1996; Olazar et al., 2000; Williams & Nugranad, 2000; 
Pattiya et al., 2008; Zhang et al., 2009). For example, in the studies performed by Adjaye et 
al. (1995, 1996), catalytic cracking of the crude bio-oil by HZSM-5 catalysts obtained a 
organic liquid product with up to 90 wt% of aromatic hydrocarbons, and the aromatic 
hydrocarbons contained abundant toluene (31.8 wt%) and xylene (33.1 wt%). 
Other catalysts were also investigated for the production of light aromatic hydrocarbons. 
For example, Wang et al. (2008) reported that catalytic pyrolysis of biomass using CoMo-
S/Al2O3 catalyst produced the four light aromatic hydrocarbons (benzene, toluene, xylene 
and naphthalene) with the yield reaching 6.3 wt% at 590 °C. 



 Biomass 

 

158 

3.10 Other valuable chemicals 
In addition to the above chemicals, many other chemicals can be produced by selective fast 
pyrolysis of biomass. For example, Chen et al. (2008) reported that fast pyrolysis of biomass 
impregnated with Na2CO3 produced HA with high purity. Badri et al. (2008) revealed that 
catalytic pyrolysis of cotton with reactive dyes favored the formation of 5-hydroxymethyl-
furfural (HMF) and 3-(hydroxymethyl)-furan. Lu et al. (2010a) found that fast pyrolysis of 
cellulose followed with catalytic cracking of the vapors by sulfated metal oxides could 
obtain high yields of furan and 5-methyl furfural. In another study, Lu et al. (2010b) 
confirmed that catalytic cracking of the biomass fast pyrolysis vapors using ZrO2&TiO2 
increased the formation of three light carbonyl products (acetaldehyde, acetone and 2-
butanone). 

4. Conclusion 
Most of the selective fast pyrolysis techniques are only in their early stage of development, 
and none of the techniques is commercially practical to produce specific chemicals in 
marketable quantities at present. Three aspects should be considered for the 
commercialization of the selective fast pyrolysis techniques, including (1) the technique to 
produce specific chemicals in high yield and purity, (2) the method to recover the target 
chemicals from pyrolysis liquids, and (3) the ready markets for the chemicals. 
Among the above indicated chemicals, the LG, HAA and AA can be produced without 
catalyst utilization, and thus, their large scale production might be relatively easy to achieve 
through slight modification of the conventional fast pyrolysis technique. While the 
production of other chemicals requires catalysts, which will add difficulty to their scale up. 
Various methods have been proposed for the chemicals recovery, and further studies should 
be conducted to reduce the purification cost. Finally, it is important to note that ready 
markets do not exist for the LG, LGO, LAC, anhydro-oligosaccharides, and some other 
chemicals at present. Corresponding markets should be developed by manufacturers who 
would incorporate these chemicals into various products. 
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1. Introduction 
With the exhaustion of fossil fuels and the severe pollution of the environment, it’s urgent to 
find substitute renewable energy resources. Biomass is a kind of widespread and abundant 
renewable resource with lower sulfur content than fossil fuels, so the pollution to environment 
from biomass usage is much slighter than that from fossil fuels usage. Besides, zero emission 
of CO2 can be realized in the cycle of growing and energy conversion of biomass. 
Supercritical water gasification (SCWG) is an innovation biomass conversion process which 
takes advantage of the special properties of supercritical water (temperature above 374C 
and pressure above 22.1MPa) to transform biomass into hydrogen-rich gaseous products. 
Comparing with conventional gasification and pyrolysis in normal pressure, SCWG has 
many advantages: 
• Most organic materials of biomass can be dissolved in supercritical water for the relatively 

high dielectric constant of supercritical water (SCW), thus SCWG of biomass is 
homogeneous reaction, which can decrease the mass transfer resistance between phases.  

• High pressure of the gaseous product make it easy for transportation, usage, carbon 
capture and further purification of the product gas through steam reforming or PSA  
(pressure swing adsorption).  

• Higher energy efficiency can be achieved in SCWG of biomass especially for high 
moisture content biomass as the drying process is not required in SCWG. 

• The reaction temperature is much lower than that in conventional gasification and 
pyrolysis. For example, the temperature of conventional steam gasification is always 
above 1000°C, while the complete gasification of glucose can be achieved at 650°C, 
35.4MPa in supercritical water gasification. 

• The gaseous product can be very clean. As almost no NOx and SOx were generated in 
supercritical water gasification, and the CO concentration is very low, especially with 
the catalyst to enhance the water-gas shift reaction. 

Supercritical water gasification was firstly described by Modell in reforming of glucose and 
wood residues (Modell 1977; Modell 1980). In recent decades, much important progress has 
been made in SCWG technology by the researchers around the world. Elliott et al in PNNL 
(Pacific Northwest National Laboratory) have done a series of research on the reactions of 
kinds of biomass and organic wastes in high-pressure aqueous environments since 1980s. 
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They studied the effect of various catalysts on the reaction under the conditions around 
350C, 20MPa and the methane-rich gaseous products was achieved in these conditions. 
Antal’s group at the University of Hawaii proposed activated carbon as the catalyst in 
SCWG and realized complete gasification of biomass in 650°C, 34.5MPa. The researchers in 
FK(Forschungszentrum Carlsruhe) of Germany have done much research on SCWG since 
2000, and found that the addition of alkali salt can not only increase the reaction rate and 
hydrogen yield but also can inhibit the generation of tar and char. In 2005, an excellent 
review about the status of biomass supercritical water gasification(Matsumura et al, 2005) 
was reported by several researchers. Since 1997, Guo’s group in SKLMF of Xi’an Jiaotong 
University has done a series of research on supercritical water gasification of biomass and 
much progress on SCWG of biomass has been made, including the gasification of various 
feedstocks, the system development and the exploration of the influence rule of the various 
parameters.  
In this chapter, the progress have been made on SCWG in recent decades will be reviewed. 
Firstly, the different biomass feedstocks used in supercritical water will be introduced, 
which include the model compound, real biomass and organic wastes. Secondly, the 
engineering problems in the supercritical water gasification process will be discussed and 
the solutions to these problems will also be presented. Thirdly, the influence factors on 
supercritical water gasification will be discussed and the relevant investigation results will 
be also introduced. Then a brief review of the catalyst used in supercritical water 
gasification will be presented. However, there are still some challenges to the supercritical 
water gasification technology, which will be discussed in the end. 

2. The feedstock materials 
2.1 Model compound 
Using a model compound can help us to understand the basic chemical pathways occurred 
in supercritical water gasification. The main components of biomass are cellulose, 
hemicellulose and lignin. Cellulose and hemicellulose are carbohydrate while lignin 
includes aromatic rings.  
Glucose is always used as a model compound for cellulose for these reasons: Firstly, as the 
main component of biomass, cellulose consists of linearly linked glucose units attached to 
each other; Secondly, glucose is the primary product of cellulose hydrolysis around the 
critical point of water (Sasaki et al, 1998) and the gasification of cellulose and glucose have 
the similar gasification products. In addition, glucose is easy to transport in the high 
pressure for its water-soluble matter property.  

2.2 Real biomass 
Besides the three main components (cellulose, hemicellulose and lignin), real biomass also 
contains other substances, such as alkali salt, sulphur and proteins. Supercritical water 
gasification of different real biomass may have different gasification results because of the 
different components, which will be described below.  
In our previous study, the real biomass including wood sawdust, rice straw, rice shell, 
wheat stalk, peanut shell, corn stalk, corn cob and sorghum stalk were gasified in 
supercritical water and the results were shown in fig.1 (Lu et al, 2006). It can be found that 
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the gasification results are different for various biomass feedstocks. Wheat stalk, corn cob 
and sorghum stalk are easier to gasify than the other biomass. The unconverted TOC (Total 
organic carbon) in liquid effluent was high, which indicated that a portion of biomass was 
converted to liquid products instead of gas products. This difference may be associated with 
the different amount of the components mentioned above. 
 

 
Fig. 1. Comparison of GE, CE and TOC for gasification of various biomass feedstocks in 
SCW (Temperature, 650C; Residence time, 27s; Pressure, 25MPa; Feedstock, 2 wt% biomass 
+2wt% CMC). A, rice straw; B, rice shell; C, wheat stalk; D, peanut shell; E, corn stalk; F, 
corn cob; G, sorghum stalk; H, wood sawdust.(Lu et al, 2006) 

2.3 Organic wastes 
Supercritical water gasification of organic wastes can realize the hydrogen production and 
decontamination simultaneously. Besides, the homogeneous solution of wastewater makes 
it easy to pump to the high pressure reactor without pretreatment. In recent years, 
supercritical water gasification of various kinds of organic wastes was investigated by the 
researchers. Xu and Antal (1998) gasified 7.69wt% digested sewage sludge in supercritical 
water by mixing with corn starch gel to form a viscous paste. They found that the digested 
sewage sludge was gasified to a gas composed of H2, CO2, CH4, and a trace of CO. A carbon 
gasification ratio as high as 98% was achieved in their studies. The aqueous effluent from 
the reactor had a low TOC value, a neutral pH, and no color. But the plugging problem in 
the reactor in supercritical water gasification of sewage sludge occurred due to the high ash 
content of the material. The gasification of many kinds of organic wastes in hot-compressed 
water (around 350C, 20MPa) was investigated in PNNL (Elliott et al, 1994; Elliott et al, 2006) 
and methane was produced as the main product. The gasification of waste plastic in 
supercritical water also attracted much attention. Supercritical water gasification of waste 
plastics and the model compounds (such as polyethylene) were investigated by many 
researchers (Watanabe et al, 1998; Watanabe et al, 2001; Shibasaki et al, 2004; Su et al, 2004; 
Takeshita et al, 2004; Su et al, 2007). 
The anaerobic organic wastewater from wheat straw includes acids (acetic acid, butyric 
acid) and ethanol etc. The gasification of anaerobic organic wastewater in supercritical water 
was investigated with a continuous operation tube flow reactor system (Ji 2006). The details 
of the reactor system were described in our previous report (Guo et al, 2007). The effect of 
temperature on SCWG of anaerobic organic wastewater was shown in fig. 2. It is showed 
that the main product gas are H2, CO2 and CH4, with trace amount of CO and C2. The 
gasification efficiency and carbon gasification efficiency were relatively high, for example, 
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100% gasification efficiency was achieved at the temperature of 775°C. The gasification 
efficiency, carbon gasification efficiency and the total gas yield increased with the 
temperature increased from 700C to 775C. The results show that the combination of the 
anaerobic hydrogen production of raw biomass with supercritical water gasification process 
can not only get hydrogen but also reduce the pollution. 
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Fig. 2. The effect of temperature on SCWG of 6wt% anaerobic organic wastewater at 25MPa: 
(a) Gas fractions; (b)GE, CE & total gas yield. 
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Fig. 3. The effect of temperature on SCWG of 7.8wt% black liquor at the pressure of 
22.5MPa: (a)gas yields; (b)GE, CE and CODr 

Black liquor is a kind of byproduct in pulping process and contains about 90% COD 
concentration of the pulping wastes. It mainly contains lignin derivatives which are hard to 
degrade and high content of alkali wastes. It is a wastewater with dark color, odor and high 
alkalinity. The black liquor contained 7.8wt% solid material was gasified in supercritical 
water with the same continuous operation tube flow reactor at the pressure of 22.5MPa. The 
gasification results with different temperature were shown in fig. 3. With the increasing of 
the temperature form 600C to 750C, the gas yield doubled and the COD removal 
efficiency, gasification efficiency and carbon gasification efficiency also increased 
significantly. The maximal gasification efficiency (123%) and carbon gasification efficiency 
(88%) were achieved at the temperature of 750C. The COD content was fully removed, 
which means that the complete decontamination of black liquor can be achieved at the 
temperature of 750C. 
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Black liquor is a kind of byproduct in pulping process and contains about 90% COD 
concentration of the pulping wastes. It mainly contains lignin derivatives which are hard to 
degrade and high content of alkali wastes. It is a wastewater with dark color, odor and high 
alkalinity. The black liquor contained 7.8wt% solid material was gasified in supercritical 
water with the same continuous operation tube flow reactor at the pressure of 22.5MPa. The 
gasification results with different temperature were shown in fig. 3. With the increasing of 
the temperature form 600C to 750C, the gas yield doubled and the COD removal 
efficiency, gasification efficiency and carbon gasification efficiency also increased 
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which means that the complete decontamination of black liquor can be achieved at the 
temperature of 750C. 
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3. Engineering problems in supercritical water gasification systems 
As an innovation biomass processing technology, supercritical water gasification has many 
new engineering problems, especially because the reaction temperature and pressure are 
relatively high. During decades of development on supercritical water gasification, much 
progress has been made in the engineering of supercritical water gasification process. Fig. 4 
displays a typical continuous SCWG experimental system developed in SKLMF. Taking this 
system as example, some engineering problems will be discussed as below. 
 

 
Fig. 4. Schematic diagram of bench-scale continuous SCWG apparatus: (1) Water tank; (2) 
Preheated water pump; (3) Feed pump; (4) Wash pump; (5) Cooler and exchanger; (6) Pre-
heater; (7) mixer ; (8) Reactor; (9) Feeder; (10) Feed tank; (11) Filter; (12) Back-pressure 
regulator; (13) Gas-liquid separation; (14) Gas meter; (15 ) Pressure transducer.(Li et al, 2010) 

3.1 Heating rate 
The feedstock heating rate is reported to have significant influence on supercritical water 
gasification. Xu et al found that improving heating rate of the feedstock delays deactivation 
of coconut shell activated carbon catalyst, likely for the inhibition of tar formation (Xu et al, 
1996). Kruse et al found that coke/char was generated with the slower feedstock heating 
rate (Kruse et al, 2003). They also gave the explanation for the formation of coke at low 
heating rates: When the biomass/water mixture spends enough time at sub-critical 
temperatures, furfurals or other unsaturated compounds are formed in significant yields. 
These compounds may polymerize as the temperature increases (Kruse 2008). Matsumura’s 
group investigated SCWG at different feedstock heating rate and found that a heating rate 
of several hundreds of degrees Kelvin per minute should be desirable for the inhibition of 
coke formation (Matsumura et al, 2005). 
In this system (fig.4), we realized the fast heating by mixing the feedstock with the water 
preheated by the heat exchanger (No. 5 in fig.4) and pre-heater(No. 6 in fig.4). Thus the coke 
formation can be inhibited as the feedstock can be heated to supercritical condition at the 
inlet of the reactor. 

3.2 Energy recovery 
High temperature reactor effluent owns a great quantity of enthalpy, so the recovery of the 
energy is necessary for the SCWG process. It is reported that the heat needed for 
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supercritical water gasification can not be supplied by the heating value of the feedstock. 
From the heat balance considerations, it is clear that heat exchange between the reactor 
effluent and the reactor feed is essential for the economics of the process (Matsumura et al, 
2005).  
The effects of the heat transfer efficiency of the heat exchanger between the reactor effluent 
and the reactor feed (No.5 in fig. 4) on total energy and exergy efficiencies were analyzed, 
and the results were shown in fig. 5. As expected, total energy and exergy efficiencies of the 
biomass gasification increased with the increase of heat transfer efficiency in the heat 
exchanger. The increasing tendency is even more obvious with higher heat transfer 
efficiency of the heat exchanger. 
 

 
Fig. 5. The energy and exergy conversion efficiency of SCWG system with different heat 
transfer efficiency of heat exchanger. (Lu et al, 2007) 

3.3 Plugging problem 
Plugging is always a problem in biomass supercritical water gasification in tubular reactors 
(Antal et al, 2000). There are two reasons for plugging problem in SCWG system: The first 
one is the coke generated for the incomplete gasification of biomass; Secondly, as mentioned 
above, the solubility of inorganic salts is very low in the supercritical water and most of the 
salts were precipitated in the water. The plugging problem can cause the shutdown of the 
system which presents a severe problem for the energy conversion process (Matsumura and 
Minowa, 2004). 
To handle with the plugging problem in SCWG of biomass, especially for the gasification of 
high concentration biomass, a novel SCW fluidized bed system for biomass gasification was 
developed in SKLMF. The details of this system were described in our previous paper (Lu et 
al, 2008). The innovation of the system is the application of fluidized bed reactor and the 
fluidizing agent is SiO2 beads with diameters in the range of 0.1–0.15mm. In this system, 
high concentration model biomass (30wt% glucose) and real biomass (18wt% corn cob) 
feedstock were gasified successfully without plugging. 

3.4 Continuous feeding 
The delivery of biomass to the supercritical water gasification reactor is a technological 
challenge, for the precipitation will occurred in the continuous feeding for some biomass 
which can not dissolve in the water. The solution to this problem is to increase the viscosity 
of the slurry, Matsumura et al successfully applied a pre-treatment method in hot 
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compressed water (150°C, 30min) for feeding cabbage(Matsumura et al, 2005). They found 
the softening of the hard structure of biomass as observed in making soup in the kitchen. 
And this ‘softening’ effect increased with the increase of the temperature and pressure. 
Antal’s group present a solution which suspended the biomass in a starch gel and 
successfully delivered the sawdust to the reactor via a ‘cement pump’(Antal et al, 2000). In 
SKLMF, the sodium carboxymethylcellulose (CMC) was chosen as an additive to mix with 
the solid biomass feedstock and water, and realized the continuous pumping of the sawdust 
(Hao et al, 2003).  

3.5 The separation of products 
The main product gas compositions of biomass SCWG are H2, CH4, CO and CO2. To remove 
carbon dioxide to raise the heating value of the product gas, separation of gas and liquid 
before depressurization is effective. Based on the higher solubility of carbon dioxide than 
hydrogen in water, utilization of high-pressure separator for hydrogen and carbon dioxide 
was proposed. Above 90mol% hydrogen purity gas phase was achieved with the addition of 
excess water to the product gas mixture under high pressure (Matsumura et al, 1997a). 
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Fig. 6. The gas fractions and the hydrogen recovery ratio in the gas phase of the high 
pressure separator with different: (a)pressure; (b)temperature(Lu et al, 2007). 

The gas-liquid equilibrium of the products in the high pressure separator was analyzed with 
the assumption that the chemical equilibrium is reached in the reactor at 600C, 25MPa. The 
effects of the operation temperature and pressure of the high pressure separator on the gas 
fractions and hydrogen recovery ratio in the gas phase were studied. The results shown in 
fig.6 revealed that as operation temperature increases, the molar fraction of H2 in gas phase 
decreased while the CH4, CO2 fractions and hydrogen recovery ratio increased. Purity of H2 
in the gas phase is 86.24% at 283K and 75.7% at 333 K, respectively. As a result, proper 
operation temperature of the high pressure separator should be selected to consider both H2 
purity and hydrogen recovery ratio. Fig. 6(b) shows that the molar fraction of hydrogen in 
the gas phase increases from 65.56% to 92.41% and the molar fraction of CO2 decreases 
sharply from 33.11% to 6.12% with the pressure increasing from 0.1MPa to 30MPa. 
Hydrogen recovery ratio decreased and the molar fraction of CH4 increased a little with the 
increasing pressure. The results suggested that the increase of pressure in the separator 
favors the purity of H2 in the gas phase but decreases the hydrogen recovery ratio, so 
appropriate operation pressure of high pressure separator must be selected. The predicted 
results show that H2 of 82.45% and recovery ratio of 88.15% are obtained at 15MPa, 298 K. 
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H2 and CH4 in the liquid phase can be separated in a low pressure separator and combust 
with oxygen to produce heat, which can be recovered for the gasification system to reduce 
external heat input. 

4. The influence factors on supercritical water gasification 
4.1 The influence of main operating parameters 
Based on minimizing Gibbs free energy principle, chemical equilibrium of sawdust SCWG 
was predicted by thermodynamic calculation code (Yan et al, 2006; Lu et al, 2007). In order 
to simplify the problem, nitrogen, sulfur and other impurities contained in the raw materials 
are assumed to be neglected, so wood sawdust is represented by a general formula of 
CH1.35O0.617. The predicted results show that the product gas includes mainly H2, CH4, CO 
and CO2. The influence of the main operating parameters in SCWG was predicted and 
shown in fig.7-10. 
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Fig. 7. Equilibrium gas yields of SCWG of 5wt% sawdust with change of temperature. 

Fig. 7 shows the equilibrium gas yields of sawdust gasification as a function of reaction 
temperature at 25 MPa. At the chemical equilibrium state, the yields of H2 and CO2 increase 
with the increasing temperature, but the yield of CH4 decreases sharply. The equilibrium 
CO yield is very small, and it is about 10-3 mol/kg. As temperature increases from 400 to 
800C, the CO yield firstly increases and then drops down. The maximum CO yield is 
reached at about 550°C. Hydrogen yield increases at a low speed at rather higher 
temperature. When the reaction temperature is above 650C, biomass gasification goes to 
completion and the equilibrium gas product consists of H2 and CO2 in a molar ratio equal to 
(2 - y + x/2).( x and y are the elemental molar ratios of H/C and O/C in biomass, 
respectively). The maximal equilibrium H2 yield of 88.623 mol/kg dry biomass is obtained. 
From the viewpoint of thermodynamics, higher temperature is essential to hydrogen 
production. 
As shown above, temperature has significant effect on biomass gasification in SCW and this 
conclusion was confirmed by the experimental results. Xu et al (1996) reported that 1M 
glucose was gasified completely at 600C, and a thin layer of dark brown oil-like tar was 
observed at the temperature below 580C. For the gasification of high concentration 
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H2 and CH4 in the liquid phase can be separated in a low pressure separator and combust 
with oxygen to produce heat, which can be recovered for the gasification system to reduce 
external heat input. 

4. The influence factors on supercritical water gasification 
4.1 The influence of main operating parameters 
Based on minimizing Gibbs free energy principle, chemical equilibrium of sawdust SCWG 
was predicted by thermodynamic calculation code (Yan et al, 2006; Lu et al, 2007). In order 
to simplify the problem, nitrogen, sulfur and other impurities contained in the raw materials 
are assumed to be neglected, so wood sawdust is represented by a general formula of 
CH1.35O0.617. The predicted results show that the product gas includes mainly H2, CH4, CO 
and CO2. The influence of the main operating parameters in SCWG was predicted and 
shown in fig.7-10. 
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temperature at 25 MPa. At the chemical equilibrium state, the yields of H2 and CO2 increase 
with the increasing temperature, but the yield of CH4 decreases sharply. The equilibrium 
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temperature. When the reaction temperature is above 650C, biomass gasification goes to 
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(2 - y + x/2).( x and y are the elemental molar ratios of H/C and O/C in biomass, 
respectively). The maximal equilibrium H2 yield of 88.623 mol/kg dry biomass is obtained. 
From the viewpoint of thermodynamics, higher temperature is essential to hydrogen 
production. 
As shown above, temperature has significant effect on biomass gasification in SCW and this 
conclusion was confirmed by the experimental results. Xu et al (1996) reported that 1M 
glucose was gasified completely at 600C, and a thin layer of dark brown oil-like tar was 
observed at the temperature below 580C. For the gasification of high concentration 
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feedstocks, the temperature of 650–800C is needed (Antal et al, 2000). Further more, the 
higher temperature drove the methane steam-reforming reaction to increase hydrogen yield 
(Sealock et al, 1993).  
(b) Influence of pressure 
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Fig. 8. Equilibrium gas yields of SCWG of wood sawdust with change of pressure. 

Pressure shows a complex effect on biomass gasification in SCW. The properties of water, 
such as density, static dielectric constant and ion product increase with pressure. As a result, 
the ion reaction rate increases and free-radical reaction is restrained with an increase of 
pressure. Hydrolysis reaction plays a significant role in SCWG of biomass, which requires 
the presence of H+ or OH–. With increasing pressure, the ion product increases, therefore the 
hydrolysis rate also increase. Besides, high pressure favors water–gas shift reaction, but 
reduce decomposition reaction rate. 
Fig. 8 shows the effect of pressure on equilibrium gas yield at 600C with 5 wt% biomass 
content. It reveals that the pressure has no significant effect on equilibrium gas yield. The 
similar experimental results were achieved when we gasified the 2wt% wood sawdust in 
supercritical water at the temperature of 650C, in the pressure range of 18-30MPa (Lu et al, 
2006). It is found that the hydrogen yield, GE and CE is not monotonic functions of pressure 
when the pressure is near the critical pressure, but the hydrogen yield, GE and CE increase a 
little as pressure increases from 25 to 30 MPa. Demirbas (2004) also found that hydrogen 
yield increased as pressure increased from 23 to 48 MPa in SCWG of fruit shell and it is 
considered that the increase of the pressure increased the mass transfer and the solvent 
diffusion rates of the water. Thus the gasification efficiency of supercritical water 
gasification increased with the pressure. 

(c) Influence of feedstock concentration 

Fig. 9 displays the effect of feedstock concentration on equilibrium gas yield at 600C and 25 
MPa. The product gas mainly consists of H2 and CO2 when biomass feedstock with low 
concentration is gasified, but the CH4 yield is very high when the high concentration 
feedstock is gasified.  
The similar results were achieved in the SCWG of wood sawdust in a batch reactor (Lu et al, 
2006). The gasification results showed that the dry biomass content has significant effect on 
biomass gasification and the high concentration feedstock is more difficult to gasify. With 
higher feedstock concentration, the gasification efficiency and H2 yield decreased, while the 
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CO yield increased. But the gasification of high concentration feedstock is necessary to 
achieve a thermal efficiency high enough to establish an economic process. For high 
efficiently gasification of high concentration feedstock in supercritical water, the high 
temperature, high heating rate and catalyst are required (Antal et al, 2000). 
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Fig. 9. Equilibrium gas yields of SCWG of wood sawdust with change of concentration. 
(d) Influence of the oxidant 

The oxidant is expected to decompose the complex compound of the reactant or the 
intermediate products in supercritical water, such as the phenols which is considered to be 
‘the last hurdle’ to get over to complete gasification of biomass (Kruse et al, 2003).Thus the 
formation of tar and char can be decreased. In addition, the in-situ heat generated from the 
oxidation reaction can heat the feedstock rapidly, which favors the process of gasification 
(Watanabe et al, 2003; Matsumura et al, 2005). The effect of oxidant addition on equilibrium 
gas yield was predicted and the results were shown in fig.10. It revealed that with the 
increase of the oxidant addition, the yields of H2, CO and CH4 decreased and the yield of 
CO2 increased. The addition of oxidant can enhance the efficiency of biomass SCWG and 
provide the heat for the reactions in SCW, but decreased the hydrogen yield.  
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Fig. 10. Equilibrium gas yields of SCWG of wood sawdust with change of oxidant addition. 

The influence of the oxidant addition on SCWG of model compounds (glucose, lignin) was 
investigated in a fluidized bed system (Jin et al, 2010). The results showed that the oxidant 
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CO yield increased. But the gasification of high concentration feedstock is necessary to 
achieve a thermal efficiency high enough to establish an economic process. For high 
efficiently gasification of high concentration feedstock in supercritical water, the high 
temperature, high heating rate and catalyst are required (Antal et al, 2000). 
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The influence of the oxidant addition on SCWG of model compounds (glucose, lignin) was 
investigated in a fluidized bed system (Jin et al, 2010). The results showed that the oxidant 
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can improve the gasification efficiency and an appropriate addition of oxidant can improve 
the yield of hydrogen in certain reaction condition. When ER equaled 0.4, the gasification 
efficiency of lignin was 3.1 times of that without oxidant. When ER equaled 0.1, the yield of 
hydrogen from lignin increased by 25.8% compared with that without oxidant. But when 
the oxidant addition increased to a certain level, the cold gas efficiency decreased for the 
consumption of the combustible gas in the oxidation reaction. So there is an optimum 
oxidant addition amount in SCWG. 

(e) Influence of reaction time 

From the viewpoint of thermodynamics, biomass can be gasified completely in SCW with a 
product formation of H2 and CO2, but adequate reaction time was required to complete the 
gasification process. Antal et al (1994) gasified 0.1 M glucose at 34.5 MPa, 600C with various 
residence times. They found that glucose can be gasified quickly and the complete 
gasification was achieved in only 28 s residence time. Lee et al (2002) reported the yields of 
all the gases remained almost constant at 700C, being independent of the residence time 
except for the shortest residence time of 10.4 s when the 0.6 M glucose was gasified at 28 
MPa. 

4.2 Influence of biomass properties 
(a) Influence of the main component 

As mentioned above, cellulose, hemicellulose and lignin are the main components of the 
biomass and they have different structures. So the different components may have different 
effect on SCWG. Yoshida et al investigated the interaction of cellulose, xylan(model 
compound for hemicellulose) and lignin by mixing them in different ratios in SCWG 
(Yoshida and Matsumura 2001). They found that the hydrogen yield by SCWG of the 
cellulose and hemicellulose are higher than that of lignin, there was no apparent interaction 
between the hydrogen production from cellulose and hemicellulose in SCWG. While with 
the mixing with lignin, the hydrogen production from SCWG of cellulose and hemicellulose 
was suppressed. In the following article (Yoshida et al, 2003), they showed that this effect 
depended on the species of lignin and the interaction between each component was also 
observed in the real biomass feedstocks (sawdust and rice straw). This result reveals the 
gasification of various biomass in SCW may have different results for their different 
components. 
(b) Influence of the protein content 

The proteins are contained in some biomass, such as the food industry residues or sewage 
sludge. Kruse et al (2005) studied the effect of proteins on hydrothermal gasification of 
biomass by comparison of the gasification results of two biomass feedstocks: One biomass 
feedstock originated from plant material (phyto mass) nearly contains no proteins and the 
other contains protein (zoo mass). They found that gas yield from SCWG of protein 
containing biomass (zoo mass) was much lower than that of phyto mass without proteins. 
To understand these findings, they conducted the experiments with the alanine as the model 
compound of protein (Kruse et al, 2007). The results showed that with the presence of 
alanine, the gas yield of glucose was decreased and the gas composition and the 
concentration of key compounds are slightly changed. They inferred that the nitrogen 
containing cyclic organic compounds was produced from the Maillard reaction between 
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glucose and amino acids or their consecutive products. And these compounds were believed 
to be strong free radical scavengers and inhibit free radical chain reactions that are highly 
relevant for gas formation. In addition, experiments with real biomass in a batch reactor 
were reported to verify the assumption that Maillard products reduced free radical 
reactions. As an example, the addition of urea to phyto mass leads to a decrease of the gas 
yield to a value similar to that found for zoo mass. Dileo et al. (2008) examined the 
gasification of glycine as the model compound of protein in supercritical water. They found 
that glycine was much more resistant to be gasified than phenol. Large amounts (20%-90%) 
of the initial carbon remained in the aqueous phase even after 1 h for both homogeneous 
and Ni-catalyzed reactions.  
(c) Influence of inorganic elements 

The K2CO3 content of real biomass is always slightly higher than 0.5wt% (Sinag et al, 2003). 
The alkali is advantageous for SCWG as a catalyst. The addition of alkali salts can enhance 
the water-gas shift reaction in supercritical water gasification which resulted in higher H2 
fraction and lower CO fraction in the product gas. Also the alkali salts can also lead to more 
liquid product and less coke/char formation. The detail of the alkali catalysis effect will be 
described in section 5. 
Sulfur also exists in some waste biomass and it has an influence on supercritical water 
gasification. Elliott et al claimed that the presence of sulfur lowered the activities of 
ruthenium catalysts in subcritical water at 623 K(Elliott et al, 2004). Osada et al studied the 
effect of sulfur on SCWG of lignin at 673K with the catalysis of supported ruthenium (Osada 
et al, 2007a). They found that the gas yield decreased with the increase of the sulfur added. 
The carbon dioxide fraction in the presence of sulfur was lager than that without sulfur, and 
the methane fraction was lower. From X-ray photoelectron spectroscopy characterization of 
catalysts used for gasification, the sulfur species which poisoned the ruthenium sites were 
found to be ruthenium sulfide, ruthenium sulfite, and ruthenium sulfate. In the further 
study about the effect on SCWG of lignin with Ru/TiO2, they come to a conclusion that 
sulfur poisoned the active sites for carbon-carbon bond breaking and methanation reaction; 
on the other hand, it did not hinder the sites for the gasification of formaldehyde and the 
water-gas shift reaction (Osada et al, 2007b). Therefore, the desulfurization from biomass, 
especially the biomass waste, is essential for the development of the supercritical water 
catalytic gasification. 
(d) Influence of biomass particle size 

Biomass was pretreated with mechanical grinding before gasification. Biomass with 
different particle sizes were gasified in supercritical water in a batch reactor and the results 
showed that higher hydrogen yield is obtained with gasification of smaller particle size (Lu 
et al, 2006). We inferred that with larger particle size, the diffusion resistance may be larger 
and decreased the gasification efficiency. More energy will be consumed to achieve the 
smaller particle size for the mechanical grinding, so an optimal particle size should be found 
with considering economy and feasibility of the process. 

5. Review of SCWG catalyst  
To improve the economical efficiency of SCWG, the improvement of gasification efficiency 
as well as lowering the operating temperature should be considered. For this purpose,  
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especially the biomass waste, is essential for the development of the supercritical water 
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(d) Influence of biomass particle size 

Biomass was pretreated with mechanical grinding before gasification. Biomass with 
different particle sizes were gasified in supercritical water in a batch reactor and the results 
showed that higher hydrogen yield is obtained with gasification of smaller particle size (Lu 
et al, 2006). We inferred that with larger particle size, the diffusion resistance may be larger 
and decreased the gasification efficiency. More energy will be consumed to achieve the 
smaller particle size for the mechanical grinding, so an optimal particle size should be found 
with considering economy and feasibility of the process. 

5. Review of SCWG catalyst  
To improve the economical efficiency of SCWG, the improvement of gasification efficiency 
as well as lowering the operating temperature should be considered. For this purpose,  
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catalyst is one possible solution. Various catalysts were used for biomass thermal chemical 
gasification and a review of literature on catalysts for biomass gasification was published in 
2001 (Sutton et al, 2001). However, the catalyst for SCWG should be different from the 
conventional gasification because of the particular operating conditions, such as the high 
pressure values, the purpose(hydrogen production instead of syngas) and the specificities of 
the supercritical medium (Calzavara et al, 2005). Generally, four types of catalysts were used 
for SCWG in the literature: alkali, activated carbon, metal and metal-oxide. 

5.1 Alkali 
The addition of alkali, such as NaOH, KOH, Na2CO3, K2CO3 and Ca(OH)2 has significant 
influence on SCWG of biomass. Watanabe et al (2003) studied catalytic effects of NaOH in 
partial oxidative gasification of n-hexadecane and lignin in supercritical water (40MPa, 
400C). The results showed that the H2 yield with NaOH was almost 4 times higher than 
that without catalyst. Kruse et al (2000) conducted SCWG of different organic compounds in 
the presence of KOH. They found that the addition of KOH decreased the CO fraction and 
increased the fractions of hydrogen and carbon dioxide by accelerating of water-gas shift 
reaction. The similar results were achieved by Sinag et al(Sinag et al, 2003; Sinag et al, 2004) 
when they gasified glucose in SCW with 0.5wt% K2CO3. They also regarded that the 
formation of the formate salt was the reaction mechanism of the acceleration of the water-
gas shift reaction by alkali salts in SCWG. The alkali is also well-known as the catalyst for 
the oil production from biomass, where their important role is to inhibit the char formation 
from the oil (Minowa et al, 1998). Thus, alkali has a positive effect to produce gaseous 
product such as H2. Furthermore, the addition of the Ca(OH)2 can not only catalysis the 
SCWG of biomass as described above, but it can also adsorb CO2 to decrease the CO2 
fraction in the product gas(Lin et al, 2001; Lin et al, 2002; Lin et al, 2003; Lin et al, 2005). The 
high hydrogen purity gases were produce from this process. 

5.2 Activated carbon 
Xu et al (1996) used carbon-based catalysts, such as coal activated carbon, coconut shell 
activated carbon, macadamia shell charcoal and spruce wood charcoal, for organic 
compounds gasification in SCW. Complete conversion of glucose was achieved at 600C, 
34.5MPa. Subsequently, Antal and Xu (1998) and Antal et al (2000) gasified the high 
concentration biomass feedstocks completely above 650C with carbon-based catalyst in 
SCW. The produced gases were mainly composed of hydrogen and carbon dioxide and the 
extraordinary hydrogen yield could be more than 100 g/kg of dry biomass. The carbon is 
thought to react with supercritical water. However, the rate of the supercritical water 
gasification of activated carbon was found to be very slow under typical SCWG conditions 
(Matsumura et al, 1997b). For the notable catalysis effect on SCWG and the stability of the 
carbon in SCW, activated carbon is used widely as the catalyst and the catalyst support. The 
catalysis effect of Ru/C and Pb/C on gasification of cellulose and sawdust in SCW was 
examined in our laboratory and it was found that these catalysts have remarkable effect on 
SCWG. 10wt% cellulose or sawdust with CMC can be gasified near completely with Ru/C 
and 2-4g hydrogen yield and 11-15g potential hydrogen yield per 100g feedstock were 
produced at the condition of 500C, 27MPa and 20min residence time in an autoclave reactor 
(Hao et al, 2005).  
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5.3 Metal catalyst 
Metal is widely used as catalyst in biomass conventional gasification and supercritical water 
gasification. Elliott et al (Elliott et al, 1993; Elliott and Sealock 1996) demonstrated that Ru, 
Rh and Ni had significant activity for the conversion of p-cresol and Pt, Pd and Cu was 
reported to have less activity. Sato et al. (2003) gasified alkylphenols as lignin model 
compound in the presence of supported noble metal catalysts in SCW at 40C. The activity 
of the catalyst was in the order of Ru/a-alumina> Ru/carbon, Rh/carbon > Pt/a-alumina, 
Pd/carbon and Pd/a-alumina. Usui et al (2000) presented Pd/Al2O3 had the highest 
catalytic activity for cellulose gasification among the supported Ni, Pd or Pt. Nickel is 
cheaper than noble metals, so it is more suitable for large-scale hydrogen production by 
biomass gasification. Elliott et al (1993) tested several forms of nickel catalysts at 350C and 
17–23 MPa using a batch reactor, and the CH4-rich gas was produced. Minowa and co-
workers (Minowa & Ogi, 1998; Minowa et al, 1998; Minowa and Inoue, 1999) studied the 
effect of a reduced nickel catalyst on cellulose decomposition in hot-compressed water. They 
found that the nickel catalyst can accelerate the steam reforming of aqueous products and 
the methanation reaction.  

5.4 Metal oxide 
Although metal-oxide is not usually employed as a catalyst for biomass gasification, It was 
reported that (Watanabe et al, 2002) the hydrogen yield and the gasification efficiency of 
glucose and cellulose gasification in SCW with zirconia was almost twice as much as that 
without catalyst. The similar results were found in the partial oxidative gasification of lignin 
and n-C16 in SCW (Watanabe et al, 2003). Park and Tomiyasu (Park & Tomiyasu 2003) 
achieved nearly complete gasification of aromatic compounds in SCW with 
stoichiometrically insufficient amounts of RuO2. We examined the catalytic effect of CeO2 
particles, nano-CeO2, and nano-(CeZr)xO2 on SCWG of cellulose in our previous study (Hao 
et al, 2005) and found that these metal-oxide has limited catalytic effect on SCWG. 

6. Challenges and prospect 
As described above, much progress has been made in biomass supercritical water 
gasification, but there are still some problems to be resolved:  
• Optimizing the process parameters especially in view of higher feed concentration 

necessary to achieve a thermal efficiency high enough to establish an economic process. 
• The high pressure in SCWG process brings about challenge for the catalyst, such as the 

durable and life time of the catalyst. So developing long-life and cheap catalyst is 
important to increase economical efficiency of SCWG through improving the 
gasification efficiency and lowering the gasification temperature. On the other side, the 
recycling of the catalyst, especially the water soluble catalysts have also to be handled 
to decrease the cost of the process. 

• Detailed kinetics should be developed based on the gasification mechanism and 
reaction path to give guidance to the design of supercritical water gasification system. 
So the detailed gasification mechanism have to be explored, especially the qualitative 
and quantitative analysis of the intermediate and end products. 

• The corrosion is an inevitable problem for biomass supercritical water gasification as 
the reactor was exposed in severe conditions. Besides, the compositions of the biomass 
and intermediate products are complex. So it is important to find a construction 
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found that the nickel catalyst can accelerate the steam reforming of aqueous products and 
the methanation reaction.  

5.4 Metal oxide 
Although metal-oxide is not usually employed as a catalyst for biomass gasification, It was 
reported that (Watanabe et al, 2002) the hydrogen yield and the gasification efficiency of 
glucose and cellulose gasification in SCW with zirconia was almost twice as much as that 
without catalyst. The similar results were found in the partial oxidative gasification of lignin 
and n-C16 in SCW (Watanabe et al, 2003). Park and Tomiyasu (Park & Tomiyasu 2003) 
achieved nearly complete gasification of aromatic compounds in SCW with 
stoichiometrically insufficient amounts of RuO2. We examined the catalytic effect of CeO2 
particles, nano-CeO2, and nano-(CeZr)xO2 on SCWG of cellulose in our previous study (Hao 
et al, 2005) and found that these metal-oxide has limited catalytic effect on SCWG. 

6. Challenges and prospect 
As described above, much progress has been made in biomass supercritical water 
gasification, but there are still some problems to be resolved:  
• Optimizing the process parameters especially in view of higher feed concentration 

necessary to achieve a thermal efficiency high enough to establish an economic process. 
• The high pressure in SCWG process brings about challenge for the catalyst, such as the 

durable and life time of the catalyst. So developing long-life and cheap catalyst is 
important to increase economical efficiency of SCWG through improving the 
gasification efficiency and lowering the gasification temperature. On the other side, the 
recycling of the catalyst, especially the water soluble catalysts have also to be handled 
to decrease the cost of the process. 

• Detailed kinetics should be developed based on the gasification mechanism and 
reaction path to give guidance to the design of supercritical water gasification system. 
So the detailed gasification mechanism have to be explored, especially the qualitative 
and quantitative analysis of the intermediate and end products. 

• The corrosion is an inevitable problem for biomass supercritical water gasification as 
the reactor was exposed in severe conditions. Besides, the compositions of the biomass 
and intermediate products are complex. So it is important to find a construction 
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material which is resistant to corrosion or find a way to protect the reactor material 
from contacting with the reactant and products. 

The energy conversion from biomass will be more urgent as the fossil fuel is running shorter 
nowadays. Though there are so many problems, supercritical water gasification is still a 
promising biomass conversion technology for its advantages over conventional gasification 
process. Especially for the organic wastes, supercritical water gasification can realize both 
the goals of energy recovery and decontamination simultaneously.  

7. Nomenclature 
GE: gasification efficiency, the mass of product gas/the mass of feedstock, %; 
CE: carbon gasification efficiency, carbon in product gas/carbon in feedstock, %; 
CODr: COD removal efficiency, 1-COD of aqueous residue/COD of feedstock, %; 
ER: oxidant equivalent ratio, amount of oxidant added/the required amount for complete 
oxidation by stoichiometry calculation, %; 
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1. Introduction 
Since the middle of the last century, while the population doubled, water use has tripled. 
The world’s freshwater reserves are dropping year after year and becoming a scarce 
commodity. On the one hand, the utilization of synthetic detergents, the increased use of 
agricultural inorganic fertilizers and the population explosion have led to the acceleration of 
the process of pollution of lakes and other surface water. Reports have shown an increasing 
percentage of rivers and streams that are contaminated with chemical and microbial 
pollutants (Momba et al., 2004; 2005; Bahlaoui et al., 1997; Clarke et al., 2008; Pennil et al., 
2008). This is compounded by the alterations in the hydrological cycle, associated with the 
global climate change that increases the magnitude and frequency of runoff events (Rose et 
al., 2001).  On the other hand, the world is faced with problems related to the management 
of wastewater due to the extensive industrialization, increasing population density and a 
highly urbanized society (McCasland et al., 2008). Recycling municipal and industrial 
wastewater is therefore essential for reducing the negative impact of pollution on the 
freshwater reserves and also for protecting public health by safeguarding water supplies 
against the spread of waterborne diseases (Bitton, 1999). 
The first part of this chapter discusses the importance of wastewater treatment for the 
protection of water resources. The second part sheds light on the role protozoa play in the 
excess removal of phosphate and nitrate in wastewater treatment plants, with emphasis on 
the removal efficiency of two ciliates (Aspidisca, Trachelophylum) and one flagellate 
(Peranema). The third part reveals the predation potential of these protozoan species on 
pollution indicators and pathogenic bacteria (Escherichia coli O157:H7, Salmonella 
typhimurium, & Shigella flexneri spp.).  

2. Wastewater treatment for the protection of water resources  
Before wastewater treatment was required, raw wastewater was discharged directly into 
streams and lakes. Despite significant and prolonged environment damage, major 
environment legislation did not take effect until the 1970s (Gerardi & Zimmerman, 2005). To 
maximize the health and environmental benefits associated with the use and discharge of 
wastewater, great deals of legislation and several guidelines have been developed. The 
World Health Organization (WHO) Guidelines for the use of effluents were developed in 
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1973, with revised editions in 1989 and 2006. The World Health Organisation (WHO) 
establishes the limit for nitrates in drinking water at 50 mg NO3/L (or 11.3 mg NO3-N/L).  
However, the US Environmental Protection Agency (EPA) has set this limit at 10 mg NO3/L 
(2.3 mg NO3-N/L) (WHO, 2006).  
Because guidelines must be considered in the context of national environmental, social, 
economic and cultural conditions, several countries have formulated their own regulations. 
In the United State of America, the Clean Water Act was amended in 2002. The objective of 
the Act is to restore and maintain the chemical, physical and biological integrity of the 
United States water and to prevent, reduce and eliminate pollution (Clean Water Act, 2002). 
The European Community, on the other hand, has established the maximum admissible 
levels of nitrates plus nitrites in drinking water at 50 mg NO3/L (Directive 98/83/EC). With 
regard to discharges, the admissible concentration depends on the receiving environment, 
and usually ranges between 10 and 30 mg NO3-N/L for discharges into fresh water and 50 
mg NO3-N/L for discharges into seawater. These limits are lower if the discharges occur in 
"sensitive areas", ranging between 10 and 15 mg Total-N/L (Directive 91/271/EEC). In 
South Africa, the National Water Act of 1998 was enacted. The Act makes provision for the 
legal requirements, registration and authorization for the discharge of wastewater into a 
water sources (National Water Act, 1998). Also in the Act are the general wastewater 
discharge limits. According to the Act, there must be compliance with the set limits before 
wastewater can be discharged into receiving water bodies or used for irrigation. The Act of 
1998 established the limits ranging between 2 and 6 mg/L for ammonia nitrogen, between 
1.5 mg/L and 15 mg/L for nitrate/nitrite and between 1 and 10 mg/L for orthophosphate 
as phosphorus in the effluent discharge. These guidelines are an integrated and preventive 
management framework for maximizing the public health benefits of wastewater use and 
discharge.  
Wastewater collection and treatment systems have been designed and built for the 
following  purposes: (i) to provide clean water for cities undergoing rapid industrialization, 
(ii) to protect the quality of the waters receiving the effluent from wastewater treatment 
plants, and (iii) to control the outbreaks of communicable diseases. Outbreaks of 
communicable diseases are often related to poor sanitary conditions (Gerardi and 
Zimmerman, 2005). This section focuses on the characteristics of wastewater and the most 
common biological processes used for wastewater treatment, with the emphasis on nitrogen 
and phosphorus removal.    

2.1 Characteristics of wastewater 
The chemical characteristics of wastewater that are of special concern include pH, dissolved 
oxygen (DO), oxygen demand (chemical and biological), nitrogen (nitrite and ammonia), 
phosphate and metals (heavy and trace) (Larsdotter, 2006). The pH values of lower than 5 
and greater than 10 indicate the presence of industrial waste and non-compatibility with 
biological operations (Gray, 2002). The DO is required for the respiration of aerobic 
microorganisms as well as other aerobic life forms.  Eutrophication due to excessive 
amounts of nutrients contributes to the depletion of dissolved oxygen (Momba et al., 1997). 
The high concentration of inorganic phosphate and nitrogen in lakes and other aquatic 
environments is often the major cause of algal and bacterial blooms. These degrade the 
quality of water sources by giving the water an offensive appearance, odour and taste, and 
they consume oxygen. The discharge of nitrogen into receiving waters exerts a high oxygen 
demand at night, which adversely affects fish and other aquatic life, and has a negative 
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impact on the beneficial use of water resources for drinking or recreation. Nitrogen 
compounds discharged into the environment can also cause hazards to human health. 
Furthermore, nitrates can form nitrosamines and nitrosamides, potentially carcinogenic 
compounds (Ono et al., 2000). The prevention of eutrophication can be achieved by 
removing phosphate and nitrogen from wastewater by chemical and biological methods or 
a combination of the two. The chemical removal used in most countries is expensive and 
results in the accumulation of large quantities of chemical waste sludge. This disadvantage 
has led to intensified investigations into biological phosphate and nitrogen removals, which 
provide a more cost-effective alternative to chemical treatment methods.   
Wastewater not only constitutes an important source of chemical pollutants, but also a 
reservoir of pathogenic microorganisms. The major microorganisms found in wastewater 
influents are viruses, bacteria, fungi, protozoa and helminthes. On a daily basis, a large 
number and diversity of pathogenic disease-causing organisms enter sanitary sewer systems 
and wastewater treatment plants. These pathogens enter sewer systems from domestic 
wastewater and industrial wastewaters through inflow and infiltration. Pathogenic bacteria, 
viruses and protozoan parasites can be found in the sewer system in the wastewater, 
sediment, and biofilm and at wastewater treatment plants in wastewater, sludges, 
bioaerosols, contaminated surfaces, foam, recycle streams and scum (Gerardi, 2006, Momba 
& Sibewu, 2009). The biological removal mechanisms of pathogenic organisms 
include antibiosis, exposure to biocides, predations, and attack by litic bacteria, natural die-
off and competition for limiting nutrients or trace elements (Green et al., 1997).  Predation of 
bacteria by protozoa has been reported to be the main mechanism that contribute to the 
removal of bacteria in wastewater treatment plants, and, more importantly, ciliates have 
been actually found to play a dominant role (Curds, 1992; Pauli et al., 2001). 

2.2 Biological phosphorus and nitrogen treatment processes  
The biological phosphorus and nitrogen removal systems have been extensively 
investigated for municipal wastewater treatment and significant advances have been made 
in the area of engineering (design) and technology (implementation and operation) of the 
single activated sludge system. A large number of biological processes have been developed 
for the combined removal of nitrogen and phosphorus.  Many of these processes use a form 
of activated sludge system process, but employ a combination of anaerobic, anoxic and 
aerobic zones to accomplish nutrient removals. Activated full-scale sludge systems have 
been successfully designed and implemented to progressively include aerobic COD removal 
and nitrification, anoxic denitrification and anaerobic/anoxic/aerobic excess phosphorus 
removal. This implementation has been aided by the development of a suite of steady state 
design and kinetic simulation models (Ekama et al., 84; Wentzel et al., 1992). 
The activated sludge process was originally developed for carbon, nitrogen and phosphorus 
removals. The basic process for the simultaneous biological removal of phosphorus and 
nitrogen was proposed by Barnard in 1976 and is known as the Phoredox process in South 
Africa and Bardenpho or Modified Bardenpho in the United States. The Bardenpho 
activated sludge process is a four-stage process designed mainly for removing nitrogen, 
whereas the Phoredox activated sludge process is a five-stage process designed to remove 
nitrogen and phosphate. Nevertheless, the two systems consist of a sequence of primary 
anoxic, primary aerated, secondary anoxic, and a secondary aerated basin, followed by a 
clarifier. In the Phoredox activated sludge process, the incorporation of an anaerobic zone at 
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some point in the process allows the release of phosphate; and phosphate, after being 
released from the biomass in the anaerobic zone, is reincorporated in the biomass during 
aerobiosis, together part or all the influent phosphate (Gerber et al., 1986; Momba and 
Cloete, 1996a,b).  
In addition to the Phoredox and Bardenpho processes, other biological nutrient-removal 
(BNR) systems have been developed and implemented. These new BNR systems include the 
A2 /O process, the University of Cape Town or UCT process, the modified UCT process and 
the Virginia Initiative Process or VIP. The A2 /OTM process was developed in the United 
States of America. It is one of the simplest biological phosphorus removal systems. The 
returned activated sludge is mixed with the incoming wastewater and this mixed liquor 
passes through an anaerobic zone and then through an aerobic zone (Muyima et al., 1995). 
This process provides relatively low phosphorus removal due to high nitrate recycle to the 
anaerobic zone. Its layout is similar to the modified Phoredox in general, but the reactor has 
all its stages divided into complete mixed cells. The process is used for high-loaded 
activated sludge systems (Rybicki, 1997). The UCT process is derived from the Phoredox 
process. In this process, both the return activated sludge and the aeration tank contents are 
recycled to the anoxic zone, and the contents of the anoxic zone are then recycled to the 
anaerobic zone. This recycle sequence decreases the chance of introducing residual nitrate 
into the anaerobic zone. The internal recycle can be controlled to maintain zero nitrates in 
the effluent from the anoxic reactor, thereby ensuring that no nitrates will be returned to the 
anaerobic reactor. For weak wastewater, the UCT process can achieve both phosphorus and 
partial nitrogen removal to 6.8 mg/L (Water Environment Federation, 1996; Gray, 2002).  In 
the modified UCT process, the anoxic zone is subdivided into parts: the first anoxic zone 
receives sludge recycle while an anoxic-anaerobic mixed liquor recycle is taken from it. The 
second anoxic zone part receives aerobic-anoxic mixed liquor recycle. The advantage of this 
process is that the first anoxic part is designed to reduce only the nitrate nitrogen in the 
return sludge, which prevents nitrogen intrusion in the anaerobic zone (Muyima et al., 1995; 
Rybicki, 1997; Tchobanoglous, 2003). The VIP was developed by Hampton Roads Sanitation 
District and the engineering firm CH2M Hill. In this process, which is similar to the UCT 
process, all the zones are staged to consist of at least two completely mixed cells in series 
(Metcalf and Eddy, 2003).  The process includes the anaerobic, anoxic and aerobic zones. 

2.3 Microorganisms involved in the biological nutrient removal  
The concentration of total phosphate should not exceed 2 mg/L for installations of 10,000 - 
100,000 i.e., and 1 mg/L for installations designed for more than 100,000 i.e. The respective 
criteria for nitrogen are 15 and 10 mg/l. Member states are expected to comply for 
discharges above 15,000 i.e. (Bowker & Stensel, 1990). Biological wastewater treatment 
systems rely on the interaction and metabolisms of microorganisms. These systems 
essentially depend on the capacity of the microbial community to recycle elements by way 
of biogeochemical cycles.  
The composition of the microbial community is determined by the type of nutrient content 
of the wastewater and a number of other selective pressures such as mean cell retention 
time, aerobiosis, anaerobiosis, temperature and other extrinsic factors (Cloete & Muyima, 
1997). In biological wastewater treatment systems, bacteria and other microorganisms 
breakdown and metabolize the COD to 10-100mg/L (Eckenfelder et al., 1992). Water is 
aerated and microorganisms convert the organic carbon to carbon dioxide and into cell 
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biomass. Biomass is separated from the treated wastewater in the clarifier for recycling or 
wasting to solids-handling process. 
Over the past three decades, most investigations have been concentrated on the important 
role of bacteria in the biological treatment of wastewater influents. The bacterial population 
has become important in the operation and control of the biological phosphorus and 
nitrogen removal processes. Parallel to the development in engineering and technology of 
the activated sludge system, significant advancements have been made in the bacteriological 
and biochemical analytical methods. In these areas, researchers have increasingly moved 
away from pure culture work to a number of new analytical techniques for the study of in 
situ bacterial population, for example, ATP analysis (Nelson & Lawrence, 1980), DNA 
analysis (Liebeskind & Dohmann, 1994), quinine profiling (Hu et al., 1999) and the use of 
fluorescent probes for ribosomal RNA (Wagner et al., 1994). The 16S RNA-based clones 
libraries or denaturing gradient gel electrophoresis have resulted in a number of high-
diversity groups of bacteria involved in enhanced biological nutrient removal (Zeng et al., 
2003).  
Phosphate release in the anaerobic zone followed by excess phosphate uptake in the aerobic 
zone constitutes the main characteristics of an activated sludge system. The active biomass 
is returned to the reactors after settling out in a clarifier. Polyphosphate and insolubilised 
mineral phosphate are important fractions of activated sludge, because phosphate removal 
efficiency in the activated sludge process depends mainly on the sludge phosphate content.  
The polyphosphate is accumulated in the sludge, accompanied by potassium and 
magnesium accumulation. Magnesium and potassium are therefore known to be essential to 
enhanced phosphate removal (Toerien et al., 1990; Momba % Cloete, 1996). Sludge age is 
also an important factor in the removal of phosphate, because the time that the 
microorganisms are given to break down the waste products has a significant effect on 
effluent quality. Sufficient time must be permitted for microorganisms to be in contact with 
the waste to accomplish the treatment. A sludge age ranging from 15 to 20 days is therefore 
required for the removal of phosphate in activated sludge systems (Toerien, 1990). Previous 
investigators have also shown the role of carbon sources in nutrient removal from 
wastewater (Kargi et al., 2005; Akpor et al., 2008). 
Studies have shown that Acinetobacter sp. is of little significance in phosphate removal when 
compared to members of other phylogenic groups of bacteria (Momba & Cloete, 1996a,b; 
Band et al,. 1999; Jeon et al., 2003).  Other bacteria such as Aeromonas, Vibrio, Pseudomonas, 
and coliforms have been implicated in dominant polyphosphate-accumulating organisms 
(PAO) (Momba and Cloete, 1996a,b; Snaidr et al., 1997; Seviour et al; 2003). A series of 
studies by Momba and Cloete (1996a,b) on the relationship between biomass concentrations 
and phosphate uptake have demonstrated the role of initial biomass concentration of PAO 
bacteria such Acinetobacter junii, A. radioresistens, Pseudomonas fluorescens and Escherichia coli 
to remove phosphate from a mixed liquor medium in a laboratory-activated sludge scale 
system using different initial biomass cell concentrations (from 104 to 108 cells/mL). In this 
study, phosphate removal was biomass and growth-stage related.  The results showed a 
relationship between a high initial cell density and phosphate uptake. Acinetobacter junii and 
P. fluorescens at a high initial biomass concentration of 108cell/mL removed all the 28.25 
mg/L phosphate during the entire duration of the 24 h growth study. Low initial biomass 
concentrations triggered the release of phosphate once transferred into the mixed liquor. 
The release of phosphate increased during active growth and uptake occurred when cells 
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reached the stationary growth phase. The rate of the phosphate removal increased during 
the stationary growth phase for the A. junii and during the logarithmic growth phase for P. 
fluorescens. Enhanced phosphate uptake in both cases was related to the final cell yield in the 
culture media. Acinetobacter radioresistens, and E. coli at 106 cells/mL and/or 107cells/mL 
(initial cell density) removed phosphate during the first hour of the lag growth phase 
(17.14mg/L and 15.14mg/L for A. radioresistens, 6.64mg/L for E. coli).  Some accumulated 
phosphate was released back into the medium during active growth. Both these species 
removed some phosphate during the stationary growth phase. Pseudomonas fluorescens 
removed more phosphate compared to A. radioresistens and E. coli with a specific rate of 3.00 
– 28.50 for P. fluorescens , 4.92 – 17.14 mg/L for A. radioresistens and 0.50 -8.50 mg/L for  E. 
coli. Finally, the most favorable net phosphate removal from mixed liquor was obtained in 
all cases by using a high initial biomass concentration (Momba & Cloete, 1996a, b). 
The biological nitrogen removal process generally results from the combined nitrification 
and denitrification processes (Wentzel, 1991; Carrera et al., 2003; Oguz, 2005). In the 
nitrification process, the first step is the conversion of ammonia to nitrite by Nitrosomonas, 
while the second step is the further oxidation of nitrite to nitrate, which is commonly 
accepted to be carried out by Nitrobacter (Antoniou et al., 1990; Sedlak, 1991). It has been 
estimated that 80 % of the energy generated by nitrifier autotrophs is used to fix carbon (iv) 
oxide (Painter, 1970; Prosser, 1989; Sabalowsky, 1999). Unlike autotrophic nitrification where 
nitrification is required in order to generate energy necessary for growth, it is generally 
accepted that heterotrophic nitrification is not linked to cellular growth (Prosser, 1989; 
Pennington & Ellis, 1993).  
The biological denitrification process enables the transformation of oxidized compounds by 
a wide spectrum of heterotrophic bacteria that convert nitrate to harmless nitrogen gas 
(Foglar et al., 2005). The necessary condition for denitrification to take place in activated 
sludge systems is the presence of a facultative microbial mass. Many common denitrifiers 
found in activated sludge systems appear to be capable of heterotrophic nitrification, which 
appears to occur simultaneously with denitrification (Prosser, 1989; Pel et al., 1997). 
Common denitrifiers reported in activated sludge systems include Achromobacter, Aerobacter, 
Alcaligenes, Bacillus, Brevibacterium, Denitrobacillus, Flavobacterium, Lactobacillus, Micrococcus, 
Brevibacterium, Pseudomonas, Spirillum, Proteus, Xanthomonas, Staphylococcus and Paracoccus 
(Gray, 1990;  Metcalf & Eddy, 1999; Sabalowsky, 1999).   
The efficiency of wastewater treatment plants by activated sludge system is not only linked 
to the bacterial population but also to the protozoa (Nicolau et al., 1997). According to their 
locomotive, protozoa are commonly placed in five groups, which include amoebae, 
flagellates, free-swimming ciliates, crawling ciliates and stalked ciliates. Most of the 
protozoa found in the sludge are ciliates and they can be classified in four groups: free-
swimming, crawling, attached and carnivorous. Ciliated protozoa are currently used as 
biotic indicators due to the fact they reduce the concentration of bacteria and suspended 
particles in the treatment process, resulting in the production of effluents of good qualities 
(Curds & Cockburn, 1970a; b; Madoni et al., 1993, Salvadö et al., 1995).   
 The role of protozoa in the decomposition of sewage has been reported since 1964. Johannes 
(1964, 1965) was the first investigator to emphasize the role of protozoa in the regeneration 
of phosphorus, a role traditionally assigned mainly to bacteria (Fenchel, 1986, 1988). High 
concentrations of ciliates and other protozoa have been found to be characteristics of 
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decomposing sewage (Johannes, 1964; 1965; Caron et al., 1985; Andersen et al., 1986). In 
aquatic ecosystems, ciliates and phagotrophic microflagellates have been reported to play an 
important role in the regeneration and mineralization of nitrogen in large quantities while 
grazing (Gast & Horstmann, 1983; Andersen et al., 1986). Studies have also revealed that 
flagellated and ciliated protozoa account for a major portion of nitrogen recycling (uptake 
and excretion) in both marine and freshwater habitats (Caron & Goldman, 1988; Pace & 
Funke, 1991).    
In normal conditions, the concentrations of protozoa are larger than 106protozoa/L, and the 
concentration of 107protozoa/L corresponds to very good pollution abatement. On the 
contrary, concentrations lower than 105 protozoa /L are indicative of a poor efficiency of the 
plant (Drakides, 1978). In terms of biomass, protozoa represent between 0.17% and 0.44% of 
the sludge during the colonization phase but can represent up to 9% at steady-state 
(Madoni, 1994a). Curds and Cockburn (1970b) have established relationships between the 
abundance of some species and the sludge loading: they have associated them with the 
quality of the effluent, depending on the biological oxygen demand (BOD). A recent study 
by Sibewu and coworkers (2008) indicated a high diversity of protozoan population in four 
South African activated sludge systems, which included 68 protozoan genera made up of 44 
ciliates, 16 flagellates and eight others.  Although the average density of ciliates was 104 

cells/mL in all aerobic zones, the plants that had total protozoan genera of 27 or 26 and a 
BOD5 < 25 mg/mL produced highly-purified effluents.  
Despite the evidence that the protozoan community plays a role in the recycling of wastewater 
and other aquatic ecosystems, increasing knowledge about the relationship between the 
protozoan biomass and enhanced phosphorus and nitrogen uptake is highly important for the 
production of effluent of a high standard and for the protection of water sources.   

3. Role of protozoa in the excess removal of phosphate and nitrogen in 
wastewater systems 
The average concentration of total phosphorus (inorganic and organic forms) in wastewater 
is in the range of 10–20 mg/L, much of which comes from phosphate builders in detergents. 
Common forms of phosphorus in wastewater are orthophosphate (PO4) (50–70 percent of 
phosphorus), polyphosphates, and phosphorus tied to organic compounds. Orthophosphate 
comprises approximately 90% of phosphorus in biologically treated effluents (Meganck & 
Faup, 1988). The total nitrogen is comprised of organic nitrogen, ammonia nitrogen, nitrite 
and nitrate. The concentrations of each of the types of nitrogen in the influent wastewater 
treatment of wastewater treatment depend on the composition of the discharges to the 
collection system and the conditions in the collection system prior to entering the 
wastewater treatment plant. Typical range values for typical strength domestic wastewater 
as determined by Metcalf and Eddy (1991) are as follows:  12–50 mg/L for ammonia 
nitrogen, 8–35 mg/L for organic nitrogen and 20–85 mg/L for total nitrogen. Since 
phosphorus and nitrogen are limiting nutrients and are mainly responsible for 
eutrophication of surface waters, they must be removed by wastewater treatment processes 
before discharge of the effluents into surface waters.  
Case study- Protozoan biomass relationship to enhanced phosphate and nitrate removal 
In a recent study conducted by Akpor and Momba-workers (2010), the relationship between 
protozoan biomass concentrations and phosphate and nitrate removal was investigated in 
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sterile mixed liquors obtained from the anaerobic zone of an activated sludge system.  The 
study was carried out in a shaking flask environment using three initial biomass 
concentrations (10, 100 and 1000 cells/mL) of two ciliates (Aspidisca, Trachelophyllum) and 
one flagellate (Peranema). The three organisms were isolated from the aerobic zone of the 
same activated sludge system. To enhance nutrient removal from mixed liquor in the 
presence of the protozoan isolates, sodium acetate (5 g/L) as a carbon source and potassium 
(0.18 g/L KNO3.) were added to the medium. Samples were taken every 24 h to determine 
phosphate and nitrate for a period of 96 h. Figure 1 shows an example of the pattern of the 
relationship between protozoan biomass and enhanced nutrient removal. 
The results of the study revealed no remarkable removal of phosphate or nitrate during the 
first 24 h, as there was no specific increase in protozoan densities. A drastic decrease in 
phosphate and nitrate contents occurred with a progressive increase in protozoan biomasses 
(Fig. 1). This trend was observed at all initial biomass concentrations for all protozoan 
species (results not shown). Between 24 and 96 h, the increases in the protozoan densities 
corresponded to a phosphate decrease from initial ranges of 55.42–57.36 mg/L, 50.27–51.17 
mg/L and 50.01–50.83 mg/L to final ranges of 2.46–11.90 mg/L, 0.61–11.80 mg/L and 1.29–
13.89 mg/L, in the presence of Aspidisca, Trachelophyllum and Peranema, respectively. Nitrate 
concentrations were observed to decrease from initial ranges of 23.84 to 25.90 mg/L, 23.94 to 
25.84 mg/L and 26.12 to 26.54 mg/L to final ranges of 0.11 to 6.32 mg/L, 0.16 to 5.60 mg/L 
and 0.24 to 9.04 mg/L, in the presence of Aspidisca, Trachelophyllum and Peranema, 
respectively.   
The COD and the DO concentrations in the mixed liquor were also taken into consideration. 
The study revealed no COD removal in the presence of acetate as a carbon source. At initial 
biomass concentration of 103 cells/mL, COD increases of 50.58 % for Aspidisca, 53.79 % for 
Trachelophyllum and 60.18% for Peranema were recorded (Fig 1). However, a DO decrease of 
over 93 % occurred in mixed liquor from the first 24 h of the experimental study and this 
was irrespective of the protozoan isolates and the initial biomass concentrations (Akpor & 
Momba, 2010).This study by Akpor & Momba (2010) revealed a direct relationship between 
decreases in phosphate and nitrate concentrations and the protozoan biomass. An increase 
in protozoan growth automatically triggered a corresponding nutrient removal and a 
decrease in DO concentration. It is also important to note that the growth rates of the three 
protozoa in mixed liquor were dependent on the initial biomass concentration of the 
inoculums. This study shows the need to create an environment for the proliferation of the 
test protozoa in activated sludge systems (Akpor & Momba, 2010).  
A progressive increase in the population of protozoa with time has been reported by 
Petropoulos and coworkers (2005). As stated above, Momba & Cloete (1996a; b) have also 
reported the relationship between bacterial biomass and enhanced phosphorus removal. 
These studies and the current study by Akpor & Momba (2010) demonstrate the important 
of high concentrations of biomass for the most favourable net nutrient removal from 
wastewater. Hence, the introduction of high initial biomass of bacteria and protozoan 
species into the activated sludge system may be one of the possible means of enhancing the 
phosphate and nitrate uptake rate. Therefore, it would be necessary to determine in the 
activated sludge system which strains of these organisms are capable of nutrient removal 
and which initial biomass concentrations are able to result in excess uptake of phosphate 
and nitrate. 
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Fig. 1. An example of the relationship between nutrient (phosphate and nitrate) removal and 
the growth of Aspidisca sp in the presence of acetate as carbon source at the different initial 
biomass concentrations. Similar patterns were also noted for Trachelophyllum andPeranema. 
(Full results for these two protozoan species can be found in Akpor & Momba, 2010) 
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4. Predation potential of wastewater protozoa on human pathogenic bacteria 
Previous studies have reported that the presence of protozoa in aeration tanks of 
wastewater treatment plants reflects an improvement in the effluent quality (Curds & 
Cockburn, 1970b; Sibewu et al., 2008). Researchers have focused on the significance of 
protozoa as reducers of bacterial concentrations and suspended particles in biological 
wastewater treatment plants (Curds & Cockburn, 1970a, b; Al-Shahwani & Horan, 1991; 
Madoni et al., 1993; Salvado et al., 1995). Two mechanisms have been proposed by which 
protozoan predation participates in the removal of indicator and pathogenic bacteria in 
biological wastewater treatment plants. The most commonly proposed mechanism is that 
predators graze on free bacteria and on bacteria attached to the flocks (Heinbokel, J.F., 
(1978). The second proposed mechanism is that suspension-feeding predators remove 
suspended particles as the particles flow through the wastewater treatment plant. Predators 
that graze on attached bacteria potentially free up the sites for future bacterial attachment, 
while the suspension-feeding predators directly remove particles from the mobile phase 
(Weber-Shirk & Dick, 1999). The feeding of flagellates and ciliates on bacteria represents the 
oldest predator–prey interaction that is known in nature. Flagellates and ciliates can control 
bacterial density in many ecosystems (Berninger et al., 1991). The majorities of investigations 
on the predation of bacteria by protozoa have focused either on laboratory strains of 
protozoa or on marine isolates (Omori and Ikeda, 1984; Laybourn-Parry et al., 2000; Scott et 
al., 2001; Pedros-Alio et al., 2000).  
During the past decade, studies have demonstrated that different bacterial strains are not 
equally vulnerable to grazers and have evolved different mechanisms to resist capture, 
ingestion or digestion by bacterivories (Hahn & Höfle, 2001; Jürgens & Matz. 2002). This has 
first been documented for Legionella pneumophila, which can multiply inside amoeba such 
as Acanthamoeba (Omar et al., 2000). Phenotypic bacterial properties that have been 
identified to influence grazing mortality are size and morphology (Gonzalez et al., 1990; 
Šimek & Chrzanowski, 1992, Šimek et al., 2001),, swimming speed (Matz & Kjelleberg 2005), 
toxic pigments (Matz et al., 2004), the physico-chemical surface structure (Monger et al., 
1990; Matz  & Jürgens 2001) and cell-to-cell communication (Okada et al., 2005). These 
findings have indicated that predation by protozoa is an important factor that contributes to 
the diversification of bacterial traits and might select specific antipredator adaptations in 
bacteria. It is therefore interesting to describe this phenomenon during the biological 
treatment of wastewater by activated sludge. Hence the influence of protozoan grazing 
(grazing rate, clearance rate and ingestion rate) on pollution indicator and enteric bacteria 
pathogens from mixed liquor wastewater was investigated and the optimum density of 
protozoa required for the removal of pathogenic bacteria was identified in our laboratory. 
The results of this study are discussed below.   

Case study- Protozoan biomass relationship to pathogenic bacteria removal from 
wastewater   
To investigate the protozoan biomass relationship to pathogenic bacteria removal, three 
strains of human enteric pathogenic bacteria frequently found in wastewater treatment 
plants [(pathogenic Salmonella typhimurium (ATCC 14028), Shigella flexneri (CCRC 1077) and E. 
coli O157:H7 (ATCC 43895)] and three protozoan isolates (Aspidisca sp., Trachelophylum sp. 
and Peranema sp.), which were previously screened for phosphate and nitrate removal 
efficiency (Akpor et al., 2007) were used. For each selected protozoa, three different initial 
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biomass concentrations (102cell/ml, 103cell/ml and 104cells/ml) were considered. The 
grazing experiments were carried out using a modification of the protocol outlined by Sherr 
and Sherr (1993). Each experiment consisted of duplicate batches containing one protozoa 
species and one of live pathogenic bacterial strains. Experiments were conducted in 
Erlenmeyer flasks containing 250 mL of modified wastewater mixed liquor, which is a 
simulated environment for the bacteria and protozoa isolated from the wastewater system 
(Momba & Cloete, 1996). For each protozoan species, flasks were separately inoculated with 
initial protozoa biomass (102,103 and 104 cells/mL and then placed in the dark in a water 
bath at 25°C for 30 min to allow the protozoa to recover from handling shock and to 
acclimatise. For each pathogenic bacterium, an initial concentration of 106cfu/mℓ was 
separately added to each flask, followed by incubation in the dark with shaking (100 ± 10 
rpm) at room temperature. Five milliliter aliquots were collected from each flask on an 
hourly basis for the first 12 h and thereafter every 18 h and 24 h. Protozoan densities were 
estimated by dispensing approximately 1mL of the sample on improved Neubauer 
hemocytometer and viewing directly under the microscope at 400 X magnifications 
(Axioplan Carl Zeiss GmbH equipped with phase contrast, bright field and epifluorescence, 
HBO 50 illuminator and a digital imaging system). Spread plate procedure and selective 
media (XLD agar for Salmonella typhimurium and Shigella flexneri and Fluorocult E coli 
O157:H7 agar for E coli O157:H7) were used to determine the concentration of live bacteria. 
The plates were incubated at 37°C for 24h. The protozoan concentrations were calculated 
using the following formula:   

 Number of cells/mL = (C × V)/(A × D × F) (1) 

where C is the number of organisms counted, F the number of fields counted, D (mm) the 
depth of the counting chamber, A (mm2) the area of a field and V (mm3) the volume of the 
counting chamber (APHA 2001). Growth rates (μ) (d-1) were calculated using the following 
equation:   

 μ = (ln Ft - ln F0)/∆t  (2) 

where F0 and Ft denote the concentrations of the protozoa at the beginning and at the end of 
the time interval (∆t) of exponential increase during the study period (APHA 2001). 
The grazing rates (G) (per hour) were calculated by the equation:   

 G = (N0 – Nt )/[(N0 – Nt )/2]/∆t,      (3) 

where N0 and Nt refer to the concentrations of bacteria at the beginning and the end of the 
time interval (∆t) of decline. The clearance rates (C) (nl /flagellate/h) were calculated by the 
equation:   

 C = (G ×1,000,000)/Fm,        (4) 

where Fm (Protozoa/mL) is the mean concentration of the flagellate. Fm was calculated for 
the time of an exponential increase, according to the method of Heinbokel (1978):    

 Fm = (Ft – F0 )/(ln Ft - ln F0) (5) 

where F0 and Ft refer to the concentrations of the protozoa at the beginning and at the end of 
the time interval, respectively. 
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The ingestion rates (I) (bacterial cells/protozoa/hour) were estimated by the equation (Wu 
et al., 2004):   

 I = (N0 – Nt)/Fm/∆.  (6) 

The results indicated a relationship between the protozoan biomass and their grazing, 
clearance and ingestion rates on pathogenic bacteria. During the 24 h of the predation 
experiments, there were no significant changes in protozoan densities, which ranged from 2 
× 104 to 9.8 × 104 cells/mL, from 2 × 104 to 9.1 × 104 cells/mL and from 2 × 104 to 8.7 × 104 
cells/mL when the three protozoa had E. coli, Salmonella typhimurium and Shigella flexneri as 
their sole sources of food, respectively. No significant differences in protozoan growth rates 
were noted between the initial protozoan biomass of 102cells/mL and that of 103cells/mL in 
the presence of the three enteropathogenic bacterial strains. However, significant differences 
in growth rates were recorded between the initial protozoan biomass of 104cells/mL and 
those of the two former initial biomasses [P = 0.054 9 one-way ANOVA)]. For all initial 
protozoan densities, the maximum protozoan growth rates were observed when grazing on 
E. coli, with Peranema having the highest rates, ranging between 0.14 and 0.17h-1 during the 
study period (Tables 1–3). The growth experiment therefore indicated a strong relationship 
between a higher protozoan biomass and a higher growth rate, although in various densities 
all the three protozoa species were able to predate successfully on the enteropathogenic 
bacteria, and that bacterial food concentrations of 106bacteria/mL allowed a positive growth 
(Tables 1-3). 
For all protozoan species, lower protozoan biomass concentrations of 102cells/mL and 
103cells/mL significantly resulted in lower grazing rates (P = 0.002 [t test]), clearance rates 
(P = 0.002 [t test]) and ingestion rates (P = 0.007 [t test] compared to the higher protozoan 
biomass of 104cells/mL (Tables 1–3). This clearly showed that the three mechanisms of 
protozoan predation on pathogenic bacteria increased with a higher protozoan biomass  
 
Strain Mechanisms A B C 
  
E. coli O157:H7  Grazing rate (cell-1 h-1) 32 42 28
 Clearance rate (nl cell-1 h-1) 20 60.36 13.27
 Ingestion rate (bacteria cell-1 h-1) 240 715 181
 Growth rate (d-1) 0.13± 0.01 0.12± 0.03 0.14± 0.01
  
Salmonella typhimurium  Grazing rate (cell-1 h-1) 4.7 21 4
 Clearance rate (nl cell-1 h-1) 12.89 52 12.04
 Ingestion rate (bacteria cell-1 h-1) 153 394 133
 Growth rate (d-1) 0.09± 0.02 0.09± 0.02 0.06± 0.2
  
Shigella flexneri  Grazing rate (cell-1 h-1) 38 38 23
 Clearance rate (nl cell-1 h-1) 38 68.2 9.4
 Ingestion rate (bacteria cell-1 h-1) 366 502 148
 Growth rate (d-1) 0.10± 0.01 0.10± 0.01 0.08± 0.02
       
A- Aspidisca sp, B - Trachelophyllum sp and C - Peranema sp. 

Table 1. Predation of initial protozoan density of 102cells/ml on enteric pathogenic bacteria  
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Strain Mechanisms   A B C 
  
E. coli O157:H7  Grazing rate (cell-1 h-1) 36 51 33
 Clearance rate (nl cell-1 h-1) 21.34 59.4 15.43
 Ingestion rate (bacteria cell-1 h-1) 232 728 181
 Growth rate (d-1) 0.14± 0.01 0.13± 0.03 0.15± 0.01
  
Salmonella typhimurium  Grazing rate (cell-1 h-1) 5 30 8
 Clearance rate (nl cell-1 h-1) 15 36 10
 Ingestion rate (bacteria cell-1 h-1) 160 403 123
 Growth rate (d-1) 0.10± 0.02 0.10± 0.02 0.06± 0.2
  
Shigella flexneri  Grazing rate (cell-1 h-1) 33 44 30
 Clearance rate (nl cell-1 h-1) 35 40 8.9
 Ingestion rate (bacteria cell-1 h-1) 358 489 111
 Growth rate (d-1) 0.11 ± 0.01 0.11± 0.01 0.09± 0.02
      

A- Aspidisca sp, B - Trachelophyllum sp and C - Peranema sp. 

Table 2. Predation of initial protozoan density of 103cells/ml on enteric pathogenic bacteria 
 

Strain Mechanism A B C 
  
E. coli O157:H7  Grazing rate (cell-1 h-1) 78 83 60
 Clearance rate (nl cell-1 h-1) 44 94.1 60
 Ingestion rate (bacteria cell-1 h-1) 930 1035 440
 Growth rate (d-1) 0.16± 0.01 0.16± 0.03 0.17± 0.01
  
Salmonella typhimurium  Grazing rate (cell-1 h-1) 15 52 14
 Clearance rate (nl cell-1 h-1) 30 58.6 77
 Ingestion rate (bacteria cell-1 h-1) 920 730 320
 Growth rate (d-1) 0.11± 0.02 0.16± 0.02 0.09± 0.2
  
Shigella flexneri  Grazing rate (cell-1 h-1) 77 77 62
 Clearance rate (nl cell-1 h-1) 29 98.21 55
 Ingestion rate (bacteria cell-1 h-1) 540 1078 430
 Growth rate (d-1) 0.11± 0.01 0.11± 0.01 0.15± 0.02
       

A- Aspidisca sp,  B - Trachelophyllum sp and C - Peranema sp. 

Table 3. Predation of initial protozoan density of 104cells/ml on enteric pathogenic bacteria 
concentration. The results of this study showed that the ingestion rate was significantly 
higher (P< 0.001) compared to the grazing rate and to the clearance rate. This was 
irrespective of the protozoan initial biomass concentrations. In general, the highest grazing, 
clearance and ingestion rates were significantly noted with Trachelophylum when predating 
on E. coli and Shigella flexneri compared to Aspidisca and Peranema (test, P ≤ 0.002 in all cases) 
(Tables 1–3).   
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In terms of food preference, Escherichia coli O157:H7 remained the most preferred prey for 
both ciliates and the flagellate, followed by Shigella flexneri, and Salmonella typhimurium was 
found to be the least preferred prey among protozoa in most cases. This study clearly 
demonstrated that protozoa generally play a big role in the removal of indicators and 
pathogenic bacteria in activated sludge systems. To reveal whether this holds true for the 
majority of bacteria, more investigations are needed.  

5. Conclusion   
The various perspectives on the role of microorganisms in water and water resources have 
been highlighted in order to gain a deeper understanding of the intricate web of 
relationships between man, microbes and the environment. Microorganisms do not exist in 
a vacuum. They interact with the environment, causing harmful and beneficial effects which 
are in a delicate balance.  
It is well known that wastewater treatment consists of physical, chemical and biological 
treatment processes. All these processes may be required to produce effluent of a high 
quality that can result in the protection of water sources. Individual wastewater treatment 
processes cannot be applied in a universal fashion. Each process has limitations and should 
be used in combination with several other processes to deliver effluent of an appropriate 
quality. 
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