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Abstract 

Robust estimates of forest above-ground biomass (AGB) are needed in order to 

constrain the uncertainty in regional and global carbon budgets, predictions of global 

climate change and remote sensing efforts to monitor large scale changes in forest 

cover and biomass.  Estimates of AGB and their associated uncertainty are also 

essential for international forest-based climate change mitigation strategies such as 

REDD+.  Mangrove forests are widely recognised as globally important carbon 

stores.  Continuing high rates of global mangrove deforestation represent a loss of 

future carbon sequestration potential and could result in significant release into the 

atmosphere of the carbon currently being stored within mangroves. 

The main aims of this thesis are 1) to provide information on the current AGB stocks 

of mangrove forests in Kenya at spatial scales relevant for climate change research, 

forest management and REDD+ and 2) to evaluate and constrain the uncertainty 

associated with these AGB estimates.  This thesis adopted both a ground-based 

statistical approach and a remote sensing based approach to estimating mangrove 

AGB in Kenya.   

Allometric equations were developed for Kenyan mangroves using mixed-effects 

regression analysis and uncertainties were fully propagated (using a Monte Carlo 

based approach) to estimates of AGB at all spatial scales (tree, plot, region and 

landscape).   In this study, species and site effects accounted for a large proportion 

(41%) of the total variability in mangrove AGB.  The generic biomass equation 

produced for Kenyan mangroves has the potential for broad application as it can be 

used to estimate the AGB of new trees where there is no pre-existing knowledge of 

the specific species-site allometric relationship.  The 95% prediction intervals for 

landscape scale estimates of total AGB suggest that between 5.4 and 7.2 megatonnes 

(Mt) of AGB is currently held in Kenyan mangrove forests. 

An in-depth evaluation of the relative contribution of various components of 

uncertainty (measurement, parameter and residual uncertainty) to the magnitude of 

the total uncertainty of AGB estimates was carried out.  This evaluation was 

undertaken using both the mixed-effects regression model and a standard ordinary 
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least squares (OLS) regression model.  The exclusion of measurement uncertainty 

during the biomass estimation process had negligible impact on the magnitude of the 

uncertainty regardless of spatial scale or tree size.  Excluding the uncertainty due to 

species and site effects (from the mixed-effects model) consistently resulted in a 

large reduction (~ 70%) in the overall uncertainty.  Estimates of the uncertainty 

produced by the OLS model were unrealistically low which is illustrative of the 

general need to account for group effects in biomass regression models.   

L-band Synthetic Aperture Radar (SAR) was used to estimate the AGB of Kenyan 

mangroves.  There was an observable relationship (R
2
 = 0.45) between L-band HH 

and AGB with HH backscatter found to decrease as a function of increasing AGB.  

There was no significant relationship found between L-band HV and AGB.  The 

negative relationship between HH and AGB in this study can possibly be attributed 

to enhanced backscatter at lower AGB due to strong double-bounce and direct 

surface scattering from short stature/open forests and attenuation of the SAR signal 

at higher AGB.  The SAR-derived estimate of total AGB for Kenyan mangroves was 

5.32 Mt ± 18.6%.  However, due to the unexpected nature of the HH-AGB 

relationship found in this study the SAR-derived estimates of mangrove AGB in this 

study should be considered with caution. 
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“…. at current rates of deforestation, and in response to rising sea levels 

mangrove forests will be virtually gone by the year 2100, and during 

that same year 4.3 million papers will be published about them.” 

Ellison (2002) 
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1. Introduction 

Atmospheric concentration of CO2 now exceeds pre-industrial levels by ~ 40% and 

increasing CO2 concentration is the single biggest driver of global climate change 

(IPCC, 2013).  Land use change is the second biggest contributor (after fossil fuel 

emissions) to global anthropogenic CO2 emissions (IPCC, 2013).  An estimated 15% 

(range 8-20%) of annual global anthropogenic CO2 emissions results from 

deforestation, forest degradation and conversion of forest land to other uses 

occurring primarily in the tropics (FAO and JRC, 2012; van der Werf et al., 2009).  

Recent estimates suggest that during the period 2000-2005 mean net forest loss in the 

tropics was ~ 9 million ha yr
-1

 with Africa recording the second highest rate of forest 

loss (~ 2.7 million ha yr
-1

) (FAO and JRC, 2012). 

Concern regarding the impact of CO2 emissions arising from deforestation and 

degradation on the global climate has led to increased emphasis being placed on 

estimating current carbon stocks
1
 within the world’s forests and changes to these 

stocks.  Robust estimates of forest carbon stocks and stock changes are crucial in 

order to constrain uncertainties in regional and global carbon budgets and predictions 

of climate change made using earth systems models (Valentini et al., 2014).  Such 

estimates are also a key requirement for international forest-based climate change 

mitigation strategies such as Reducing Emissions from Deforestation and Forest 

Degradation (REDD+).   

REDD+ envisages achieving CO2 emissions reductions, forest conservation and 

sustainable development by placing an economic value on forest carbon storage and 

facilitating the transfer of funds from developed to developing nations through 

international trade in carbon credits.  In contrast to the Clean Development 

Mechanism (CDM
2
) initiated under the United Nations Framework Convention on 

Climate Change (UNFCCC) Kyoto Protocol; REDD+ emphasises the maintenance 

                                                           
1
 Carbon stocks can be converted to potential CO2 emissions by multiplying the carbon stock by 3.67 

(the molecular weight ratio of CO2 to C). 
2
 The CDM allows for developed countries to partially achieve their CO2 emissions reduction targets 

by initiating emission reduction projects in developing countries which produce tradable certified 

emission reduction (CER) credits.  Forest-based activities covered under the CDM are limited to 

afforestation and reforestation projects and to date account for just 0.8% of all projects registered 

under the CDM (UNEP, 2014). 



 

2 
 

and enhancement of current forest carbon stocks.  Details of how REDD+ will 

operate at the national and international level under the UNFCCC are still under 

debate as there are a myriad of political, technical, financial and ethical issues (see 

Corbera, 2012; Streck, 2012; Venter and Koh, 2012) which are yet to be resolved 

and/or reconciled prior to wide-scale REDD+ implementation.  Despite this, 

numerous REDD+ ‘readiness’ activities (e.g. demonstration projects and 

development of national REDD+ strategies) are already taking place across the globe 

with some of the funding provided by voluntary carbon markets but the bulk 

provided by voluntary carbon funds administered by various international 

organisations (e.g. the REDD+ partnership) (Streck, 2012). 

Above-ground biomass (AGB
3
) is one of five forest carbon pools (IPCC, 2006) 

which is measurable and reportable for forest carbon projects operating under 

existing voluntary or future international compliance carbon markets (i.e. REDD+).  

Providing estimates of forest AGB which are accompanied by an appropriate 

measure of the associated uncertainty is a key requirement for REDD+ 

Measurement, Reporting and Verification (MRV) programs (Maniatis and 

Mollicone, 2010).  Furthermore, much of the uncertainty in remote sensing derived 

estimates of AGB is due to the uncertainty in the ground-based AGB estimates 

(‘ground truth’ data) used to calibrate remote sensing algorithms (Ahmed et al., 

2013).  Therefore it is essential to produce statistically robust AGB estimates 

accompanied by a realistic estimate of the uncertainty in order to constrain the 

uncertainties involved with remote-sensing based approaches to large-scale 

monitoring of biomass dynamics (Venter and Koh, 2012).   

1.1 Estimating above-ground biomass  

Estimates of the AGB of trees are most commonly obtained through the use of 

allometric biomass equations which relate one or more measured variables (e.g. tree 

diameter) to total AGB (Ciais et al., 2011).  In order to parameterise an allometric 

model it is usually necessary to destructively harvest and weigh a representative 

sample of individual trees for which these variables have been measured.  Regression 

                                                           
3
 For simplicity estimates of above-ground biomass (dry weight) can be converted to carbon content 

using the IPCC default carbon fraction value of 0.47 i.e. carbon content = biomass*0.47(IPCC, 2006). 
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analysis is used to obtain a predictive relationship between the measured variable (s) 

and total AGB.  This relationship is then applied to forest inventory data in order to 

produce estimates of AGB at larger spatial scales (e.g. plot, regional and landscape 

scale).   

Allometric models are usually developed within a classical regression framework 

where ordinary least squares (OLS) regression techniques are applied to estimate the 

regression coefficients.  However, a key limitation of such approaches is that they 

tend to ignore any correlations (or ‘group effects’) in the underlying dataset used to 

fit the model.  This typically results in an underestimation of the standard error of 

regression coefficients and thus the uncertainty on final predictions made using such 

models (Steele, 2008).  In contrast mixed-effects regression models offer an efficient 

means by which to analyse datasets which display a complex structure where data 

from individuals within populations are nested or grouped by one or more factors.  

For example, such grouping factors could include the species or site which the 

individual belongs to or an experimental treatment applied to a subset of individuals.  

Mixed-effects models allow for investigation of the variance in the response variable 

(e.g. total AGB) due to such group effects.   

In mixed-effects models the regression coefficients are estimated by partial pooling.  

This process involves fitting the overall mean regression for the response variable 

(the complete pooling estimate) and a separate regression for each group (the no-

pooling estimate) simultaneously.  Model residuals are split into group-level and 

individual level residuals, thus the total variance is divided into ‘between group’ and 

‘within group’ (between individuals) variance (Steele, 2008).  Partial pooling 

estimates of a regression coefficient are calculated as a weighted average of the mean 

of the observations within a group (the no-pooling estimate) and the mean across all 

groups (the complete pooling estimate) relative to the sample size in each group and 

the estimated between group and within group variance parameters (Gelman and 

Hill, 2007).  Thus, mixed-effects models allow for robust estimation of regression 

parameters and their uncertainty (Steele, 2008). 

Previous studies have highlighted the importance of the choice of allometric model 

(i.e. model form) used to derive estimates of AGB (Parresol, 1999; Ryan, 2009; 
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Soares and Schaeffer-Novelli, 2005).  In addition to issues regarding model 

specification the biomass estimation process (following choice of the ‘best’ model) 

introduces various other sources of uncertainty.  The uncertainty of an estimate of 

AGB for a single tree is comprised of the uncertainty in the measurement of 

inventoried trees (measurement uncertainty) and the uncertainty due to the use of the 

allometric model for predicting the biomass of a new individual (predictive 

uncertainty) (Chave et al., 2004).  These uncertainties are in turn propagated to 

estimates of AGB at larger spatial scales.  Failing to account for uncertainties during 

the biomass estimation process ultimately leads to an under-estimation of the 

uncertainty on final predictions of AGB (Dietze et al., 2008).  Accounting for 

predictive uncertainty is particularly important in biomass estimation as allometric 

equations are often applied outwith the data range for which they were originally 

intended (Chave et al., 2005) and are always applied outside the particular trees (and 

often sites) from which they were developed.  

An important issue in practical biomass studies is the species and site specific nature 

of allometric relationships in trees (Zianis and Mencuccini, 2004).  Given that it is 

impractical to construct a new allometric equation for every species encountered at 

every new site (particularly in species-rich tropical forests) this problem has mostly 

been approached by using compilations of species-specific equations (thus ignoring 

site specificity), using generic allometric models which combine data from various 

species and sites into a single equation or by re-sampling existing allometric 

equations to produce ‘generalised’ models (Chave et al., 2005; Komiyama et al., 

2005; Zapata-Cuartas et al., 2012; Zianis, 2008).  Generic allometric equations have 

been widely used to estimate AGB (in particular the set of pan-tropical equations 

developed by Chave et al., (2005)) however; in applying such equations the 

uncertainty introduced by variability in the allometric relationship due to species and 

site effects is often simply ignored. 

1.1.1 Remote sensing and AGB  

Remote sensing provides a powerful tool for fast and repeatable monitoring of land 

cover and above-ground carbon (i.e. AGB) dynamics at local, regional and global 

scales.  To date a variety of remote sensing techniques have been used to produce 
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forest classification maps, estimates of forest cover (and changes in cover through 

time), to map deforestation and degradation and to estimate AGB biomass (Asner et 

al., 2012; FAO and JRC, 2012; Giri et al., 2011; Ryan et al., 2012; Saatchi et al., 

2011b).   

The use of optical remote sensing data for biomass studies in the tropics is often 

hampered by the presence of cloud cover, and relationships derived between 

optically sensed spectral metrics (e.g. NDVI) and AGB are generally of limited use 

(Patenaude et al., 2005).  In contrast, active remote sensing techniques (LiDAR and 

radar) have shown greater potential for AGB estimation (Asner et al., 2012; Mitchard 

et al., 2009) however currently LiDAR data from space-borne sensors are not widely 

available and the cost of collecting airborne LiDAR data are prohibitive.   

Synthetic Aperture Radar (SAR) systems actively transmit microwave energy (at 

various wavelengths) and measure the amount of energy that is returned to the sensor 

by the underlying ground surface.  SAR systems operating at longer wavelengths 

(e.g. L-band) can penetrate the forest canopy and interact with the branches and 

stems below thereby providing information on the structural characteristics of the 

forest components which hold the greatest proportion of AGB (Lucas et al., 2007).  

Relationships between SAR backscatter and AGB have previously been derived for a 

variety of different forest types including boreal forest in Alaska (Rignot et al., 

1994); savanna and miombo woodland in Africa (Mitchard et al., 2009); tropical 

forest in Costa Rica (Saatchi et al., 2011a) and mangroves in French Guiana (Mougin 

et al., 1999).  Comparatively few previous studies have attempted to use SAR for the 

retrieval of AGB in mangroves and only one such study has been undertaken in 

Africa (Carreiras et al., 2012). 

1.2 Mangroves – ecosystems of global importance 

Mangroves are intertidal forests composed of saline tolerant tree and shrub species, 

which occur at the interface between land and sea, in tropical and subtropical 

latitudes (Fig. 1.1).  Although they constitute just 0.1% of the earth’s continental land 

surface (Giri et al., 2011) and 0.4% of the world’s forested areas (FAO and JRC, 

2012), mangroves play an important role in the global carbon cycle.  
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Fig. 1.1: Global distribution of mangrove forests.  Modified from the UNEP Blue Carbon report 

(Nellemann et al., 2009). 

 

1.2.1 Mangroves and carbon 

Fixation of atmospheric CO2 during photosynthesis by mangrove plant species often 

constitutes the bulk of organic carbon input to the mangrove system (Alongi et al., 

2004).  Mangroves are highly productive ecosystems with an estimated global net 

primary production (NPP
4
) of 218 ± 72 Tg C yr

-1
 (Bouillon et al., 2008).  There is a 

general latitudinal trend in mangrove productivity such that it is highest in forests 

near the equator and decreases with increasing latitude (Saenger and Snedaker, 

1993).  At finer spatial scales mangrove productivity is influenced by a variety of 

factors such as; climatic conditions, species composition, forest age and structure, 

hydrology, salinity and soil characteristics (Day et al., 1996; Twilley et al., 1992).   

Comparison of ecosystem carbon stocks suggests that at the global scale the amount 

of carbon stored by mangroves as live AGB (7990 g C m
-2

) is second only to that 

                                                           
4
 Net Primary productivity (NPP) is commonly defined as the difference between total photosynthesis 

(gross primary productivity (GPP)) and plant respiration (R) i.e. NPP = GPP-R (Clark et al., 2001).  

Therefore, a positive value of NPP implies that there has been net fixation of carbon above and 

beyond what has been lost to the atmosphere via plant respiration.  NPP equates to the increase in 

standing biomass and tissue turnover (above and below-ground) plus any losses (e.g. via litterfall, 

herbivory) over a given period of time (Clark et al., 2001; Chapin et al., 2006; Hogarth, 1999). 



 

7 
 

stored by terrestrial tropical forests (12045 g C m
-2

) (Laffoley and Grimsditch, 2009).  

Levels of mean AGB have been found to vary considerably between mangrove 

forests across the globe (see review by Komiyama et al., 2008) reflecting not only 

variability in the factors which influence productivity (as mentioned above) but also 

varying levels of disturbance (Fromard et al., 1998).  Global estimates of total 

mangrove AGB vary depending on the methodologies employed for estimating AGB 

and extrapolating estimates to the global scale but range between ~ 2.5 to 5 Pg AGB 

(Hutchison et al., 2013; Laffoley and Grimsditch, 2009; Siikamaki et al., 2012; 

Twilley et al., 1992).  Thus despite accounting for just 0.7% of the world’s tropical 

forest cover (Giri et al., 2011) mangroves hold up to 1.2% of the estimated 193 Pg C 

currently stored in tropical forest AGB (Saatchi et al., 2011b). 

Comparatively few studies have focused on quantifying the amount of mangrove 

carbon stored as below-ground biomass.  However, root production has been 

suggested to be equally if not more important than litterfall in terms of overall 

contributions to the soil carbon pool in mangroves (Gleason and Ewel, 2002; 

Kristensen, 2007).  Previous studies have found that live below-ground root biomass 

accounted for between 18 to 37% of total mangrove biomass (Ong et al., 2004; 

Tamooh et al., 2009).  A very high proportion (up to 97%) of mangrove below-

ground biomass is composed of dead roots (Alongi and Dixon, 2000; Tamooh et al., 

2008).  The refractory nature of mangrove roots means that there is a large potential 

for carbon storage and accumulation in soils over time (Middleton and McKee, 

2001).  Biomass from in situ plant production constitutes the bulk of the carbon 

accumulating in mangrove sediments (Kristensen, 2007; Middleton and McKee, 

2001), however, there can be additional inputs from land and sea (Jennerjahn and 

Ittekkot, 2002).   

Carbon burial rates in mangroves can be substantial where sediment accretion rates 

and organic matter input are high and sediments are largely anoxic (Henrichs, 1992).  

Estimates of global mangrove carbon burial rates suggest that as much as 0.02 Pg C 

yr
-1

 is buried within mangrove sediments which equates to ~ 10% of the total carbon 

buried annually in global ocean sediments (Duarte et al., 2005).  Analysis of peat 

cores suggests that mangroves in some areas have the capacity to accumulate deep 
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stores of organic material over exceptionally long time periods.  Peat deposits from 

mangroves on the Caribbean coast can be up to 10m deep and have been dated 

between 7000 and 8000 years old (McKee et al., 2007).  Recent estimates of whole 

ecosystem carbon stocks suggest that as much as 20 Pg of carbon is currently being 

stored in mangrove biomass, sediments and peat world-wide and that carbon density 

(ha
-1

) within mangroves is several times that found within other tropical and 

temperate forest biomes (Donato et al., 2011). 

Mangroves do not merely sequester carbon but represent an important link between 

the biogeochemical cycles of land and sea as they not only receive inputs of organic 

matter from terrigenous sources but due to tidal flooding and draining also exchange 

material with surrounding coastal waters.  At the global scale, it has been estimated 

that mangroves export 0.05 Pg C yr
-1

 in the form of litter detritus to the coastal zone, 

which accounts for 11% of total annual terrestrial input of carbon to the oceans 

(Jennerjahn and Ittekkot, 2002).  In addition, mangrove-derived dissolved organic 

carbon (DOC) exported primarily as a result of tidal flushing of sediment porewaters 

can be a major source of offshore DOC (Bouillon et al., 2007b; Dittmar et al., 2006; 

Lee, 1995).  Bouillon et al., (2004) estimated that exported mangrove carbon 

accounted for 21-70% of the seagrass sedimentary organic C pool in Gazi Bay, 

Kenya indicating that a large proportion of benthic mineralization within nearby 

seagrass habitats may be sustained by mangrove-derived carbon (Bouillon et al., 

2004). 

1.2.2 Beyond carbon 

In addition to their role within global biogeochemical cycles mangroves also provide 

a number of other key ecosystem services which are of ecological, economical and 

societal importance at local, regional and global scales.  The mangrove environment 

plays host to both aquatic and terrestrial faunal communities providing habitat, 

refuge and food for a wide variety of benthic and pelagic species at different stages 

in their life cycle (Kristensen et al., 2008).  Indeed, there is evidence to suggest that 

mangroves support offshore fisheries production (Aburto-Oropeza et al., 2008; 

Mumby et al., 2004).  Local human communities often rely heavily on adjacent 
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mangroves for fishing, timber, fuelwood and traditional medicines (Dahdouh-Guebas 

et al., 2000).   

In recent years, the role of mangroves in mitigating the effects of ‘natural disasters’ 

(e.g. tsunamis) has also been recognised (Dahdouh-Guebas et al., 2005; Zhang et al., 

2012).  Mangroves can not only act as physical ‘buffers’ during extreme weather 

events but their presence along coastal rivers and estuaries regulates the exchange of 

sediment between land and sea (Duarte et al., 2005).  The process of coastal 

sedimentation and accretion is highly variable in space and time but in general 

mangroves appear to promote the net deposition of sediments (Alongi, 2009).  The 

degradation and destruction of mangroves in some areas has resulted in substantial 

coastal erosion (Mazda et al., 2002).  

1.3 Mangroves under threat 

Mangroves have been systematically lost over recent decades primarily due to an 

increasing human population, wide-scale over-exploitation of wood resources and 

conversion to aquaculture, coastal development and human settlement (Alongi, 2002; 

Primavera, 2005).  Current global mangrove cover has been estimated at ~ 14 million 

hectares (Giri et al., 2011) however, estimates of mangrove loss at the global scale 

indicate that ~ 20 to 35% of global mangrove cover has been lost since 1980 (FAO, 

2007; Valiela et al., 2001).  Rates of mangrove deforestation may be slowing in some 

countries however, they generally remain high at the global scale with an estimated 

loss of ~ 1 to 2% yr
-1

 (FAO, 2007; Valiela et al., 2001).  The extent to which 

mangrove forests have suffered degradation is harder to quantify but is likely 

substantial and continued loss of cover, forest fragmentation and loss of species 

diversity may result in mangroves becoming functionally extinct within the next 100 

years (Duke et al., 2007; Polidoro et al., 2010).  In addition to the more immediate 

threat of deforestation and degradation; global climate change in general and sea 

level rise in particular poses a significant threat to remaining mangrove forests 

(Alongi, 2008; McLeod and Salm, 2006).  The ability of mangroves to keep pace 

with future sea level rise will depend primarily on site specific rates of sediment 

accretion (relative to sea level rise) and thus mangroves in settings where there is low 
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sediment input, low topographic relief and limited options for landward migration 

will be at high risk of disappearing (Alongi, 2002; 2008; McLeod and Salm, 2006).  

Given that mangroves represent a globally important carbon sink (Donato et al., 

2011) their continued degradation and loss world-wide not only represents a loss of 

future C sequestration potential (and other important ecosystem services) but could 

result in significant release into the atmosphere of C currently stored within 

mangrove biomass, sediments and peat (Pendleton et al., 2012).  Indeed, recent 

estimates indicate that between 0.02 and 0.12 Pg C yr
-1

 is emitted to the atmosphere 

as a result of global mangrove deforestation (Donato et al., 2011; Pendleton et al., 

2012).  This equates to as much as 10% of the 1.2 Pg C yr
-1

 emitted due to global 

deforestation (van der Werf et al., 2009).  

1.4 Mangroves in Kenya 

Mangroves occur along the entire Kenyan coastline between 4°40'S, 39°12'E in the 

South bordering Tanzania and 1°40'S, 41°33'E in the North bordering Somalia (see 

Chapter 2; Fig 2.1).  The climate along the coast of Kenya is influenced by seasonal 

change in the Intertropical Convergence Zone (ITCZ) which produces a bimodal 

pattern of rainfall; the long rains (March - May) and the short rains 

(September/October – December) (Mutai and Ward, 2000).  Mean annual rainfall 

varies along the coast but ranges between 600 – 1600 mm, mean minimum and 

maximum temperature ranges between 24°C and 30°C and relative humidity is 

generally high (~ 60 to > 90%) (GoK, 2009). 

The bulk of Kenya’s mangroves lie within the Lamu Archipelago in the North coast 

sheltered by barrier islands and coral reefs.  There are also substantial tracts of 

mangrove forest found within the permanent Tana River estuary and delta (Bouillon 

et al., 2007a).  The fringing coral reef which stretches along the coastline from 

Vanga (Tanzanian border) to Malindi provides shelter from strong wave action to the 

smaller areas of mangrove found in the South coast which occur in creeks and bays 

and receive variable inputs of freshwater from seasonal rivers (GoK, 2009).  

Approximately 3.3 million people live in Kenya’s coastal region (~ 8.6% of Kenya’s 

total population) (GoK, 2009) of which 60-70% are classified as living below the 
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poverty line (GoK, 2003). The estimated annual population growth rate in the coastal 

region is high (~ 3%) and thus natural coastal resources are under increasing pressure 

(GoK, 2009).  There is a long history of mangrove loss and degradation in Kenya due 

to over-exploitation of timber resources, conversion to salt works (Malindi area), 

coastal development (for industry and tourism), damming of the Tana River, 

dredging of water channels (Lamu) and oil pollution (Mombasa) (GoK, 2009).  A 

recent estimate by Kirui et al., (2012) suggests that Kenya experienced a mean areal 

loss of mangroves of ~ 0.7% yr
-1

 during the period 1985-2010.  However, mangrove 

reforestation programs have been successful in rehabilitating degraded forests in 

some areas of the South coast (Kairo et al., 2008).   

The system of mangrove governance in Kenya is complicated and confused by the 

fact that Kenya Forest Service (KFS) and Kenya Wildlife Service (KWS) have an 

overlapping mandate over mangrove forests.  Although mangroves in Kenya are 

gazetted as forest reserves under the Republic of Kenya Forests Act, 2005 and are 

officially managed by KFS (GoK, 2009); KWS appears to have almost complete 

jurisdiction over mangroves located within marine protected areas (MPAs).  Where 

harvesting of mangroves is permitted KFS are responsible for the issue and 

regulation of cutting licences.  However, logging practices are often poorly managed 

(Kairo et al., 2002) and continue unchecked even in areas where logging is 

prohibited by law (e.g. Mida Creek) (see Fig. 1.2).  Mangroves located within 

designated MPAs along the Kenyan coast are offered some level of protection 

however, regulations regarding coastal development and logging within MPAs are 

often poorly enforced (GoK, 2009). 

 

Fig. 1.2: Harvested mangrove trees in Mida Creek, Kenya.  Photo taken by R. Cohen on 10
th

 July 

2011.     
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1.5 Thesis scope and main objectives 
 

Producing robust estimates of forest above-ground biomass at spatial scales which 

are relevant for climate change research, forest management and REDD+ is now a 

key challenge facing environmental scientists.  Kenya is one of many developing 

nations currently in the process of developing a national strategy for REDD+ 

implementation.  This process involves (amongst other things) establishing national 

baseline carbon stocks and an effective MRV system.  Mangroves are both globally 

important carbon stores and one of the most threatened ecosystems on the planet.  As 

such, there is definite scope for their inclusion within a REDD+ framework.   

The over-arching objective of this thesis is to provide spatially explicit information 

on the current AGB stocks of Kenyan mangrove forests and to evaluate and constrain 

the uncertainty of these estimates of AGB stocks.  For this purpose this thesis adopts 

two approaches to estimating the above-ground biomass of mangrove forests in 

Kenya: a ground-based statistical approach and a remote sensing based approach.  

This thesis utilises two unique datasets; one represents the largest tree harvest dataset 

compiled for African mangroves to date and the other is an extensive forest inventory 

dataset spanning the entire Kenyan coastline.  A schematic overview of the main 

structure of this thesis and the main outcomes of each research chapter is provided in 

Fig. 1.3. 

Chapter 2 focuses on 1) developing new allometric equations for Kenyan mangroves 

within a mixed-effects regression modelling framework 2) demonstrating a 

methodology for uncertainty propagation during the biomass estimation process 

which ensures that AGB estimates are accompanied by a realistic estimate of the 

total uncertainty and 3) producing estimates of mangrove AGB at different spatial 

scales (tree, plot, regional and landscape) which are accompanied by an appropriate 

measure of uncertainty.   

Chapter 3 builds on the work carried out within chapter 2 and focuses in depth on 

evaluating the relative contribution of various components of uncertainty (propagated 

during the biomass estimation process) to the magnitude of the total uncertainty of 

AGB estimates.   This evaluation is carried out using the mixed-effects regression 
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model introduced in chapter 2 and for comparative purposes is also carried out using 

a standard ordinary least squares regression model.   

Chapter 4 represents the first attempt to utilise L-band SAR data for the purpose of 

estimating mangrove AGB in East Africa.  This chapter utilises the ground-based 

estimates of plot AGB obtained in chapter 2 and SAR data acquired by JAXA’s 

(Japan Aerospace Exploration Agency) Advanced Land Observing Satellite Phased 

Array L-band Synthetic Aperture Radar (ALOS PALSAR) sensor.  The chapter 

focuses on 1) investigating the nature of the backscatter-AGB relationship in Kenyan 

mangrove forests and 2) producing SAR-derived estimates of mangrove AGB at the 

regional and national scale 3) quantifying the uncertainty of these estimates.   

Finally, chapter 5 provides a general summary and discussion of the work carried out 

in chapters 2 to 4. 

 

 

Fig. 1.3: Schematic overview of thesis structure.  Abbreviations are: AGB = above-ground 

biomass; SAR = Synthetic Aperture Radar; ALOS PALSAR = Advanced Land Observing 

Satellite Phased Array L-band Synthetic Aperture Radar; SPOT = Satellite Pour l’Observation de 

la Terre. 
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Abstract 

 

Mangroves are globally important carbon stores and as such have potential for 

inclusion in future forest-based climate change mitigation strategies such as 

Reducing Emissions from Deforestation and Forest Degradation (REDD+).  

Participation in REDD+ will require developing countries to produce robust 

estimates of forest above-ground biomass (AGB) accompanied by an appropriate 

measure of uncertainty.  Final estimates of AGB should account for known sources 

of uncertainty (measurement and predictive) particularly when estimating AGB at 

large spatial scales.  In this study, mixed-effects models were used to account for 

variability in the allometric relationship of Kenyan mangroves due to species and site 

effects.  A generic biomass equation for Kenyan mangroves was produced in 

addition to a set of species-site specific equations.  The generic equation has 

potential for broad application as it can be used to predict the AGB of new trees 

where there is no pre-existing knowledge of the specific species-site allometric 

relationship: the most commonly encountered scenario in practical biomass studies.  

Predictions of AGB using the mixed-effects model showed good correspondence 

with the original observed values of AGB although displayed a poorer fit at higher 

AGB values, suggesting caution in extrapolation.  A strong relationship was found 

between the observed and predicted values of AGB using an independent validation 

dataset from the Zambezi Delta, Mozambique (R
2
 = 0.96, p = <0.001).  The 

simulation based approach to uncertainty propagation employed in the current study 

produced estimates of AGB at different spatial scales (tree – landscape level) 

accompanied by a realistic measure of the total uncertainty.  Estimates of mangrove 

AGB in Kenya are presented at the plot, regional and landscape level accompanied 

by 95% prediction intervals.  The 95% prediction intervals for landscape level 

estimates of total AGB stocks suggest that between 5.4 and 7.2 megatonnes of AGB 

is currently held in Kenyan mangrove forests.   
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2.1 Introduction 

 

Mangrove forests are now widely recognised as globally important carbon (C) stores 

(Bouillon et al., 2008; Chmura et al., 2003; Donato et al., 2011; McKee et al., 2007).  

Despite accounting for just 0.7% of the world’s tropical forest cover (Giri et al., 

2011) mangroves play a disproportionately important role in the global C cycle.  

Recent estimates suggest that as much as 20Pg of C is currently being stored in 

mangrove biomass, sediments and peat world-wide (Donato et al., 2011).  

Mangroves do not merely sequester and store C they also provide a number of other 

key ecosystem services which are ecologically and economically important at local, 

regional and global scales.  Such services include but are not limited to; coastal 

defence (Zhang et al., 2012), fisheries production (Aburto-Oropeza et al., 2008), 

habitat provision for terrestrial and aquatic fauna (Kathiresan and Bingham, 2001), 

timber and fuelwood production (Dahdouh-Guebas et al., 2000), pollution abatement 

(Wickramasinghe et al., 2009) and regulation of sediment exchange between land 

and sea (Duarte et al., 2005). 

 

The continued degradation and destruction of mangroves world-wide has been 

highlighted in recent years (Alongi, 2002; Giri et al., 2011).  Mangroves are 

considered to be one of the most threatened ecosystems on the planet with an 

estimated decline in global areal cover of ~35% during the period 1980 - 2000 

(Valiela et al., 2001).  This decline is largely due to over-exploitation of wood 

products, conversion to aquaculture, coastal development and human settlement 

(Primavera, 2005).  Although rates of destruction may be slowing in some countries 

they generally remain high; for example Kenya experienced an estimated mean areal 

loss of mangroves of ~ 0.7% yr
-1

 during the period 1985 to 2010 (Kirui et al., 2012). 

Continued degradation and loss of mangrove cover not only represents a loss of 

future C sequestration potential but could result in significant release into the 

atmosphere of C currently being stored by mangroves (Pendleton et al., 2012). 

 

An estimated 8 - 20% of annual global anthropogenic CO2 emissions result from 

land-use changes occurring primarily in the tropics (van der Werf et al., 2009).  This 

realisation has led to proposals for forest-based climate change mitigation strategies 
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such as Reducing Emissions from Deforestation and Forest Degradation (REDD+).  

In essence REDD+ envisages achieving CO2 emissions reductions, forest 

conservation and sustainable development by placing an economic value on forest 

carbon storage and facilitating the transfer of funds from developed to developing 

nations through international trade in carbon credits.  Details of how REDD+ will 

operate at the national and international level under the United Nations Framework 

Convention for Climate Change (UNFCCC) are still under debate.  However many 

developing nations (including Kenya) are already in the process of formulating 

national REDD+ readiness strategies in partnership with the World Bank’s Forest 

Carbon Partnership Facility (FCPF).  There is definite scope for mangroves to be 

included in national and/or local scale forest carbon projects operating either under 

existing voluntary or future compliance carbon markets.  Indeed, a recent study by 

Siikamaki et al. (2012) suggested that at the global scale reducing CO2 emissions by 

avoiding further loss of mangroves could prove to be an economically viable option 

in comparison with the cost of reducing emissions from other sources (e.g. industry) 

even under scenarios of low mangrove carbon offset supply. 

 

Participation in REDD+ (under the UNFCCC) will require countries to produce 

accurate estimates of their forest carbon stocks and stock changes through robust 

Measurement, Reporting and Verification (MRV) programs.  The most recent 

Intergovernmental Panel on Climate Change (IPCC) Guidelines for National 

Greenhouse Gas Inventories (IPCC, 2006) provide the current methodological 

framework for REDD+ MRV requirements (Maniatis and Mollicone, 2010).  In 

accordance with these guidelines all estimates should be accompanied by an 

appropriate measure of uncertainty (95% confidence interval) and should account for 

and reduce all known sources of uncertainty as far as is possible (IPCC, 2006).  

Above-ground biomass (AGB) is one of five forest carbon pools (identified by the 

IPCC) which will be estimable and reportable for REDD+.  Providing robust 

estimates of AGB is important both in terms of future REDD+ reporting but also in 

providing the link between ground and remote sensing efforts to monitor changes in 

forest biomass and land cover at local, regional and global scales. 
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The above-ground biomass of trees is commonly estimated by the use of allometric 

equations (derived using regression analysis) which relate one or more easily 

measurable tree variables (e.g., stem diameter at breast height (DBH)) to total above-

ground biomass.  These equations are then applied to forest inventory data in order to 

estimate biomass at larger spatial scales.  Allometric equations have been developed 

for a variety of mangrove species occurring across a broad geographical range 

(Clough and Scott, 1989; Kairo et al., 2009; Komiyama et al., 2005; Poungparn et al., 

2002; Soares and Schaeffer-Novelli, 2005).  However, African mangroves are under-

represented in the current literature with published equations existing for Kenya 

(Kairo et al., 2009; Kairo et al., 2008; Kirui et al., 2006; Slim et al., 1996; Tamooh et 

al., 2009) and South Africa (Steinke et al., 1995) only.   

 

Allometric relationships in trees are generally considered to be both species and site-

specific. However, the infeasibility of constructing a new allometric equation for 

every species encountered at every new site has led to increasing interest in the 

development of generic equations for biomass estimation (Brown et al., 1989; Chave 

et al., 2005; Zianis and Mencuccini, 2004).  Existing generic equations for 

mangroves have used wood density as the species-specific component of the 

relationship (Chave et al., 2005; Komiyama et al., 2005).  The generic equation 

developed by Komiyama et al. (2005) was deemed to perform within acceptable 

levels of precision (as measured by the relative error) in comparison with site-

specific equations for selected species (Komiyama et al., 2008).   

 

Uncertainties are introduced at all stages of the biomass estimation process (from 

single tree to landscape level).  Total uncertainty at the single tree level is comprised 

of uncertainty in the measurement of tree variables (measurement uncertainty) and 

uncertainty due to the use of the allometric model for predicting the biomass of a 

new individual (predictive uncertainty) (Chave et al., 2004; Zianis, 2008).  These 

uncertainties are, in turn, propagated to plot and landscape level biomass estimates.  

Failing to account for uncertainty during the biomass estimation process ultimately 

leads to an underestimation of the uncertainty on final predictions (Dietze et al., 

2008).   
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Accounting for predictive uncertainty is particularly important in biomass estimation 

as allometric equations are often applied outwith the data range for which they were 

originally intended (Chave et al., 2005) and are always applied outside the particular 

trees (and often sites) from which they were developed.  Uncertainty in the 

parameters of a regression model is often represented by simply quoting the standard 

error of the allometric constants whilst the coefficient of determination (R
2
) is the 

usual means by which to evaluate both the ‘fit’ of the model and its predictive power 

(e.g. Komiyama et al., 2005; Soares and Schaeffer-Novelli, 2005).  However, over 

reliance on the use of R
2
 in regression analysis as a measure of model predictive 

accuracy and for model comparison (between datasets) has been criticised in recent 

years (Gelman and Pardoe, 2006; Johnson and Omland, 2004).  In contrast to model 

selection criteria such as the Akaike Information Criteria (AIC) (Akaike, 1987) the 

R
2
 statistic is not a direct measure of model predictive accuracy and model selection 

made solely on the basis of maximising the R
2
 statistic can lead to imprecise 

predictions as no account is taken of model complexity (Johnson and Omland, 2004).    

 

The issue of uncertainty in biomass estimation has been addressed in the literature 

for forests in general (Brown, 2002; Chave et al., 2004; Ketterings et al., 2001; 

Parresol, 1999; Phillips et al., 2000; Zianis, 2008).  Methodologies for propagating 

uncertainty have been presented based on summing the variances of component 

sources of uncertainty (see Chave et al., 2004; Ketterings et al., 2001; Phillips et al., 

2000) and simulation techniques such as Monte Carlo (Heath and Smith, 2000; Ryan, 

2009).  To the best of our knowledge such methodologies have never been applied 

for the purpose of propagating uncertainty to biomass estimates in mangroves.  With 

this in mind and in the context of future REDD+ requirements for biomass/carbon 

accounting this study focused on: 1) the development of new allometric equations to 

estimate the above-ground biomass of Kenyan mangroves using linear mixed-effects 

models and based on a meta-analysis of all the available harvest data for Kenyan 

mangrove species 2) demonstrating a simulation based methodology for propagating 

uncertainty during the biomass estimation process and 3) demonstrating the practical 

application of said equations and simulations to a large forest inventory dataset 

spanning the entire Kenyan coastline for the purpose of producing estimates of 
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above-ground biomass at different spatial scales (tree, plot, region and landscape) 

with an appropriate measure of uncertainty. 

 

2.2 Methods 

 

2.2.1 Harvest dataset – model development and validation 

 

The harvest data used in this study is detailed in Table 2.1 and represents the largest 

dataset compiled to date for African mangroves.  The bulk of the harvest data 

originates from the Gazi Bay area (4°25’S, 39°30’E) which is located ~ 55 km south 

of the city of Mombasa in Kenya (Fig. 2.1) and was made available through 

collaboration with Kenya Marine and Fisheries Research Institute (KMFRI).  The 

Gazi Bay data has been divided into two sub-sites; Gazi (the area next to Gazi 

village) and Kinondo (the area next to Kinondo village).  An additional study within 

the Gazi Bay area by Slim et al., (1996) was considered for inclusion but discounted 

as it was not possible to obtain the raw data.  Attempts were made to source 

additional datasets from outwith Africa in order to expand the range of stem diameter 

and height data available for each species and also to provide some data for species 

(e.g. Xylocarpus sp.) not included in any of the African studies.  An extensive 

literature search was carried out to look for raw harvest data which were 1) from the 

same species that occur in Kenya and 2) freely available in the publication.  It was 

only possible to find one study which met both these criteria; that of Poungparn et al. 

(2002) from South-East Asia.   

 

The harvest dataset used in this study to develop regression models comprises the 

raw data from 337 individually harvested trees (see section 2.2.2 for harvest 

methodology) and includes data for seven of the nine mangrove species known to 

occur in Kenya.  The harvest dataset is unbalanced with very few data points for 

some species (Table 2.1).  However, Rhizophora mucronata and Avicennia marina 

are well represented in the dataset in terms of sample size and these are two of the 

most dominant (in number) and widely distributed mangrove species in Kenya.  In 

common with most allometric studies, there is a paucity of data from large diameter 

size classes with 97% of the harvested trees in the current dataset < 20cm in 
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diameter.  This means that the data range in the harvest dataset does not fully 

encompass the upper values of diameter and height recorded in the existing forest 

inventories. 

 

Harvest data from a recent study conducted by WWF, Mozambique and KMFRI in 

2011 in the Zambezi Delta, Mozambique (Bosire et al., unpublished results) were 

used in this study for validation purposes only and were not used to develop 

regression models (data summarised in Table 2.1).  The Zambezi validation dataset 

comprises harvest data from 23 trees from six mangrove species occurring in both 

Mozambique and Kenya.  In addition, the coastlines of Mozambique and Kenya 

occur within the same Köppen-Geiger climate classification (Peel et al., 2007). 

 

2.2.2 Summary of harvest methodology  

 

All of the studies listed in Table 2.1 employed similar methodologies for tree 

harvesting and determination of total live above-ground biomass (but see individual 

papers for details).  Harvested trees were selected randomly and prior to harvest, the 

stem diameter (cm) and total height (m) of each tree was recorded.  Stem diameter 

was measured at 1.3m above-ground (DBH) except in the case of Rhizophora trees 

where the highest prop root occurred > 1.3m above-ground in which case diameter 

was measured at ~30cm above the highest prop root.  Trees were then harvested at 

ground level and the fresh weight of component parts (stem, branches, leaves and 

prop roots in the case of Rhizophora sp.) was measured in the field.  Sub-samples of 

component parts were then oven dried to constant weight (80 - 85°C in the case of all 

studies apart from Poungparn et al. (2002) where fresh material was dried at 110°C) 

in order to calculate wet-dry weight ratios (conversion factors).  Conversion factors 

were then applied to convert the fresh weight of each tree component to dry weight 

in kilograms (kg DW) and summed giving total above-ground biomass in kg DW.  

The study by Kirui (2006) employed a slightly different methodology for 

determining the total above-ground biomass of multi-stemmed Avicennia trees.  Each 

stem arising from a common butt was treated as an individual tree and the biomass of 
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each stem was calculated separately following a procedure outlined in Clough et al. 

(1997) involving apportionment of the common butt. 

 

2.2.3 Statistical analyses 

 

2.2.3.1 Rationale for using mixed-effects models 

 

Ecological datasets often display a complex structure where data from individuals 

within populations are nested or grouped by one or more factors.  Such grouping 

factors could include for example; the species and/or site which the individual 

belongs to, an experimental treatment applied to a subset of individuals and time 

series data.  If such correlations or group effects are not accounted for during 

analysis the standard errors of the regression coefficients will tend to be 

underestimated due to inflation of the effective sample size (Steele, 2008). Mixed-

effects models not only account for but explicitly model the variance due to group 

effects.  

In mixed-effects models the intercept and regression coefficients can be assigned 

their own probability models and allowed to vary by group (as random effects) 

around the overall population mean (the fixed effects).  This is particularly useful in 

studies where the main target of inference is the wider population and predictions are 

sought for new individuals within new groups, with an appropriate measure of 

predictive uncertainty (Gelman and Hill, 2007).  In addition, mixed-effects models 

deal well with unbalanced datasets (especially common in meta-analysis studies) and 

provide a more robust estimation of regression coefficients for groups where there is 

little information (i.e. a small sample size) as additional information on the 

probability distribution of coefficients can be gained from the dataset as a whole 

(Dietze et al., 2008). 
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Table 2.1: Provenance and summary of the tree harvest dataset used in this study to develop and validate biomass equations for Kenyan mangroves. 
a 

a
 Above-ground biomass is given in kg dry weight (kg DW) and includes stem, branch, leaf and prop root (in the case of Rhizophora sp.) components.  An exception is 

the study by Lang’at (2008) where above-ground biomass comprises stem
 
weight only.  In the study by Kirui (2006) sample sizes for Avicennia sp. are the total number 

of stems (treated separately during analysis) and numbers in parentheses are the actual number of harvested trees.  The study by Poungparn et al., (2002) included data 

sourced from other studies; see original paper for details.  
b
 Plantation age at time of harvest in Kairo et al., (2009) was 5 years old for R. mucronata and S. alba and 8 

years old for C.tagal and A. marina. 

 

 

 

Study Location Forest Type Species Stem Diameter Range (cm) Height Range (m) Above-ground 
Biomass (kg DW) 

Sample 
Size 

Lang'at  (2008) Ramisi, Kenya Plantation (12 yrs old) Bruguiera gymnorrhiza 1.1 - 4.8 2.7 - 6.6 0.5 - 7.3 15 

Kairo et al., (2008) Kinondo (Gazi Bay), Kenya Plantation (12 yrs old) Rhizophora mucronata 2.4 - 11.5 3.5 - 8.9 0.6 - 68.9 50 

Kirui et al., (2006) Gazi (Gazi Bay), Kenya Natural Rhizophora mucronata 5.7 - 21.4 4.3 - 11.3 13.4 - 269.5 15 

Kirui (2006) Kipini, Kenya Natural Rhizophora mucronata 2.3 - 23.6 2.8 - 16.1 0.6 - 383.7 15 

   Avicennia marina 2.5 - 15.8 3.9 - 11.7 4.6 - 71.4 28 (19) 

 Gazi (Gazi Bay), Kenya Natural Avicennia marina 3.7 - 21.8 2.1 - 11.3 7.2 - 127.3 51 (15) 

Tamooh et al., (2009) Gazi (Gazi Bay), Kenya Plantation (6yrs old) Rhizophora mucronata 0.9 - 6.4 0.8 - 3.9 0.08 - 16.2 12 

Kairo et al., (2009) Gazi (Gazi Bay), Kenya Plantation b 

 

Avicennia marina  

Sonneratia alba 

5.2 - 10.2 

5.3 - 11.3 

4 - 5.8 

4 - 5 

6.8 - 22.5 

3.8 - 9.4 

10 

10 

   Ceriops tagal 5 - 5.5 1.8 - 2.6 1.5 - 6.1 10 
   Rhizophora mucronata 3 - 8 2.8 - 5 3 - 25.8 58 

Steinke et al., (1995) Mgeni estuary, South Africa Natural Bruguiera gymnorrhiza 

Avicennia marina 

3.4 - 11.5 

5.4 - 9.9 

4.6 - 13.5 

4.9 - 7.7 

3.2 - 107.2 

5.3 - 31.9 

12 

4 
Poungparn et al., (2002) Thailand Natural Sonneratia alba 

Bruguiera gymnorrhiza 

4.2 - 12.7 

4.8 - 33.4 

3.4 - 13.4 

9.2 - 24.9 

3.1 - 79.3 

8.3 - 943.5 

10 

10 

   Rhizophora mucronata 4.7 - 11.2 6.9 - 16 7.7 - 73.7 11 

   Xylocarpus granatum 3.7 - 12.7 4.1 - 8 3.2 - 66.8 8 

 Indonesia Natural Sonneratia alba 6.7 - 21.7 7.3 - 22.6 13.1 - 256 2 

   Bruguiera gymnorrhiza 9.7 - 48.9 11.1 - 30.6 54.7 - 1411.1 4 
   Xylocarpus granatum 18.6 13.4 162.2 1 

   Xylocarpus moluccensis 11.8 13.5 47.4 1 

WWF/KMFRI  
(Validation Dataset) 

Zambezi Delta, Mozambique Natural Ceriops tagal 
Bruguiera gymnorrhiza 

5.3 - 15.4 
5.6 - 24.6 

3.6 - 6.5 
5.5 - 8.1 

6.55 - 68.2 
11.7 - 161.8 

3 
4 

   Xylocarpus granatum 5.2 - 14.9 4 - 7.8 6.7 - 49 3 

   Sonneratia alba 5.9 - 35 5.9 - 13.5 8.8 - 453.4 6 
   Avicennia marina 8 - 28 5.3 - 13.5 14.9 - 248 4 

   Heritiera littoralis 5 - 22.5 4.9 - 9.5 3.9 - 121.2 3 
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Fig. 2.1. Kenya coastline showing areas of mangrove forest where inventory data has been collected 

(dots).  Inventory data collected within the general area of Lamu Island and Pate Island constitute the 

“South Lamu” study region.  Kiunga NMR stands for Kiunga National Marine Reserve.  Please note 

that the mangrove area defined as the Tana River region in this study spans the official districts of 

Kilifi and Tana River in Kenya and encompasses the mangroves just North of Malindi to the border of 

Lamu District.  Kenya GIS base-map and mangrove shape-file obtained from the World Resources 

Institute (available at: <http://www.wri.org/>). 
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2.2.3.2 Model specification and selection process 

 

The power function equation (Eq. (2.1)) or its linearized form (Eq. (2.2)) is 

commonly used as the underlying allometric scaling relationship for biomass 

regression models (e.g. Brown et al., 1989; Chave et al., 2005; Komiyama et al., 

2008; Parresol, 1999). 

 

y = ax
b           

        (2.1)
 

 

ln (y) = ln (a) + bln (x) + ei                (2.2)

          

where y is the response variable, x is the predictive variable and a and b are the 

allometric constants.  Specifically, a is the scaling coefficient (or intercept), b is the 

scaling exponent (or slope) and ei is the error term which is assumed to be normally 

distributed e
i 
~ N (0,σ

2
).  For mangroves, biomass regression models have been 

developed using stem diameter (D) as the sole predictive variable (Clough and Scott, 

1989; Steinke et al., 1995).  However, many studies have found that the inclusion of 

additional biometric variables (e.g. tree height (H)) either fitted independently or as a 

combined variable such as x = D*H or x = D
2
*H have improved model fit (Chave et 

al., 2005; Komiyama et al., 2002; Soares and Schaeffer-Novelli, 2005).  The 

relationship between stem diameter and total tree height can be highly variable and 

hence for some types of mangrove forest (e.g. short stature shrub and dwarf 

mangroves) and for some species such as A. marina which commonly display an 

irregular branching architecture; the inclusion of tree canopy characteristics such as 

crown volume or crown area as predictive variables in allometric models (where 

such data is available) has been recommended (Kauffman and Donato, 2012; Ross et 

al., 2001).  The inclusion of wood density as a predictive variable has also been 

recommended particularly for the development of generic allometric models (Chave 

et al., 2005; Komiyama et al., 2005). 

In the current study, a linear relationship was obtained between predictive variables 

(stem diameter and height) and the response variable (total above-ground biomass 

(AGB)) after transforming all variables by natural log (Fig. 2.2) allowing for the use 
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of regression models of the form shown in Eq. (2.2).  Wood density was not included 

as a potential predictive variable as tree level wood density data were not available in 

the harvest dataset used for model development.  The individual level grouping 

factor used in the current study was a combined species_site indicator which grouped 

the harvest data from individuals within each species at each site in the dataset.  For 

example data from Rhizophora trees at Kinondo (Table 2.1) formed the group 

Rhiz_Kin and so on.  In total there were eighteen species_site groupings present 

within the harvest dataset.  It was necessary to combine species and site into one 

grouping factor due to the unbalanced nature of the harvest dataset which has 

insufficient replication of species data at each site to allow separation of any possible 

variation in AGB attributable solely to either factor.  In addition, Zianis and 

Mencuccini (2004) showed that within-species variability in allometric coefficients 

across sites is just as large as the variability in coefficients across species.  Given that 

the harvest dataset comprises data from various studies any differences between the 

species_site groupings could also potentially incorporate an effect of study origin.  

However, harvest methodologies are broadly consistent across studies therefore it is 

likely the case that the random effects predictions are largely reflective of the 

differences across groups due to species and site effects. 

 

Fig. 2.2. Relationship between above-ground biomass (AGB) and stem diameter (D) of harvested    

mangrove trees after transformation by natural log.  The vertical arrangement of data points at 

approximately ln (D) = 1.6 is mostly due to data from the study by Kairo et al., (2009) which focused 

on harvesting trees from plantation forests of known age whereby a large proportion of data points 

arising from this study were of similar stem diameter (~ 5cm). 
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Linear mixed-effects models were fitted using the lme4 package within R statistical 

software version 2.15.0 (Bates et al., (2011), http://CRAN.R 

project.org/package=lme4).  Prior to model fitting the logged predictive variables 

were centred at their mean to reduce any correlation between intercept and slope 

coefficients.  Models were initially fitted using maximum likelihood (ML) estimation 

and compared using the Deviance Information Criterion (DIC) as outlined in Gelman 

and Hill (2007).  In order to identify the best fixed and random effects terms for 

inclusion in the final model eight candidate models were fitted to the data (Table 

2.2).  Model notation follows that of Gelman and Hill (2007) where ln(yi) is the 

response (AGB in this study) for the ith individual, α is the intercept, β represents the 

coefficients for the predictive variables diameter (ln(xi)) and height (ln(zi)) and σy
2
 is 

the residual or the unexplained ‘within-group’ variance.  The subscript term j[i] 

indexes the ith individual within the jth group and denotes where the intercept or a 

coefficient has been allowed to vary across groups (j = 1,..., J) as a random effect.  

 

Table 2.2: Comparison of candidate models fitted using maximum likelihood 

(ML) estimation, with corresponding DIC values 
a
 

 

 

 

 

 

 

 

 

 a
 The asterisk symbol denotes that model VIII was the best model overall. 

 

Model I was the simplest model and included a random effects term for the intercept 

only whilst the slopes of both predictive variables were kept constant across groups 

(Table 2.2).  The inclusion of a random effects term for ln(xi) and ln(zi) coefficients 

in models II and III respectively led to a reduction in the DIC value in comparison 

with model I.  In order to ascertain if both diameter and height were needed as 

predictive variables within the model; models IV and V excluded each variable as a 

fixed effect (and hence as a random effect) in turn.  As shown in Table 2.2 there is 

Model DIC 

I. ln(yi) ~ N(αj[i] + βln(xi) + βln(zi), σy
2
), for i = 1,….,n, 274.1 

II. ln(yi) ~ N(αj[i] + βj[i]ln(xi) + βln(zi), σy
2
), for i = 1,….,n, 231.5 

III. ln(yi) ~ N(αj[i] + βln(xi) + βj[i]ln(zi), σy
2
), for i = 1,….,n, 220.3 

IV. ln(yi) ~ N(αj[i] + βj[i]ln(xi), σy
2
), for i = 1,….,n, 260.5 

V. ln(yi) ~ N(αj[i] + βj[i]ln(zi), σy
2
), for i = 1,….,n, 603.7 

VI. ln(yi) ~ N(αj[i] + βj[i]ln(xizi), σy
2
), for i = 1,….,n, 299.1 

VII. ln(yi) ~ N(αj[i] + βj[i]ln(xi
2
zi), σy

2
), for i = 1,….,n, 240.1 

VIII. ln(yi) ~ N(αj[i] + βj[i]ln(xi) + βj[i]ln(zi), σy
2
), for i = 1,….,n, 206.1* 

http://cran.r/
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clearly a need to include both variables as fixed effects within the model.  This is 

especially evident in the case of model V where exclusion of diameter from the 

model had a large impact on the DIC value.  Models were also fitted using two new 

combined predictive variables: ln(xizi) and ln(xi
2
zi), both of which were logged and 

centred prior to model fitting as before.  However, as shown in Table 2.2 models VI 

and VII using the combined variables displayed a poorer overall fit in comparison 

with models II and III (Table 2.2).  Model VIII had the lowest DIC value of all the 

models under consideration indicating that the inclusion of a random effects term for 

the coefficients of both ln(xi) and ln(zi) was needed in order to account for variability 

in AGB across groups. 

 

Model VIII was considered to be the most appropriate model overall and was 

subsequently re-fitted using restricted (or residual) maximum likelihood (REML) 

estimation in order to produce the best unbiased estimates of variance and co- 

variance parameters (Pinheiro and Bates, 2000).  In model VIII the terms αj, βjx and  

βjz signify that these parameters have themselves been modelled yielding a partial 

pooling estimate of α and the coefficients βx and βz for each group along with an 

estimate of the overall population mean and the ‘between-group’ variance (estimated 

from the data).  The group-level model for model VIII can be written as: 

(

  

   

   

)   

(

 
 
(

   

     

    

)  (

  
               

          
         

                    
 

)

)

 
 

                

                   (2.3) 

where the overall mean across all groups (the fixed effects estimates) for the 

intercept, slope of ln(xi) and the slope of ln(zi) are denoted by μα, μβx and μβz 

respectively.  The between-group variance in the intercept, slope of ln(xi) and the 

slope of ln(zi) are given as   
  and    

  and    
  respectively.  The parameters ρ1, ρ2 

and ρ3 are also estimated as the between-group correlations of the α’s and β’s (e.g. 

ρ1σασβx is the correlation between the group intercepts and slopes of ln(xi)). 
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2.2.3.3 Simulation-based approach to biomass estimation 

In order to estimate the biomass of mangroves along the entire Kenyan coastline the 

equations developed in this study were applied to a forest inventory dataset (detailed 

in section 2.2.3.2) comprising 498 plots inventoried during the period 2007 – 2012.  

The modelling process described in section 2.2.3.2 generated a mean biomass 

equation and a suite of specific equations; one for each of the eighteen species_site 

groups.  The mean equation is comprised of the fixed effects estimates and can be 

regarded as a generic equation for Kenyan mangroves.  The group specific equations 

represent the group departures from the fixed effects estimates (fixed effect estimates 

± the group specific random effects) and are only valid for the specific groupings 

from which they were originally derived.  Eight of the group specific equations can 

potentially be applied to the forest inventory dataset to estimate biomass as the 

remaining ten equations are only valid for species_site combinations occurring 

outwith Kenya.  Therefore, group specific equations were applied to estimate the 

biomass of individual trees within the inventory dataset if those trees fell into one of 

the pre-existing groups identified within the harvest dataset.  For example the group 

specific equation for Rhiz_Kin was applied to inventoried Rhizophora trees at 

Kinondo and so forth.  In cases where inventoried trees did not fall into one of the 

pre-existing groups their biomass was estimated using the generic equation. The 

simulation-based approach adopted in this study allows for the propagation of 

measurement, parameter and residual uncertainty to estimates of biomass at the 

individual tree, plot and regional level. 

2.2.3.4 Simulations for individual tree biomass 

 

The above-ground biomass of each tree in the inventory dataset was simulated 

10,000 times using a new set of simulated values for each iteration.  In order to 

propagate measurement uncertainty possible values of stem diameter ln(Dsim) and 

height ln(Hsim) for each tree were randomly sampled from a normal distribution with 

mean equal to the observed value and one standard deviation conservatively assumed 

to be 5% and 10% of the observed diameter and height respectively.  These assumed 
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values of measurement uncertainty are consistent with the findings of previous 

studies (Chave et al., 2004; Gregoire et al., 1990; Phillips et al., 2000).  

 

To propagate parameter uncertainty, possible values of the fixed effects intercept 

(αfixsim) and coefficients for stem diameter (βxfixsim) and height (βzfixsim) were sampled 

from a multivariate normal distribution around means equal to μα, μβx and μβz from 

model VIII using the variance-covariance matrix of the fixed effects.  In cases where 

the generic equation was applicable (to estimate the biomass of new trees in new 

groups) simulated values of the random effects for the intercept (αransim) and the 

coefficients for stem diameter (βxransim) and height (βzransim) were generated by 

sampling from a multivariate normal distribution around means equal to zero using 

the variance-covariance matrix of the group level (or mean) random effects (Eq. 

(2.3)).  In cases where a group specific equation was applicable (to estimate the 

biomass of new trees in existing groups) possible values of the random effects were 

simulated as for the generic equation, however values were sampled around means 

equal to the group specific random effects for the intercept and coefficients and used 

the variance-covariance matrix of the group specific random effects.  Simulated 

values were then used in Eq. (2.4) to calculate AGB biomass (ln(AGBpred)) for each 

tree:  

ln(AGBpred) = αsim + ((βxfixsim + βxransim)ln(Dsim)) + ((βzfixsim + βzransim)ln(Hsim)     (2.4)

                         

where αsim is the un-centred intercept (calculated as shown in Eq. (2.5)) and corrects 

for the use of mean centred predictive variables diameter and height during model 

development (section 2.2.3.2).  

 

αsim = (αfixsim + αransim) – ((βxfixsim + βxransim)x̄) – ((βzfixsim + βzransim)z̄)              (2.5)

            

where x̄ and z̄ are the mean logged values of diameter and height respectively from 

the harvest dataset.  In order to account for residual uncertainty in biomass estimates; 

possible values of biomass (ln(AGBEst)) were randomly sampled from a normal 

distribution with mean equal to ln(AGBpred) and standard deviation equal to σy  (the 

standard deviation of σy
2
)
 
from model VIII.  Values of ln(AGBEst) were then back-



 

31 
 

transformed by taking the exponent; producing 10,000 estimates of AGB (in kg DW) 

for each tree.  The estimates for all trees within a plot were then summed at each 

iteration point yielding a distribution of 10,000 possible estimates of total biomass 

for each plot.  The median was taken as the plot level biomass estimate as this 

provided the most typical value from skewed distributions of the simulations.  The 

quantiles from the distribution of plot estimates were used for calculating the 95% 

prediction interval (95% PI) at the plot level. 

  

2.2.3.5 Calculation of regional level prediction intervals 

 

In order to upscale biomass estimates from plot to regional level, plots were first 

grouped according to the mangrove regions identified in the inventory dataset (Table 

2.3).  Plots within Lamu District were further sub-divided into those within Kiunga 

National Marine Reserve (NMR) and those outwith the reserve (hereafter “South 

Lamu”).  Due to their close geographical proximity plots from Shirazi, Ramisi, Funzi 

and Bodo were aggregated to form the region “South Coast”.  The mean biomass 

estimate was calculated for each iteration (across all plots within a region) yielding a 

distribution of 10,000 possible mean biomass estimates.  The mean of this 

distribution was taken as the regional level biomass estimate (Mg ha
-1

) and provides 

the expected value of AGB taking into account the whole scale of values present in a 

specific geographical area.  The quantiles from the distribution were used to calculate 

the 95% PI at the regional level.   

2.2.3.6 Model validation 

 

The predictive performance of model VIII was evaluated using a harvest dataset 

from the Zambezi Delta, Mozambique (Table 2.1).  The simulation process detailed 

in section 2.2.3.4 was repeated for the 23 trees in the Zambezi dataset.  For each tree 

the median fitted value of AGB (kg) was obtained along with the 95% PI for the 

median. 
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Table 2.3: Provenance and summary of mangrove forest inventory dataset 
a 

a 
Study abbreviations are as follows; United Nations Development Programme (UNDP); Capacity 

Building for Mangrove Assessment, Restoration and Validation (CAMARV) and Kenya Marine and 

Fisheries Research Institute (KMFRI). 

 

2.2.4 Forest inventory dataset  

 

A summary of the forest inventory dataset is provided in Table 2.3, recent estimates 

of mangrove cover by region are provided in Table 2.4 and the location along the 

Kenyan coastline of each region is shown in Fig. 2.1.  The cover estimates in Table 

2.4 were derived from 2.5m resolution SPOT remote sensing imagery acquired over 

the Kenyan coastline during 2009-2011 (see chapter 4 for further details).  The 

inventory dataset is a combination of data collected by this and other studies.  All 

studies conducted prior to 2010/2011 had the objectives of characterising and 

investigating mangrove structural variability and change in the southern coastal 

region.  However, in the current study sampling strategy was tailored (as much as 

was practicable) towards facilitating both a statistical and remote sensing based 

approach to biomass estimation along the entire coastline.  Thus studies within the 

inventory dataset differ in terms of sampling strategy and plot size.  There is also an 

obvious bias in total sampling effort towards sites in the south coast (Table 2.3). 

 

In general all inventory studies followed a standardised methodology of within-plot 

data collection.  In all studies the species, stem diameter and total height of all trees 

within each plot which met the diameter measurement threshold were recorded.  

Stem diameter was recorded to the nearest millimetre and was measured at 1.3m 

Region Study Date No. of 

Plots 

Plot Size (ha) Stem 

Diameter 

Range (cm) 

Height 

Range (m) 

Mida Creek This Study 2010/2011 14 Variable (ranging 

from 0.01 to 0.5 
ha) 

2.5 - 58 1.5 - 17.7 

Lamu District: 
   South Lamu 

   Kiunga 

This Study 2010/2011 
 

 

 
25 

16 

 
2.4 - 54 

2 - 49.8 

 
1.8 - 28.5 

1.3 - 23.7 

Gazi Bay This Study 2010/2011 28 5 - 64 1.8 - 20.2 

 CAMARV 2009 18 0.01 0.5 - 51 0.6 - 15 

 UNDP 2009 70 0.01 2.2 - 63.3 2 - 21 
Mtwapa Creek Okello (unpublished results) 2010 54 0.01 2.5 - 46.9 0.5 - 15 

Mwache Kaino (2013) 2011 67 0.01 2 - 53 1 - 15 

South Coast: 
  Shirazi 

  Ramisi 

  Funzi 
  Bodo 

KMFRI 
 

2007 
 

 
43 

22 

24 
34 

 
0.01 

0.01 

0.01 
0.01 

 
5 - 47.5 

5 - 48.4 

5 - 43.2 
5 - 60.5 

 
2 - 16 

2.5 - 15 

1.5 - 15 
2 - 14 

Vanga KMFRI 2012 83 Variable (ranging 

from 0.0025 to 
0.04 ha) 

2.5 - 72.5 1 - 25 
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aboveground (DBH) except in the case of Rhizophora sp. where stem diameter was 

measured at ~30cm above the highest prop root if this occurred above 1.3m.  In cases 

where trees branched below 1.3m (common in Avicennia sp.) and branches met the 

diameter measurement threshold; the diameter and height of each branch was 

recorded separately.  In the current study total tree height was measured using an 

ultrasonic vertex hypsometer (Haglöf, Sweden).  In all other studies tree height was 

measured using a graduated pole. 

 
Table 2.4: Mangrove cover estimates for inventory regions derived from  

high-resolution SPOT satellite imagery 
a
 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

a 
Regions marked with asterisks’ do not feature in the forest inventory  

dataset.  For details of SPOT image processing see chapter 4. 

 

2.2.4.1 Mida Creek and Lamu District  

 

Forest inventory data from the Mida Creek area and Lamu District was collected as 

part of this study during June – August 2010 and 2011.  Mida Creek (3°20'S, 

40°00'E) is situated mid-way along the Kenyan coast ~ 23km south of the town 

Malindi in Kilifi District.  Some of the mangrove forest in this area falls within the 

boundaries of Watamu Marine National Park (WNMP); however the majority is 

outwith the protected area.  Regardless of location (within or outside of WNMP) 

harvesting of mangroves is currently prohibited in the Mida Creek area.  In total 14 

plots within the Mida Creek area were inventoried comprising nine 0.04ha (20 x 20 

m) plots, four 0.25ha (50 x 50 m) plots and one 0.5ha (100 x 50 m) plot.  None of the 

inventoried plots were located within the marine park. 

 

Region Mangrove Cover 

Estimate (ha) 

Proportion of Total 

Cover (%) 

Mida Creek 1657.8 3.6 

South Lamu 26609.1 57.1 

Kiunga NMR 4763.8 10.2 

Gazi Bay 589 1.3 

Mwache 2667.1 5.7 

Mtwapa Creek 519.4 1.1 

South Coast 2253.1 4.8 

Vanga 3440 7.4 

Kilifi * 640.2 1.4 

Tana River * 3433 7.4 

Total Cover 46572.5  
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The Lamu archipelago extends between 2°22'S, 40°48'E in the South and 1°44'S, 

41°30'E in the North and is part of Lamu District.  Lamu District currently holds the 

greatest proportion of remaining mangrove cover in Kenya (Table 2.4).  Mangroves 

in the extreme north, close to the border with Somalia are part of Kiunga NMR and 

are considered to be the only remaining examples of relatively “pristine” mangrove 

forest in Kenya.  Forty-one plots within Lamu District were inventoried comprising 

twenty-five 0.04ha plots, fifteen 0.25ha plots and one 0.5ha plot.  Within Lamu 

District sites visited included: Kiunga NMR (n = 16 plots), Pate Island area (n = 15) 

and Lamu Island area (n = 10). 

Plots inventoried in Mida Creek (n = 6) and Lamu District (n = 8) during 2010 were 

all 0.04ha in size.  Plots were positioned at random within Rhizophora zones and all 

trees within each plot with stem diameter ≥ 2.5 cm were measured.  Plots inventoried 

during 2011 were a mixture of 0.04ha plots (Mida Creek: n = 3, Lamu District: n = 

17) located at random within randomly chosen map grid squares (grid resolutions of 

500 x 500 metres and 1000 x 1000 metres) and larger plots (0.25ha and 0.5ha) which 

were positioned at random within larger areas pre-identified using optical and radar 

remote sensing imagery.  These pre-identified areas were judged to be potentially 

distinct from each other in terms of forest structure/biomass and also to broadly 

represent the main levels of structural variation within the study region as a whole.  

This more targeted plot location strategy was for the purpose of facilitating future 

remote sensing work.  All plots inventoried in 2011 included all trees within each 

plot which met the criteria of having stem diameter ≥ 5 cm.   

2.2.4.2 Gazi Bay  

 

The Gazi Bay inventory consists of 116 plots in total.  As part of this study twenty-

four 0.01ha (10 x 10 m) plots were inventoried during July 2010 and four 0.25ha 

plots were inventoried during August 2011.  The smaller plots inventoried in 2010 

were positioned randomly within the main identifiable mangrove zones and included 

all trees DBH ≥ 5 cm.  The larger plots collected in 2011 were positioned using the 

same procedure as detailed above for the large plots in section 2.2.4.1 and included 

all trees within each plot stem diameter ≥ 5 cm.   
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The remaining plot data (n = 88) from the Gazi Bay area were collected in 2009 as 

part of two internationally funded short-term projects.  Eighteen 0.01ha plots were 

inventoried in the area adjacent to Gazi village as part of a project entitled 

CAMARV (Capacity Building for Mangrove Assessment, Restoration and Valuation 

in East Africa) funded by the Natural Environment Research Council (NERC) of the 

United Kingdom.  Seventy 0.01ha plots were inventoried as part of a UNDP-GEF 

Small Grants Programme project co-ordinated by Gazi Womens Group.  In both 

projects plots were randomly positioned along a transect within each identifiable 

mangrove zone and all trees within each plot were included in the inventory.    

 

2.2.4.3 Mwache and Mtwapa Creek  

 

Mwache (4°2'S, 39°33'E) and Mtwapa Creek (3°57'S, 39°43'E) are both examples of 

peri-urban mangroves due to their close proximity to the city of Mombasa and the 

town of Mtwapa respectively.  Both areas are considered to be degraded due to a 

combination of sewage pollution, timber over-exploitation and in the case of 

Mwache; the heavy sedimentation and flooding associated with the El Niño event of 

1997-1998 (Kitheka et al., 2002).  Inventory data from Mtwapa Creek (n = 54) was 

collected in 2010 as part of a study by Okello (unpublished results) and funded by 

the Flemish Interuniversity Council - University Development Cooperation VLIP-

UOS.  Data from Mwache (n = 67) was collected in 2011 as part of a study 

conducted by Kaino (2013) and funded by the Western Indian Ocean Marine Science 

Association (WIOMSA).  Both studies used plot sizes of 0.01ha.  Plots at Mtwapa 

Creek were positioned along transects running perpendicular to the shoreline at ~50 

m intervals and all trees with stem diameter ≥ 2.5 cm were measured.  At the 

Mwache site plots were positioned along transects running perpendicular to the 

shoreline at 100m intervals using a stratified sampling scheme based on observed 

differences in forest composition and structure.  All trees with stem diameter ≥ 2 cm 

within each plot were measured. 
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2.2.4.4 South Coast   

 

Forest inventory data from the South Coast (Shirazi, Ramisi, Funzi and Bodo) was 

collected in 2007 by KMFRI as part of a Kenya government funded project.  In total 

there are data from one hundred and twenty-three 0.01ha plots comprising; Shirazi (n 

= 43), Ramisi (n = 22), Funzi (n = 24) and Bodo (n = 34).  Plots were positioned at ~ 

20m intervals along transects running perpendicular to the shoreline and all trees 

with stem diameter ≥ 5cm were included in the inventory. 

 

2.2.4.5 Vanga  

 

Mangroves close to the Kenya-Tanzania border were inventoried by KMFRI during 

January 2012.  Plots inventoried within the Vanga mangrove system number 83 in 

total and are of variable size (sixty-nine 0.01ha, six 0.04ha and eight 0.0025ha (5 x 5 

m) plots).  Plots were positioned within each identifiable mangrove zone using a 

stratified random sampling strategy and all trees ≥ 2.5cm in diameter were recorded. 

 

2.3 Results 

 

2.3.1 Model VIII summary and key features 

Overall, there is good correspondence between the fitted values of AGB (as 

estimated from model VIII) and the original observed values of AGB for trees in the 

harvest dataset (Fig. 2.3 (a) and (b)).  The mean absolute error (MAE) in predictions 

of AGB from model VIII is 6.3 kg and the mean bias (observed-fitted) in predictions 

is an underestimate of just 0.06 kg.  The model performs well at values of observed 

AGB ≤ 50 kg (Fig. 2.3 (b)) which comprise 85% of the total dataset.  There is some 

divergence from the reference line for the few trees in the harvest dataset with higher 

AGB values (Fig. 2.3 (a)).  Poorer model fit at higher AGB is likely due to the 

paucity of harvest data from larger trees with just 11 out of 337 trees in the dataset 

having an observed AGB ≥ 200 kg.  Further diagnostic plots (data not shown) 

revealed no systematic trend in model residuals when plotted against the fitted values 

and against each of the predictive variables.   
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Fig. 2.3. (a) Total above-ground biomass (AGB) in kg as measured for each tree in the harvest dataset 

versus the corresponding fitted value (kg) from model VIII and (b) as (a) but re-scaled to show in 

detail the correspondence between observed and fitted values at the lower range of AGB.  The 

reference lines shown in (a) and (b) represent a 1:1 correspondence between observed and fitted 

values. 

Mixed-effects models partition the total variance in the response variable (AGB in 

this study) between the main components of the model (Fig. 2.4).  The proportional 

contribution of the random effects terms (  
 ,   

 ,   
 ) and the residual variance (σy

2
) 

to the total variance was calculated for each term as:  

% contribution = ((  
 /tot_var)100)                           (2.6) 

where e.g.   
  is the variance in the model attributed to between-group differences in 

the intercept and tot_var is the total variance from model VIII calculated as the 

variance of the logged values of total above-ground biomass of the 337 trees in the 

harvest dataset.  Thus, the contribution to the total variance attributable to the 

combined fixed effects terms was calculated as: 

 

% contribution = (((tot_var – (sum   
  +    

  +    
  + σy

2
)))/tot_var)100)          (2.7) 

 

As expected, most of the variability in AGB was accounted for in model VIII by the 

fixed effects terms (Fig. 2.4).  Together the random effects terms accounted for 41% 
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of the variance in AGB.  Between-group variability in the slopes of the predictive 

variables diameter and height was very similar accounting for 18% and 19% of the 

total variance respectively.  In combination the fixed and random effects explained 

94% of the variability in AGB leaving a relatively small residual variance of 6% 

(Fig. 2.4). 

 

Fig. 2.4. Proportion of the total variability in AGB of harvested trees associated with the fixed effects 

terms, the random effects terms (hatched bars) and the remaining unexplained (residual) variance from 

Model VIII. 

The random effects represent the group-specific departures (either ±) from the fixed 

effects estimate of the intercept and the coefficients for diameter and height.  There is 

clearly some between-group variability in the random effects for the eight 

species_site groups occurring in Kenya (Fig. 2.5).  The 95% PI around the random 

effects is more constrained for groups with a larger sample size (Fig. 2.5) and there is 

some degree of overlap in the prediction intervals between most groups. 

The random effects for most groups fall within the bounds of the 95% confidence 

interval (95% CI) of the fixed effects estimate of each parameter (Fig. 2.5).  

However, the predicted random effect for the intercept of group Rhiz_Gaz and the 

coefficient of height for group Avic_Gaz show no overlap with the fixed effects 

estimates for these parameters.  For group Sonn_Gaz there is a pronounced departure 

from both the fixed effects estimates and from the predicted random effects for the 

other groups.  Such deviation from the fixed effects estimates suggest that the 
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allometry for these species_site groupings may be distinct from that of the other 

groups in the harvest dataset and highlights the general need for the inclusion of 

group effects in regression models. 

 

 

Fig. 2.5. Group-specific random effects (± 95% PI) for the intercept and the coefficients of diameter 

and height.  The solid line at zero represents no departure from the fixed effects estimate for each 

parameter and the dashed lines on either side are the upper and lower limits of the 95% CI of the fixed 

effects estimate.  Species_site groups correspond to the first four letters of the species followed by the 

first three letters of the site (see Table 2.1).  Numbers in parentheses denote sample size for each 

group. 

2.3.2 Model validation 

For harvested trees in the Zambezi Delta predictions of median AGB (± 95% PIs) 

from model VIII correspond well with the original observed values of AGB (Fig. 

2.6).  A linear regression between the logged observed values and predicted median 

values of AGB was used to further assess the predictive ability of model VIII (R
2

 = 

0.96, p = <0.001).  The 95% confidence interval for the intercept includes zero (-0.23 

± 0.37) and for the regression slope includes one (1.01 ± 0.09).  The uncertainty 

around predictions is well constrained for trees with lower AGB but increases with 

increasing predicted AGB. 
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Fig. 2.6. Total above-ground biomass (AGB) in kg as measured for each tree in the Zambezi harvest 

dataset versus the corresponding median fitted value (kg ± 95% PI) from model VIII. The 95% PI is 

the difference between the 97.5% and 2.5% quantiles of the simulated distribution of possible values 

of median AGB for each tree.  The reference line represents a 1:1 correspondence between observed 

and fitted values. 

2.3.3 Plot level AGB estimates  

Plot level estimates of mangrove AGB vary greatly within and between regions (Fig. 

2.7).  Within each study region (except Kiunga) there are two orders of magnitude 

difference between the smallest and largest plot estimates.  If the 95% PIs are 

considered then the scale of maximum AGB across regions ranges between ~200 Mg 

ha
-1

 at Mida Creek to > 2000 Mg ha
-1 

at Vanga.  For each region the uncertainty in 

estimates is tightly constrained for plots with low values of AGB but there appears to 

be a general pattern of larger prediction intervals around estimates for plots with 

higher AGB (Fig. 2.7).  For some regions there is considerable variation in the PIs of 

plots with similar median AGB estimates (e.g. see Mwache plots 45 and 46 in Fig. 

2.7).  It is likely that larger PIs around the estimates of some plots is not associated 

with higher biomass per se but is due to the presence of large diameter trees in these 

plots for which the biomass has been estimated with relatively greater uncertainty. 
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Fig. 2.7. Estimated median above-ground biomass (AGB) of each plot within the forest inventory 

dataset (± 95% PI).  Plots have been grouped according to the eight regions identified in the inventory 

dataset.  For each region plots appear in ranked order from low to high estimated AGB.  The 95% PI 

is the difference between the 97.5% and 2.5% quantiles of the simulated distributions of possible 

values of median AGB for each plot.   

2.3.4 Regional level AGB estimates 

As expected, estimates of mean AGB vary amongst the study regions which span the 

entire Kenyan coastline (Fig. 2.8).  There is a difference of > 120 Mg ha
-1 

between 

the lowest estimate for mangroves at Mtwapa Creek near Mombasa (73 Mg ha
-1

) to 

the highest for mangroves within Kiunga NMR (200 Mg ha
-1

).  However, there is a 

general overlap between the prediction intervals of most regions and the estimates of 

mean AGB do not differ substantially between the regions Mwache, Gazi, South 

Coast, Vanga and South Lamu.  Uncertainty around the estimates of mean AGB is 

reasonably well constrained with an absolute difference between upper and lower 

prediction limits of < 50 Mg ha
-1

 for all regions.   
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Fig. 2.8. Estimated mean AGB (± 95% PI) of mangroves within each region.  The 95% PI is the 

difference between the 97.5% and 2.5% quantiles of the simulated distribution of possible values of 

mean AGB for each region.   

The regional level estimates of mean AGB (Fig. 2.8) and mangrove cover (Table 2.4) 

were used in a basic up-scaling exercise in order to give an indication of the total 

AGB of mangroves within each region and within Kenya as a whole (Table 2.5).  

Up-scaled values of total mangrove AGB in megatonnes (Mt) were calculated by 

multiplying the regional level estimates of mean AGB (Mg ha
-1

) shown in Fig. 2.8 by 

the corresponding estimate of total mangrove cover (ha) for each region (Table 2.4).  

There was no inventory data available for mangroves at Kilifi and Tana River 

therefore it was not possible to estimate mean AGB for these regions.  For the 

purposes of up-scaling it was assumed that the mean AGB of mangroves at Kilifi and 

Tana River lies somewhere between that of Mtwapa Creek (the lowest regional 

mean) and Kiunga (the highest regional mean).  Thus for sites Kilifi and Tana River 

two sets of possible values of total AGB (‘Low’ and ‘High’) were calculated using 

the lowest (Mtwapa Creek) and the highest (Kiunga) of the regional level estimates 

of mean AGB.  Consequently there are also two sets of estimates of the total AGB of 

Kenyan mangroves; one in which the lowest estimates for Kilifi and Tana River were 

added to the total AGB of the other regions (‘Kenya Low’) and one in which the 

highest estimates were used (‘Kenya High’).  Lamu District (South Lamu + Kiunga) 
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holds the highest proportion (~ 69 - 75% dependent on Kenya total) of mangrove 

AGB in Kenya (Table 2.5).  Despite having one of the lowest estimates of mean 

AGB the estimated total AGB of mangroves at Mida Creek is more than double that 

of Gazi Bay due to the higher mangrove cover at Mida Creek.  

Table 2.5: Estimated total mangrove above-ground biomass (AGB) for Kenya and for each  

region within Kenya 
a
 

Region 2.5% Quantile 

of Total AGB (Mt) 

Mean of 

Total AGB (Mt) 

97.5% Quantile of 

Total AGB (Mt) 

Mtwapa Creek 0.032 0.038 0.048 
Mida Creek 0.116 0.128 0.143 

Mwache 0.237 0.272 0.331 

Gazi Bay 0.055 0.060 0.070 

South Coast 0.242 0.267 0.304 

Vanga 0.388 0.449 0.556 

South Lamu 3.260 3.486 3.749 

Kiunga 0.851 0.951 1.073 

Kilifi (Low) 0.039 0.047 0.059 

Kilifi (High) 0.114 0.128 0.144 

Tana River (Low) 0.211 0.250 0.315 

Tana River (High) 0.613 0.685 0.774 

Kenya Total (Low) 5.431 5.947 6.648 
Kenya Total (High) 5.908 6.464 7.192 
a 
1 megatonne (Mt) = 1 million tonnes.  The uncertainty around estimates of total AGB for each  

region is represented by the 2.5% and 97.5% quantiles of the mean.   

 

The uncertainty around the estimates of total AGB are generally well constrained for 

all regions (Table 2.5).  However, the Low and High estimates of total AGB for 

Kilifi and Tana River differ by a factor of ~2.7.  This constitutes another level of 

uncertainty for these regions and consequently the overall total for Kenya which 

differs by ~8% between Low and High estimates.   

2.4 Discussion 

2.4.1 Applicability and interpretation of Model VIII 

 

This study used mixed-effects modelling to account for both species and site 

variability in the allometric relationship for mangroves producing a generic equation 

for Kenyan mangroves and a set of species-site specific equations.  The procedure 

for uncertainty propagation employed in the current study ensures that estimates of 

AGB at different spatial scales are accompanied by a realistic measure of the total 

uncertainty.  It is important to note that although mangroves have been used as a case 
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study here, the kind of models and methodologies presented can be regarded as 

broadly applicable to forests in general.  

  

The practical application of the equations developed in the current study is dependent 

on the target of inference.  The set of species-site specific equations are only 

applicable to four species within the Gazi Bay region and simulations using these 

equations account for the uncertainty in predicting the AGB of a new tree within a 

pre-existing group.  In contrast, the generic equation has a much broader application 

as it can be used to predict the AGB of new trees where there is no pre-existing 

knowledge of the specific species-site allometric relationship: the most commonly 

encountered scenario in practical biomass studies.  The generic equation offers a far 

better solution than simply disregarding the additional uncertainty involved in 

applying an equation that was perhaps derived for a different species and/or a 

different site.  

  

The predictions of AGB from model VIII show good correspondence with the 

observed values of AGB used to fit the model (Fig. 2.3).  Perhaps more importantly, 

the median fitted values of AGB (± 95% PIs) from model VIII show good overall 

correspondence with the observed values of AGB for trees within the Mozambican 

validation dataset (Fig. 2.6).  This would seem to indicate that accounting for 

variance due to species and site effects in biomass regression models is important if 

they are to be used effectively elsewhere to predict AGB.  Indeed, a large proportion 

of the total variance in model VIII was attributed to between-group variability in the 

coefficients of the predictive variables diameter and height (Fig. 2.4).  Both species 

and site specificity in the allometric relationship for mangroves is indicated by the 

group-specific random effects (Fig. 2.5).  Most groups show some overlap in 

predicted random effects but there are some differences between species at the same 

site (species_Gaz groups) and between sites for the same species (Rhiz_site groups).  

However the use of a combined species_site grouping factor precludes any 

conclusion regarding the relative contribution of each factor (species and site) to the 

total variance in the allometric relationship.  It is also not possible to formally assess 

the potential contribution of a study effect to the predicted random effects in this 
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study.  However, as mentioned in section 2.2.3.2 any such effect is assumed to be 

minimal due to the general agreement in methodology across studies included in the 

harvest dataset.  The only study which differed notably in methodology was that of 

Lang’at (2008) where total above-ground biomass comprised stem weight only 

(Table 2.1).  In this case the sample size was fairly small (15 trees) and re-fitting 

model VIII after excluding this dataset did not substantially alter the fixed effects 

estimates, predicted random effects or residual variance.   

 

In modelling the covariance of the distribution of random effects, the constraints 

imposed by the mixed-effects model used in the current study on the estimated 

correlation parameters may be considered too restrictive when more than two 

coefficients vary by group (Gelman and Hill, 2007).  Although outwith the scope of 

the current paper; an alternative approach for future study would be to use a scaled 

inverse-Wishart distribution as the prior for modelling the covariance matrix of the 

random effects in a fully Bayesian model (Dietze et al., 2008; Gelman and Hill, 

2007).  

 

Ideally regression models should not be applied outwith the data range for which 

they were derived (Chave et al., 2005; Chave et al., 2004).  The lack of large tree 

harvest data means that extrapolation is often a practical necessity when estimates of 

AGB are needed for large trees within forest inventory datasets.  In this study, it is 

assumed that the log-log linear relationship will hold for trees beyond the original 

data range.  It is, however, acknowledged that this may not be the case and that the 

estimates of AGB for trees outwith the data range recorded in harvest dataset will 

include additional uncertainty due to extrapolation.  Only a very small proportion of 

trees in the inventory dataset (0.1%) had a recorded diameter exceeding that found 

within the harvest dataset and none exceeded the height range.  However, the effect 

of having limited information regarding the allometric relationship for large trees is 

apparent in the poorer model fit at higher AGB values (Fig. 2.3).  It is also apparent 

(to some degree) in the width of the prediction intervals around the larger trees in the 

validation dataset and the estimates of AGB at the plot, regional and landscape level.  

This is presumably due to the fact that by accounting for the covariance of the 
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predictive uncertainty at the single tree level in producing estimates of AGB at 

aggregated levels (e.g. a plot) the aggregated predictive uncertainty is realistically 

larger than if the AGB of multiple trees had simply been summed (Wutzler et al., 

2008).  In addition, the greater width of the PIs for larger trees is an inevitable 

consequence of using a log-normal model where the variability is related to the mean 

on the linear scale.  An approach to consider for future study would be to investigate 

the use of alternative distributions for the variability. 

 

The 95% PIs in the current study are generally well constrained given that 

measurement and predictive uncertainty have been fully propagated to estimates.  In 

addition, prediction intervals take into account both the uncertainty in estimating the 

conditional mean of the response and the variability in the conditional distribution of 

the response and as such are generally larger than the frequentist confidence intervals 

employed to represent uncertainty in most other studies.  However, for a few of the 

plots in the inventory dataset the upper limit of the PI around the median estimate of 

AGB is exceptionally high (Fig. 2.7) and exceeds the highest levels of AGB 

previously reported for mangroves.  The effects of both extrapolation and small plot 

size could possibly explain these extreme upper PI values for selected plots.  All of 

the affected plots measure just 10 x 10 m and contain two or more large diameter 

trees which in some cases exceed the maximum diameter (48.9 cm) found in the 

harvest dataset.  The presence of a few large trees in a small plot can skew results, 

however tree level and sampling uncertainties tend to be reduced in larger plots 

(Chave et al., 2004). 

 

2.4.2 Comparison and interpretation of large-scale AGB estimates 

 

Previous allometry/biomass studies conducted in Kenya have focused on the 

development and application of species-specific allometric equations to mangroves at 

a particular site.  As a result existing published estimates of AGB for Kenyan 

mangroves are on a species by site basis and in many cases refer to monoculture 

plantation forest established at Gazi Bay (Kairo et al., 2009; Kairo et al., 2008; 

Tamooh et al., 2009).  Estimates of AGB for natural mangrove forest in Kenya vary 
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considerably between sites but also between studies conducted at the same site.  

Within the Mida Creek area Gang and Agatsiva (1992) estimated the AGB of 

Rhizophora forest as 11.8 Mg ha 
-1

.  However, their estimate is based on the data 

from just one plot and there is no mention of how this estimate was derived (Gang 

and Agatsiva, 1992).  For the same species at Gazi Bay Slim et al., (1996) and Kirui 

et al., (2006) produced substantially higher estimates of mean AGB at 249 Mg ha
-1

 

(± s.d. 40.1) and 452.02 Mg ha
-1

 respectively.  Similar to the study by Gang and 

Agatsiva (1992) the estimate of AGB from Slim et al., (1996) was based on the 

application of their allometric equation to Rhizophora trees within one 20 x 20 m 

mono-specific plot and therefore cannot reasonably be assumed to represent the 

variability of Rhizophora forest within Gazi Bay.  The highest estimate from Kirui et 

al., (2006) is more akin to the level of AGB found in mangroves in South East Asia 

(Komiyama et al., 2008) and it is not clear how their mean estimate was derived.  In 

contrast to previous studies, this study has focused on providing estimates of 

mangrove AGB at varying spatial scales.  This different approach means that the 

estimates provided here are not readily comparable with those from previous biomass 

studies conducted in Kenya.  However, to facilitate some kind of comparison the 

outputs of the simulation procedure (section 2.2.3.4) were sub-set to provide an 

estimate of mean AGB for just Rhizophora forest at Gazi Bay of 134.5 Mg ha
-1

 (95% 

PI range 125.1 – 146.8 Mg ha
-1

).  

 

Estimates of biomass density (mean Mg ha
-1

) at large spatial scales such as those 

produced in the current study can be regarded as a comparative tool by which to 

assess the level of AGB at different sites/regions or between countries or forest 

types.  Levels of mean AGB have been found to vary considerably between 

mangrove forests across the globe (see review by Komiyama et al., 2008) ranging 

between 31.5 Mg ha
-1

 (± s.d. 2.9) for pioneer mangrove forest in French Guiana 

(Fromard et al., 1998) to 536.6 Mg ha
 -1

 (95% CI range 327.6 – 743.5 Mg ha
-1

) for 

mangroves in Micronesia (Donato et al., 2012).  Such broad-scale variability can be 

attributed to differences in floristic composition, climatic conditions, hydrology, 

geomorphology, successional stage and disturbance history (Fromard et al., 1998).   
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The regional estimates of mean AGB (± 95% PI) shown in Fig. 2.8 represent a best 

attempt at summarising the level of AGB within different mangrove regions in 

Kenya.  The two regions with the lowest estimated mean AGB were Mtwapa Creek 

(72.8 Mg ha 
-1

, 95% PI range 61.4 – 91.9 Mg ha
-1

) and Mida Creek (77.1 Mg ha
-1

, 

95% PI range 69.9 – 86.2 Mg ha
-1

) and are comparable to the level of AGB (71 – 85 

Mg ha 
-1

) found in mixed mangrove forests dominated by R. mucronata and A. 

marina in Sri Lanka (Amarasinghe and Balasubramaniam, 1992).  The estimate for 

Mida Creek is somewhat lower than expected and could be due to insufficient 

inventory data from this region (n = 14 plots) but it is also likely reflective of the 

level of forest degradation in this area due to illegal and poorly managed logging 

practices (Kairo et al., 2002).  The region with the highest estimate of mean AGB 

was Kiunga NMR (199.6 Mg ha
-1

, 95% PI range 178.6 – 225.3 Mg ha
-1

).  This level 

of AGB is comparable to that reported for mangroves in Micronesia (Donato et al., 

2012; Kauffman et al., 2011) and mature coastal mangroves in French Guiana 

(Fromard et al., 1998) and exceeds the estimate by Donato et al., (2011) of 169.9 Mg 

ha
-1

 for oceanic mangroves in the Indo-Pacific region. 

  

Although the estimates of AGB produced in this study are statistically robust, it is 

important to note the underlying assumption that estimates at large spatial scales 

have been obtained using a sample which is representative of the variability in forest 

composition and structure within the area in question (Chave et al., 2004).  The 

estimates of mean AGB in this study were derived using all available current 

inventory data for each region.  It seems reasonable to assume that due to the 

sampling strategy employed (stratified random) and the comparatively large 

sampling effort (total number of plots sampled) that the mangrove areas in the South 

of Kenya (Gazi Bay, Mwache, Mtwapa Creek, South Coast and Vanga) have been 

adequately sampled.  In addition, the large within-region variability in estimates of 

median AGB at the plot level (Fig. 2.7) would suggest that there has been no 

sampling bias in terms of plot location, for example by preferentially locating plots 

in areas likely to yield high biomass and that the range of possible biomass values 

within each region has been adequately captured. 
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The regional estimates for Mida Creek and Lamu District (South Lamu and Kiunga) 

are based on relatively small inventory datasets (n = 14 plots in Mida Creek, 25 in 

South Lamu and 16 in Kiunga) due to the larger resource requirement and practical 

difficulties (e.g. accessibility) associated with sampling areas in the North.  While the 

sampling strategies employed in these regions (random and stratified random) are 

appropriate from a statistical point of view; it is recommended that further data 

collection is undertaken in order to increase sample size and ensure representivity in 

these regions.  This is particularly important in the case of Lamu District which 

covers a large geographical area and is worthy of further division into smaller sub-

regions.  For example, the mangroves of Dodori Creek (Dodori National Reserve, 

Lamu District) were not sampled in the current study but should probably be 

considered as a distinct mangrove system. 

 

In considering the regional and Kenya-wide estimates of total AGB provided in 

Table 2.5 it is acknowledged that: 1) the estimates of mean AGB (± 95% PIs) used in 

up-scaling are assumed to be regionally representative as discussed above and 2) the 

uncertainty associated with the estimates of mangrove cover derived from the remote 

sensing data has not been accounted for.  Bearing in mind these caveats the estimates 

(± 95% PIs) shown in Table 2.5 can still be viewed as a useful comparative overview 

of the level of total AGB stocks currently held within each region.  There is 

undoubtedly scope for large-scale estimates to be further refined in the future.  In 

particular there is a need for current inventory data to be collected within the regions 

Kilifi and Tana River (as defined in this study) not only to constrain the regional 

estimates but also the Kenya-wide estimate of total AGB.  In addition, if and when 

future remote sensing work allows for the detailed mapping of mangrove cover and 

structural characteristics in each region it may become possible (and desirable) to 

produce large-scale estimates of AGB based on up-scaling by forest strata.   

The stratification of forest cover is recommended for the reporting of forest carbon 

pools (IPCC, 2006) and there are a variety of stratification options still under 

consideration for future REDD reporting (Maniatis and Mollicone, 2010).  

Mangroves are generally considered to display species zonation and have 

traditionally been stratified by such ‘zones’ (Hogarth, 1999).  However, not all 
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mangroves display well-defined patterns of zonation (e.g. Mida Creek) and other 

options for stratification for example based on structural characteristics may be more 

appropriate in some situations.  Various remote sensing techniques have been used in 

recent years to map mangroves at fine to large spatial scales (see review by Kuenzer 

et al., 2011).  Such techniques offer the potential for fast and repeatable estimates of 

cover, and in the case of radar remote sensing above-ground biomass to be made 

based on mangrove structural parameters (Fatoyinbo et al., 2008; Held et al., 2003; 

Lucas et al., 2007). 

It is anticipated that if required and pending any further collection of new harvest 

data, the model and methodology for uncertainty propagation presented in the current 

study could be used to produce estimates of mean AGB for use in future up-scaling 

exercises based on some stratification system with only minor modification to the 

existing procedures. 
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Abstract 

All estimates of forest above-ground biomass (AGB) should be accompanied by a 

realistic measure of uncertainty.  Estimates of AGB should account for the 

uncertainty in the measurement of inventoried trees (e.g. measurements of stem 

diameter) and the parameter and predictive uncertainty associated with the use of the 

allometric model.  This study evaluates the effect of excluding such components of 

uncertainty on predictions of the uncertainty of AGB estimates obtained using 1) a 

mixed-effects (ME) regression model and 2) a standard ordinary least squares (OLS) 

regression model.  The exclusion of measurement uncertainty had relatively little 

impact on the magnitude of the overall uncertainty of an estimate of AGB regardless 

of spatial scale or tree size.  The pattern of relative importance and the proportional 

change (in the magnitude of the uncertainty) attributed to the removal of each 

uncertainty component was generally consistent across landscape and regional spatial 

scales for both the ME and OLS models, largely reflecting the partitioning of 

variance in the underlying regression models.  In the ME model the removal of the 

random effects during the biomass estimation process had the biggest impact on the 

magnitude of the uncertainty at all spatial scales (landscape and regional) and levels 

of estimated plot and tree AGB (low, medium and high AGB levels).  In the current 

study use of the OLS model underestimated the total uncertainty in biomass 

estimates by > 300% in comparison with the ME model, reflecting the complete 

pooling approach to parameter estimation and the overestimation of the degrees of 

freedom typical of standard OLS models.  This is illustrative of the potential to 

substantially underestimate the uncertainty of biomass values if group-effects are not 

considered in regression models.   

 

 

 

 

 



 

54 
 

3.1 Introduction 

All estimates of forest above-ground biomass (AGB) should be accompanied by a 

realistic measure of uncertainty.  This is essential in order to constrain uncertainty in 

global climate models, the reporting of forest carbon stocks and stock changes for the 

purposes of global climate change mitigation strategies such as Reducing Emissions 

from Deforestation and Forest Degradation (REDD+) and remote sensing based 

approaches to biomass monitoring (Ahmed et al., 2013; Brown et al., 1995; Chave et 

al., 2004; IPCC, 2006) 

Estimates of AGB obtained by applying allometric equations to forest inventory data 

(the biomass estimation process) should account for the uncertainty in the 

measurement of inventoried trees (e.g. measurements of stem diameter) and the 

parameter and predictive uncertainty associated with the use of the allometric model.  

Failing to propagate such components of uncertainty during the biomass estimation 

process ultimately leads to an underestimation of the total uncertainty (Dietze et al., 

2008).   

A common approach to uncertainty propagation has involved summing the variances 

of individual uncertainty components derived using empirical expansion-based 

methods (e.g. Taylor series) to produce an estimate of the total uncertainty in 

addition to an estimate of the proportional contribution of each uncertainty 

component to the total (Ahmed et al., 2013; Chave et al., 2005; Ketterings et al., 

2001; Phillips et al., 2000).  A limitation of such methodologies is that they do not 

account for interactions between the various uncertainty components which affect the 

relative importance of each component to the total uncertainty (Smith and Heath, 

2001).  Simulation-based approaches to uncertainty propagation (e.g. Monte Carlo 

simulations) involve the simultaneous sampling of model parameters from specified 

distributions.  Such approaches not only allow for a fuller representation of each 

uncertainty component (and thus the overall uncertainty) but also an evaluation of 

the relative influence of each component on the total uncertainty whilst taking into 

account the simultaneous effects of all other uncertainty components (Ryan, 2009; 

Smith and Heath, 2001).   
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Allometric equations used to estimate AGB have commonly been derived using 

standard ordinary least squares (OLS) regression models (Chave et al., 2005; 

Komiyama et al., 2005; van Breugel et al., 2011).  However, the complete pooling 

approach to parameter estimation employed in such models ignores any correlations 

(or ‘group-effects’) in the underlying data used to fit the model resulting in an 

underestimation of the standard error of regression coefficients (Gelman and Hill, 

2007; Steele, 2008).  In contrast, mixed-effects regression models explicitly model 

the variance due to group-effects and the partial pooling approach to parameter 

estimation allows for more robust estimation of regression coefficients and their 

uncertainties (Steele, 2008).  Thus the choice of allometric model can be expected to 

affect the magnitude of the total uncertainty (of AGB estimates) and the relative 

contribution of different components of uncertainty (propagated during the biomass 

estimation process) to the total uncertainty. 

This study uses the mixed-effects (ME) regression model and simulation procedure 

for propagating uncertainty as detailed in Cohen et al., (2013) in order to evaluate the 

effect of excluding uncertainty components (measurement, residual and parameter 

uncertainties) during the biomass estimation process on predictions of the uncertainty 

of AGB estimates.  For comparative purposes the current study also provides an 

evaluation of the effect of excluding uncertainty components during the biomass 

estimation process using a standard OLS regression model.     

3.2. Methods 

3.2.1 ME regression model 

The linear ME model developed by Cohen et al., (2013) for estimating mangrove 

above-ground biomass in Kenya used a combined species_site grouping factor to 

account for variability in the allometric relationship due to both species and site 

effects: 

 

ln(yi) ~ N(αj[i] + βj[i]ln(xi) + βj[i]ln(zi) + σy
2
) for i = 1,….,n,               (3.1) 
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where ln(yi) is the response (total AGB) for the ith individual, the term αj[i] indexes 

the ith individual within the jth group and denotes that the coefficient for the 

intercept (α) varies across groups (j = 1,..., J) as a random effect.  The terms βj[i]ln(xi)  

and βj[i]ln(zi) denote that the coefficients for the predictive variables stem diameter 

(ln(x)) and tree height (ln(z)) vary across groups as random effects and σy
2
 is the 

residual or the unexplained ‘within-group’ variance.  The terms αj, βjx and  βjz signify 

that these parameters were themselves modelled yielding a partial pooling estimate 

of α and of the coefficients βx and βz for each group along with an estimate of the 

overall population mean (the fixed effects) and the ‘between-group’ variance 

(estimated from the data).  Full details of model development and validation can be 

found in Cohen et al., (2013).  A large proportion (41%) of the total variance in the 

model was attributable to between-group variability in the intercept and the 

coefficients of x and z (the random effects terms), leaving a relatively small residual 

variance of just 6% (Fig. 3.1). 

 

Fig. 3.1: Partitioning of the total variability in the AGB of harvested trees associated with the fixed 

effects terms, the random effects terms and the remaining unexplained (residual) variance from the 

ME regression model developed by Cohen et al., (2013). 

 

The biomass estimation process described in Cohen et al., (2013) used the above 

model (Eq. (3.1)) in a statistical simulation procedure which propagated components 

of uncertainty (measurement, residual and parameter) to estimates of AGB for trees, 

plots and regions.  In the current study, this simulation procedure was modified to 

exclude in turn each uncertainty component during the biomass estimation process.  
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Six uncertainty scenarios were simulated (Table 3.1) using the extensive forest 

inventory dataset detailed in Cohen et al., (2013) and summarised here in Table 3.2.   

 

Table 3.1: Specifications for uncertainty simulations 
a
 

Uncertainty Scenario Components of Uncertainty 

Measurement Residual Random Effects Fixed Effects 

1     

2 ×    

3  ×   

4    × 

5   ×  

6   × × 
a 
 and × symbols indicate whether an uncertainty component has been included () or excluded (×) 

during each simulation.   

Measurement uncertainty refers to the assumed uncertainty in diameter (5% of the 

observed value) and height (10% of the observed value) measurements of inventoried 

trees.  The residual uncertainty (σy
2
) is the unexplained variance from the ME 

regression model (Eq. 3.1).  In this study parameter uncertainty is comprised of the 

random effects and the uncertainty in the estimates of the fixed effects.  The random 

effects are technically a measure of the variability in the estimated fixed effects 

parameters due to group effects. However, in the context of this study the random 

effects are also considered to be a component of uncertainty, as their inclusion or 

exclusion from the biomass estimation process is equivalent to either recognising or 

ignoring the potential impact of accounting for between-group variability in the fixed 

effects estimates on the magnitude of the final uncertainty.  

All statistical analyses were performed using R statistical software version 2.15.0 (R 

Development Core Team, 2012).  The relative impact of removing each component 

of uncertainty during the biomass estimation process was assessed by comparing the 

difference in the magnitude of the 95% prediction interval (95% PI) under scenarios 

2 to 6 against that of scenario 1 (total uncertainty). 
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Table 3.2: Provenance and summary of Kenyan mangrove forest inventory dataset
a 

 

 

 

 

 
 

 

 

 

 

 

 
 a 

Abbreviations are: Capacity Building for Mangrove Assessment, Restoration and Validation 

(CAMARV); United Nations Development Programme (UNDP) and Kenya Marine and Fisheries 

Research Institute (KMFRI). 

 

3.2.1.1 Landscape scale simulations 

 

The AGB of each tree within the forest inventory dataset was simulated 50,000 

times.  The AGB estimates for each tree within a plot were summed at each iteration 

point giving a distribution of 50,000 possible estimates of total AGB for every plot in 

the inventory dataset. The mean AGB was calculated at each iteration point across all 

498 plots yielding a distribution of 50,000 possible estimates of mean AGB.  The 

quantiles of this distribution of means were used to calculate the mean 95% PI 

(97.5% - 2.5% quantile) for an estimate of plot AGB at the landscape scale.  This 

process was repeated for each of the six uncertainty scenarios (Table 3.1).   

 

3.2.1.2 Regional scale simulations  

 

In order to assess the impact of removing each uncertainty component at the regional 

scale; plots within the inventory dataset were first grouped according to their location 

within the mangrove regions along the Kenyan coastline identified in Table 3.2.  Due 

to the small sample size in some regions (e.g. Mida Creek) uncertainty simulations 

were performed using the inventory data from the five most heavily sampled regions: 

Gazi Bay, Mtwapa Creek, Mwache, South Coast and Vanga (Table 3.2).  To ensure 

comparability of results between regions all plots used in the regional scale 

Region Origin of Data Date No. of 

Plots 

Plot Size (ha) 

Mida Creek 

South Lamu 

Kiunga 

 

This Study 

 

2010/2011 

 

14 

25 

16 

0.01 to 0.5 

Gazi Bay This Study 2010/2011 28  

0.01 

0.01 

0.01 

 CAMARV 2009 18 

 UNDP 2009 70 

Mtwapa Creek Okello (unpublished 

results) 

2010 54 

Mwache Kaino (2013) 2011 67 0.01 

South Coast 

Vanga 

KMFRI 

KMFRI 

2007 

2012 

123 

83 

0.01 

0.0025 to 0.04 
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simulations measured 0.01 ha (10 x 10 m) in size. The total number of inventoried 

plots differs between the five regions, therefore for each region (under each 

uncertainty scenario) the entire simulation procedure was repeated 1000 times using 

fifty randomly selected plots for each new simulation run. 

 

For each regional scale simulation run the AGB of each tree was simulated 10,000 

times. The AGB estimates for each tree within a plot were summed at each iteration 

point giving a distribution of 10,000 possible estimates of total AGB for every plot.  

The mean AGB was calculated at each iteration point across all 50 plots yielding a 

distribution of 10,000 possible estimates of mean AGB.  The quantiles of this 

distribution of means were used to calculate the mean 95% PI for each simulation 

run.  This process generated a distribution of 1000 possible mean 95% PIs for each 

region under each uncertainty scenario.  The mean of the distribution of possible PIs 

was taken to represent the overall mean 95% PI for an estimate of plot AGB at the 

regional scale under each uncertainty scenario. 

 

3.2.1.3 AGB ‘levels’ 

 

3.2.1.3.1  Plot AGB 

 

In order to assess the possible impact of removing each uncertainty component at 

different levels of AGB the inventory dataset was divided into three sub-datasets 

(‘low’, ‘medium’ and ‘high’ AGB plots) consisting of 166 plots each.  Apportioning 

of each plot in the inventory dataset to one of the sub-datasets was made based on the 

estimates of median AGB (Mg ha
-1

) obtained from Cohen et al., (2013) for each plot 

(Fig. 3.2).  The plots were ranked from lowest to highest estimated median AGB 

(Fig. 3.2) with the first 166 plots forming the ‘low’ AGB sub-dataset and so on.  

Estimates of median AGB ranged from 1.9 Mg ha
-1

 to 51.9 Mg ha
-1

 for plots within 

the low sub-dataset,  52.1 Mg ha
-1

 to 111.4 Mg ha
-1

 for plots in the medium sub-

dataset and 112.1 Mg ha
-1

 to 812.8 Mg ha
-1

 for plots in the high sub-dataset.   

 

For each of the sub-datasets the AGB of each tree within each plot was simulated 

50,000 times.  The AGB estimates for each tree within a plot were summed at each 
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iteration point giving a distribution of 50,000 possible estimates of total AGB for 

every plot.  The mean AGB was calculated at each iteration point across all plots (n = 

166) yielding a distribution of 50,000 possible estimates of mean AGB.  The 

quantiles of this distribution of means were used to calculate the mean 95% PI for 

plots of low, medium and high estimated AGB under each uncertainty scenario.   

 
Fig. 3.2: Estimated median above-ground biomass (AGB) of each plot within the forest inventory   

dataset (± 95% PI).  Plots appear in ranked order from low to high estimated median AGB.  The 95% 

PI is the difference between the 97.5% and 2.5% quantiles of the simulated distributions of possible 

values of median AGB for each plot. 
 

3.2.1.3.2  Tree AGB 

 

Using the median estimates of AGB (kg) for each tree obtained from Cohen et al., 

(2013) the inventory dataset was divided into three sub-datasets comprising trees of 

‘low’, ‘medium’ and ‘high’ AGB with each sub-dataset consisting of 6776 trees.  

Trees were ranked from lowest to highest estimated median AGB with the first 6776 

trees forming the ‘low’ AGB sub-dataset and so on.  Estimates of median AGB 

ranged from 0.05 kg to 8.65kg for trees within the low sub-dataset,  8.66 kg to 26.42 

kg for trees in the medium sub-dataset and 26.45 kg to 2338.57 kg for trees in the 

high sub-dataset.  For each of the sub-datasets the AGB of each tree was simulated 

50,000 times.  The mean AGB was calculated at each iteration point across all trees 
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(n = 6776) yielding a distribution of 50,000 possible estimates of mean AGB. The 

quantiles of this distribution of means were used to calculate the mean 95% PI for 

trees of low, medium and high estimated AGB under each uncertainty scenario.   

 

3.2.2 OLS model 

 

The tree harvest dataset detailed in Cohen et al., (2013) was used to fit a linear 

regression model using ordinary least squares (OLS) of the form: 

 

ln(AGB) = ln(a) + b1ln(D) + b2ln(H) + ɛ              (3.2) 

 

where a is the intercept, b1 and b2 are the coefficients of the explanatory variables 

stem diameter (D) and tree height (H) respectively and ɛ is the residual error term.  

The fixed-effects parameter estimates and associated regression statistics from the 

OLS model are provided in Appendix 2, Table A2.1.  Estimates of AGB for trees in 

the inventory dataset (Table 3.2) using the OLS model were obtained using the 

procedure for propagating measurement, residual and parameter uncertainty (fixed 

effects only) detailed in Cohen et al., (2013). 

 

The simulations described in sections 3.2.1.1 to 3.2.1.3 were repeated for uncertainty 

scenarios 1 to 4 (Table 3.1) using the OLS model.  The simulations for AGB ‘levels’ 

were carried out as in section 3.2.1.3 however; plots and trees were divided into sub-

datasets based on the ranked estimates of AGB obtained from the OLS model.  

 

3.3 Results and Discussion 

 

3.3.1 Landscape scale  

 

The removal of the random effects during the biomass estimation process clearly had 

the biggest impact on the magnitude of the 95% PI in the ME model (Fig. 3.3a: 

scenarios 5 and 6).  This is illustrative of the potential to substantially underestimate 

the uncertainty of biomass estimates if group-effects are not considered in regression 

models (Wutzler et al., 2008).  Indeed there is considerable difference (> 300%) in 
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the magnitude of the total uncertainty (scenario 1) between the ME and OLS models 

(Fig. 3.3) such that in the OLS model the total uncertainty is approximately equal to 

that of the PI under scenario 5 in the ME model.  This is due to the complete pooling 

approach to estimation of regression coefficients in the OLS model where 

correlations in the data structure are ignored and thus the effective sample size is 

inflated resulting in an under-estimation of the standard error of regression 

coefficients and consequently the total uncertainty of predictions (Steele, 2008).   

 

The difference in the complete pooling (OLS model) vs. partial pooling (ME model) 

approach to estimating regression parameters is also evident in the small effect (-

3.2%) of removing the uncertainty in the fixed effects parameters in the OLS model 

in comparison with the ME model (-9%).  This is likely the result of the inflated 

number of degrees of freedom employed for the estimation of the fixed effects 

parameters in the OLS model, relative to the ME model.  The removal of the residual 

variance in the ME model had a much smaller impact on the magnitude of the PI 

than in the OLS model (-11% versus -73% respectively); however this is to be 

expected as the large proportion of the variance explained by the random effects in 

the mixed model (Fig. 3.1) is attributed to residual ‘unexplained’ variance in the OLS 

model (Fig. 3.3b: scenario 3).   
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Fig. 3.3:  Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) for an estimate of plot AGB at the landscape scale obtained using a) the 

ME model or b) the OLS model.   Numbers along the x axis correspond to the uncertainty scenarios 

described in Table 3.1.  Numbers above bars represent the percentage decrease in the mean 95% PI 

under each uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs 

between uncertainty scenarios 2 to 6 are not additive. 
 

In this study the uncertainty in the measurements of stem diameter and height of 

inventoried trees was assumed to be 5 and 10% respectively.  Despite these 

conservative assumptions there appears to be little impact on the PI of removing 

measurement uncertainty during the biomass estimation process using either model 

at the landscape scale (Fig. 3.3: scenario 2).  This is in accordance with previous 

studies which found that the contribution of measurement uncertainty to the total 

uncertainty (whilst potentially important for an estimate of single tree AGB) 

generally averages out with increasing sample size (Chave et al., 2004; Phillips et al., 

2000; Ryan, 2009).  In addition, the partitioning of the variance in the models used 

here means that accounting for measurement uncertainty during the biomass 

estimation process is relatively unimportant in comparison with accounting for the 
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random effects  (in the ME model) and residual uncertainty (in the OLS model) in 

terms of producing realistic prediction intervals. 

 

3.3.2 Regional scale 

The relative effect of removing each uncertainty component during the biomass 

estimation process (on the magnitude of the mean 95% PI) using the ME model is 

consistent between each of the five regions (Fig. 3.4).   It is also consistent between 

the regional and landscape scale (Fig. 3.3a and Fig 3.4).  Similarly, for each region 

the proportional change in the mean PI under each uncertainty scenario using the 

OLS model mirrors that at the landscape scale (see Appendix 2, Fig. A2.1).  The 

general consistency between landscape and regional scale results in terms of the 

pattern of relative importance and the proportional change attributed to the removal 

of each uncertainty component is largely reflective of the partitioning of variance in 

the underlying regression models.  There is however a difference in the overall 

magnitude of the total uncertainty (scenario 1) of an estimate of plot AGB between 

regions (Fig. 3.4).  In particular the total uncertainty in Vanga (> 60 Mg ha
-1

) is 

substantially larger than that of the other four regions.  The most extreme values of 

diameter and height are found within the Vanga dataset and therefore the larger 

uncertainty in this region is presumably due to the influence of such values in a log-

normal model where the variability is related to the mean on the linear scale.  The 

small difference in scale of the PIs between the other four regions is similarly 

attributable to between region variability in the distribution of stem diameter and 

height measurements of inventoried trees.   
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Fig. 3.4:  Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) for an estimate of plot AGB at the regional scale obtained using the ME 

model.  Numbers above bars represent the percentage decrease in the mean 95% PI under each 

uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs between 

uncertainty scenarios 2 to 6 are not additive. 
 

3.3.3 AGB ‘levels’ 

 

3.3.3.1 ME model 

 

The predicted uncertainty for plots within the inventory dataset of comparatively 

high estimated AGB is an order of magnitude greater than the uncertainty for those 

plots with the lowest estimated AGB (Fig. 3.5).  This large difference in the 

magnitude of the uncertainty between low and high AGB plots is due to the greater 

number of large trees (i.e. trees of larger diameter and height) present within the high 

AGB sub-dataset and the influence of such trees on the overall scale of the 

uncertainty.  The effect of tree size on the overall uncertainty is further exemplified 
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by the large difference in the magnitude of the PIs between the low and high AGB 

trees (Fig. 3.6).  The relative impact of removing each uncertainty component is 

generally consistent for plots of low, medium and high estimated AGB however the 

effect of removing the uncertainty in the fixed effects parameters (scenario 4) 

appears to be slightly larger (by ~ 4%) at levels of high plot AGB (Fig. 3.5).   

 

 

Fig. 3.5: Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) obtained using the ME model for plots of low, medium and high 

estimated AGB.  Numbers above bars represent the percentage decrease in the mean 95% PI under 

each uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs 

between uncertainty scenarios 2 to 6 are not additive. 
 

The pattern of relative importance of removing each uncertainty component is 

consistent across all levels of estimated tree AGB (Fig. 3.6).  However, there is a 

pronounced difference in the proportional decrease in the PI under scenarios 5 and 6 

for trees of low and medium AGB in comparison with high AGB trees.  The 
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proportional impact of removing the random effects from the biomass estimation 

process is larger for high AGB trees (i.e. larger trees) in comparison with the low and 

medium AGB trees due to the multiplicative nature of the biomass equation where 

the random effects are added to the fixed effects and multiplied by the data (the 

diameter and height measurements of inventoried trees).  The range of diameter and 

height measurements for trees within the high AGB sub-dataset is substantially larger 

than those within the low and medium AGB sub-datasets as indicated by the 

comparatively large range of estimated AGB for the high AGB sub-dataset (section 

3.2.3.2).  In the ME model the variance of the random effects for diameter and height 

is an order of magnitude greater (in log space) than that of the fixed effects and thus 

the proportional increase in the contribution of the random effects to the uncertainty 

of the biomass estimate is greater than that of the fixed effects in response to the 

increasing size of input data (i.e. with increasing tree size).  This is consistent with 

the slight increase in the proportional impact on the PI of removing the random 

effects (scenarios 5 and 6) from low to high AGB plots as shown in Fig. 3.5, where 

the number of large trees present within the sub-datasets increases from low to high 

plot AGB.  The impact (%) of removing the residual variance (scenario 3) during the 

biomass estimation process is comparatively larger for trees of low and medium 

estimated AGB (Fig. 3.6).  This is a consequence of the reduced contribution of the 

random effects to the uncertainty of the biomass estimate of smaller trees (i.e. 

smaller input data). 

 

The marked difference in the impact of removing the random effects for trees of 

low/medium AGB in comparison with those of high AGB is not apparent at the plot 

scale (Fig. 3.5).  Given the influence of tree size on the contribution of the random 

effects to the uncertainty as seen in Fig. 3.6; the consistently larger contribution of 

the random effects at all AGB levels at the plot scale is illustrative of the dominant 

effect on the uncertainty of the presence of large trees within plots.  The increase in 

the proportional effect of removing the uncertainty of the fixed effects parameters 

(scenario 4) for the high AGB plots (Fig. 3.5) is not seen within the high AGB trees 

(Fig. 3.6).  Given the comparatively smaller variance of the fixed effects and the 

inclusion of the random effects under scenario 4; the small but appreciable increase 
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(~ 4%) in the effect of removing the fixed effects uncertainty within the high AGB 

plots in this study remains unresolved.  

 

 

Fig. 3.6: Effect of removing components of uncertainty on the magnitude of the mean 95% prediction 

interval (95% PI) obtained using the ME model for trees of low, medium and high estimated AGB.  

Numbers above bars represent the percentage decrease in the mean 95% PI under each uncertainty 

scenario compared to scenario 1.  Please note that % changes in the mean PIs between uncertainty 

scenarios 2 to 6 are not additive. 
 

3.3.3.2 OLS model 

 

The pattern of relative importance and the proportional change attributed to the 

removal of each uncertainty component in the OLS model (scenarios 2 to 4) mirrors 

the landscape scale results across all levels of estimated plot and tree AGB (see 

Appendix 2, Figs A2.2 and A2.3).  As with the ME model there is a change in the 

magnitude of the uncertainty between AGB levels attributable to the use of a log-

normal model and, as for the landscape scale, the overall magnitude of the PIs 

obtained using the OLS model was lower than that of the ME model.  The variance 
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of the fixed effects parameters in the OLS model are an order of magnitude smaller 

than in the ME model and the residual variance is an order of magnitude larger, 

therefore any changes in the relative effect of excluding these uncertainty 

components due to tree size is obscured by the dominant impact of the large residual 

variance in the OLS model. 

 

Comparison of the absolute magnitude of the predicted total uncertainty (scenario1) 

across the ME and OLS models (Figs. 3.5 and A2.2) indicates that the increase in 

uncertainty from low to high AGB plots is dependent on the regression model 

employed.  For the ME model, the total uncertainty (scenario 1) increases from ~ 3 to 

> 40 Mg ha
-1

 from low to high AGB plots, however, for the OLS model, this increase 

is much smaller (from ~ 1.5 to ~ 10 Mg ha
-1

).  This difference is mirrored in the 

comparison between levels of estimated tree AGB (Figs. 3.6 and A2.3).  This is 

again reflective of the impact of the inclusion of the random effects in the ME model 

whose effect on the uncertainty is magnified for trees of large size.  Therefore, it 

appears that there is less difference in the magnitude of the total uncertainty (scenario 

1) predicted by the OLS versus the ME model for trees of low and medium AGB 

however this difference increases for trees of high AGB and for all levels of plot 

AGB.  

 

3.3.4 Conclusions 

 

This study has clearly demonstrated the potential to produce unrealistically low 

estimates of uncertainty if group effects are ignored during regression analysis as is 

often the case when developing biomass models (Fig. 3.3).  However, in assessing 

the relative impact of removing components of uncertainty during the biomass 

estimation process it should be noted that the findings of the current study are largely 

confined to the specific models (and the underlying datasets) used here.  For the 

purposes of constraining the uncertainty on estimates of forest AGB at spatial scales 

relevant to environmental science, forest management and policy making (plot and 

above) the results presented in Figs 3.3 to 3.5 best represent the potential effect of 

excluding uncertainty components during the biomass estimation process. 
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The exclusion of measurement uncertainty had relatively little impact on the 

magnitude of the overall uncertainty regardless of spatial scale or tree size (as 

defined in this study).  These results are consistent with the findings of previous 

studies and not only reflect the process of averaging over large sample sizes (of 

measured trees) but also the variance structure of biomass regression models where it 

can be expected that the uncertainty due to the use of the allometric model for 

making predictions of biomass for new individuals (i.e. predictive uncertainty) will 

dominate the total uncertainty.  The random effects in the mixed-effects model used 

in this study represent the variability in the allometric relationship (of Kenyan 

mangroves) due to both species and site effects and their exclusion from the biomass 

estimation process consistently resulted in a large decrease in the predicted 

uncertainty.  Future studies should investigate the use of additional covariates (e.g. 

wood density data) in a mixed-effects modelling framework to potentially account 

for some of the variance attributed to the random effects in the current model.   

  

In this study, accounting for random effects was particularly important when 

producing estimates of uncertainty for the AGB of large trees and consequently the 

uncertainty of AGB estimates at larger spatial scales, as the presence of large trees 

within plots can have a considerable influence on the magnitude of the overall 

uncertainty.  This is particularly relevant when producing realistic predictions of 

uncertainty for plots of a small size as the contribution to the overall uncertainty 

associated with estimates of individual tree AGB can be expected to reduce with 

increasing plot size.   
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Abstract 

Large-scale estimation of forest above-ground biomass (AGB) stocks and stock 

changes are required for the effective implementation of forest-based climate change 

mitigation strategies such as Reducing Emissions from Deforestation and Forest 

Degradation (REDD+).  The use of remote sensing data (particularly those acquired 

via space-borne sensors) allows for fast and repeatable large-scale monitoring of 

forest biomass dynamics.  This study uses data acquired by JAXA’s (Japan 

Aerospace Exploration Agency) Advanced Land Observing Satellite Phased Array 

L-band Synthetic Aperture Radar (ALOS PALSAR) for the purpose of estimating 

mangrove AGB along the entire Kenyan coastline.  A reasonably strong relationship 

(R
2
 = 0.45) was found between the ground-based estimates of AGB and radar 

backscatter in HH polarisation (σ
0

HH) with σ
0

HH found to decrease as a function of 

increasing AGB.  No significant relationship was found between AGB and 

backscatter in HV polarisation.  The negative relationship between σ
0

HH and AGB 

can be attributed to enhanced backscatter at low AGB levels due to strong double-

bounce and direct surface scattering from short stature/open forests and attenuation 

of the radar signal by the forest canopy and complex root structures at high AGB 

levels.  The relationship between σ
0

HH and AGB was used to estimate mangrove 

AGB along the entire Kenyan coastline.  The relatively high uncertainty in radar-

derived predictions of AGB at the 1ha pixel scale was constrained to between ~18 to 

20% of the mean AGB estimate at the regional and national scale and is inclusive of 

the uncertainty associated with the ground-based approach to AGB estimation and 

the random errors associated with the up-scaling of SAR-derived predictions to 

larger spatial scales. 
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4.1 Introduction 

Mangrove forests are globally important carbon stores (Donato et al., 2011).  High 

rates of mangrove areal loss have been reported at the global (FAO, 2007; Giri et al., 

2011; Valiela et al., 2001) and national level (Giri and Muhlhausen, 2008; Kirui et 

al., 2012; Leimgruber et al., 2005; Rodriguez and Feller, 2004) and are largely due to 

over-exploitation of wood products and conversion of mangroves for aquaculture and 

coastal development (Alongi, 2002).  There is now international support for the 

maintenance and enhancement of forest carbon storage in the tropics through 

economic incentive schemes such as Reducing Emissions from Deforestation and 

Forest Degradation (REDD+).  Estimation of baseline forest above-ground biomass 

(AGB) stocks and stock changes at large spatial scales (i.e. national level) will be 

required for the effective implementation of REDD+.  The use of remote sensing 

data (particularly that acquired via space-borne sensors) allows for fast and 

repeatable large-scale monitoring of forest biomass dynamics. 

The use of optical remote sensing data for biomass studies in the tropics is often 

hampered by the presence of cloud cover, and relationships derived between 

optically sensed spectral metrics (e.g. NDVI) and AGB are of limited use (Patenaude 

et al., 2005).  In contrast, the acquisition of Synthetic Aperture Radar (SAR) data is 

not dependent on prevailing weather or light conditions and radar systems operating 

at longer wavelengths (e.g. L-band at ~ 23 cm) interact with the branches and stems 

below the canopy layer that hold the greatest proportion of AGB (Lucas et al., 2007).   

SAR response from forests as measured by the amount of the transmitted microwave 

energy that is returned to the sensor (backscatter) is influenced by a number of 

factors such as: the configuration of the SAR system in use (wavelength, polarisation 

and incidence angle); forest structural parameters (size, density and geometry of 

vegetation); the physical characteristics of the underlying surface (topography and 

roughness) and the moisture content of the vegetation and soil (Quiñones and 

Hoekman, 2004).  These factors determine the amount of incident microwave energy 

scattered (and the amount attenuated) by the underlying land cover and how that 

energy will be scattered. 



 

75 
 

Relationships have been derived between AGB and backscatter using SAR systems 

for a variety of different forest types including boreal forest in Alaska (Rignot et al., 

1994); savanna and miombo woodland in Africa (Mitchard et al., 2009); tropical 

forest in Costa Rica (Saatchi et al., 2011a) and mangroves in French Guiana (Mougin 

et al., 1999).  Previous studies have found that the use of L-band SAR in HV 

polarisation provided the strongest relationship with AGB with R
2
 values ranging 

from 0.49 for forests in Bangladesh (Rahman and Sumantyo, 2013) to 0.92 in 

Australian savannas (Collins et al., 2009).  The stronger relationship between 

aboveground biomass and L-band HV can be attributed in part, to the strong 

depolarisation of the incoming signal by larger vegetation components as biomass 

increases and volume scattering becomes dominant (Mougin et al., 1999).  In 

addition, the HV polarisation is less sensitive to moisture conditions (soil and 

vegetation) and topographic changes than L-band HH (Quiñones and Hoekman, 

2004; van Zyl, 1993).  

Backscatter tends to increase with increasing AGB until a saturation point is reached 

and sensitivity to further increase in AGB is lost (Lucas et al., 2007).  Saturation at 

higher biomass levels can be attributed to increased attenuation of the incident SAR 

signal within the canopy layer (Lucas et al., 2007; Mitchard et al., 2009).  At L-band 

HV variable saturation points have been reported ranging from ~ 60 to ~ 200 Mg ha
-1

 

(Luckman et al., 1997; Mitchard et al., 2009) indicating a potential limitation for the 

retrieval of high AGB and highlighting the lack of a consistent backscatter-AGB 

relationship (Woodhouse et al., 2012). 

Previous studies focusing on backscatter-AGB relationships in mangroves have been 

limited in number (Carreiras et al., 2012; Li et al., 2007; Lucas et al., 2007; Mougin 

et al., 1999) with just one study undertaken in African mangroves (Carreiras et al., 

2012).  The backscatter-AGB relationship in mangroves can often be complicated by 

the presence of complex root systems and variable tidal regimes which can lead to 

unexpectedly low or high backscatter (Lucas et al., 2007).  However, good 

relationships have previously been found between air-borne L-band HV and AGB for 

mangroves in French Guiana and Australia (Lucas et al., 2007; Mougin et al., 1999) 

with saturation occurring at ~140 Mg ha
-1

 and ~125 Mg ha
-1

 respectively. 
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To the best of our knowledge this is the first study to investigate the nature of the 

relationship between L-band SAR and mangrove AGB in East Africa.  For this 

purpose the current study uses data acquired by JAXA’s ALOS PALSAR sensor.  

4.2 Methods 

4.2.1 Field data 

Forest inventory data from 25 plots were collected during June-August 2011 from 

four mangrove study regions located along the Kenyan coastline (Fig. 4.1 and Table 

4.1).  The Gazi Bay region (4°25’S, 39°30’E) is located ~55 km south of the city of 

Mombasa.  The Mida Creek area (3°20'S, 40°00'E) is situated mid-way along the 

Kenyan coastline ~23 km south of the town of Malindi.  The Lamu archipelago 

extends between 2°22'S, 40°48'E in the South and 1°44'S, 41°30'E in the North.  For 

the purposes of this study the Lamu archipelago has been sub-divided into two study 

regions: South Lamu (area enclosed in braces in Fig. 4.1) and Kiunga National 

Marine Reserve (NMR) which encompasses the mangroves between South Lamu 

and the Kenya-Somalia border.  Further details of all study regions can be found in 

Cohen et al., (2013). 

A stratified random plot sampling scheme was used in order to capture the variation 

in mangrove structure within each of the study regions.  For each region, plots were 

positioned within larger areas of mangrove deemed to 1) be homogeneous in terms of 

structure and 2) broadly represent the main levels of structural variation within the 

region as a whole.  Such areas were pre-identified using an unsupervised 

classification of the radar data from 2010 (using HH, HV and HV/HH backscatter in 

the power domain at a pixel resolution of 100m) and visual comparison with 

corresponding 2.5m resolution SPOT imagery acquired during 2009-2011 covering 

each region.  Figure 4.2 illustrates some of the main structural variations of 

mangrove forest identified in this study. 

Within each plot, the stem diameter and height of all trees ≥ 5cm diameter at breast 

height (DBH) were measured.  An exception was plots 10 and 19 (Table 4.1) which 

were both dominated by small stature trees hence all stems ≥ 2.5 cm were measured.  

Within some of the plots a 5 x 5m subplot was positioned at random and all stems < 
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5 cm DBH were counted giving an indication of the density of mangrove seedlings 

and saplings in the understorey.  Stem diameter was measured at 1.3m above-ground 

(DBH) except in the case of Rhizophora sp. where stem diameter was measured at 

30cm above the highest prop root if this occurred above 1.3m.  In cases where trees 

branched below 1.3m (common in Avicennia sp.) and branches met the diameter 

measurement threshold; the diameter and height of each branch was recorded and 

treated separately during analysis.  Tree height was measured using an ultrasonic 

vertex hypsometer (Haglöf, Sweden).   

 

Fig. 4.1.  ALOS PALSAR scenes displayed in HH polarisation showing the location of the mangrove 

study regions where forest inventory data were collected for this study (dots), other mangrove regions 

(triangles) and urban areas (squares) along the Kenyan coastline.  Full definitions and descriptions of 

all mangrove regions are provided in Cohen et al., (2013). 
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4.2.2 Ground-based AGB estimates 

Estimates of total AGB in Mg ha
-1

 were obtained for each field plot as detailed in 

Cohen et al., (2013).  The allometric equations for Kenyan mangroves developed by 

Cohen et al., (2013) used stem diameter and height as the predictive variables in a 

linear mixed-effects modelling framework.  The statistical simulation procedure 

employed by Cohen et al., (2013) for propagating uncertainty means that the 

estimates of plot AGB used here account for measurement and predictive uncertainty 

during the biomass estimation process. 

4.2.3 SAR data 

SAR data from the ALOS PALSAR sensor acquired over the Kenyan coastline 

during May-July 2010 were obtained through the European Space Agency (ESA) 

Category-1 scheme (Project ID: 8177).   L-band SAR scenes were acquired in Fine-

Beam Dual-polarisation (FBD) mode with an off-nadir incidence angle of 34.3°.  

SAR scenes were provided at processing level 1.5 with a pixel size of 12.5m (4 looks 

per pixel).  All scenes were processed using the Alaska Satellite Facility’s MapReady 

software (version 2.3.17) to correct geolocation and apply a geometric and 

radiometric terrain correction using the 90m resolution Digital Elevation Model 

(DEM) from the Shuttle Radar Topography Mission (SRTM).  Geolocation accuracy 

was verified using the SPOT imagery and several ground control points (RMSE = 

~16m (1.3 ALOS pixels)).   

Digital numbers were converted to radiometrically calibrated values of sigma-nought 

(σ
0
) using the coefficients and equations provided in Shimada et al., (2009).  All 

further remote sensing analyses were carried out using ENVI version 4.8 (Exelis 

Visual Information Solutions, Boulder, Colorado).  The mean HH and HV 

backscatter values (calculated in the power domain) were extracted for each of the 25 

field plots and converted to σ
0
 in dB prior to undertaking regression analyses using R 

statistical software version 2.15.0 (R Development Core Team, 2012). 



 

79 
 

Table 4.1: Structural characteristics of the inventoried plots within each mangrove study region.
a
 

Plot ID Study Region Plot Size (ha) Dominant 

Species 

Mean Stem 

Diameter (cm) 

Mean 

Height 

(m) 

Stem Density ha
-1 

(trees ≥ 5cm 

DBH) 

Stem Density ha
-1 

(trees < 5 cm 

DBH) 

AGB 

(Mg ha
-1

) 

Distance 

From Sea 

(m) 

1 Gazi Bay 0.25 (50 x 50m) AM 6.9 4.8 2140  33.2 464 

2  0.25 RM 10.1 6.4 1936  132.8 226 

3  0.25 RM, BG, CT 12.7 7.7 1056  128.4 738 

4  0.25 RM 12.2 7.3 1116  105.4 750 

5 Mida Creek 0.5 (100 x 50m) AM 24 10.7 396  152.8 1828 

6  0.25 CT 8.2 4.4 384 397 600 12.7 1008 

7  0.25 CT 12.6 8.2 692 130 000 75.5 63 

8  0.25 RM, CT 13.2 8 660  73 305 

9  0.25 RM 13.6 6.9 632 32 800 59.1 74 

10 South Lamu 0.25 CT 4.1 2.3 2084
b
  9.5 156 

11  0.25 RM 11.7 8.5 1604  120.6 127 

12  0.25 RM 13.2 9.3 1428  160.1 152 

13  0.25 RM 7.8 6.6 2096  62.1 136 

14  0.25 RM 22.5 15.5 572  223.1 104 

15  0.25 CT 6.9 3.7 992 44 800 16.3 73 

16  0.25 RM 17.1 10.7 1104  198.2 79 

17            0.5 AM 6.3 3.2 694 7200 7.6 209 

18 Kiunga NMR 0.25 RM 11.4 7.9 1920  138.4 72 

19  0.25 AM 5 3.3 1672
b
  13.2 492 

20  0.25 RM 32 20.7 320  254 166 

21  0.25 RM 12.8 9 1656  144.4 68 

22  0.25 RM 20.2 12.7 532  150.2 77 

23  0.25 RM, CT 13.3 8.4 1192 7600 111.1 376 

24  0.25 CT 7.5 4.1 1408 17 200 27.1 519 

25  0.25 CT 8.4 4.3 1360  33.8 214 
a 
Mangrove species codes are: AM = Avicennia marina; RM = Rhizophora mucronata; BG = Bruguiera gymnorrhiza; CT = Ceriops tagal. 

b
 For these plots the 

calculated stem density is for trees ≥ 2.5 cm DBH.
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Fig. 4.2. Examples of the structural variation of inventoried plots; a) tall stature R. mucronata forest 

(Kiunga NMR 21
st
 July 2011); b) dense short stature C. tagal forest (Mida Creek 8

th
 July 2011); c) 

short stature A. marina forest (South Lamu 10
th

 August 2011); d) tall stature A. marina forest (Mida 

Creek 7
th

 July 2011).  Plot numbers correspond with those in Table 4.1.  All photos taken by R. 

Cohen. 

4.3 Results 

4.3.1 Backscatter-AGB regressions 

Plot level values of mean σ
0
 (dB) were regressed against the corresponding ground-

based estimates of plot AGB (Mg ha
-1

) using ordinary least squares regression.  

Fitted regression models were of the form: 

σ
0
 = a + b(AGB) + ɛ                 (4.1)

                 

where the response variable is σ
0
 (dB) in either HH or HV polarisation, a is the 

regression constant, b is the coefficient of the explanatory variable AGB and ɛ is the 

error term.  Models were also fitted using the ratio of HH/HV backscatter and the 
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Radar Forest Degradation Index (RFDI) as the response variables (see Mitchard et 

al., (2012)).  The RFDI was calculated as in Eq. (4.2) and both ratio response 

variables were calculated in the power domain. 

RFDI = 
     

     
                  (4.2)

                 

A polynomial relationship between AGB and backscatter was also investigated; 

however the second degree polynomial term for AGB was not significant in any of 

the models in Table 4.2. Transformation of the explanatory variable (AGB) by 

natural log did not result in an improvement to the R
2
 value for any of the models in 

Table 4.2; therefore all subsequent analyses were performed using the un-

transformed data.   

Table 4.2: Fitted parameters (± std. error) for each backscatter-AGB model with associated  

regression statistics. 

Response Variable a b(AGB) R
2
 P value 

HH -8.034 ± 0.469 -0.017 ± 0.004 0.45 0.000 

HV -16.344 ± 0.420 -0.002 ± 0.004 0.01 0.616 

HH/HV 6.804 ± 0.638 -0.016 ± 0.005 0.29 0.005 

RFDI 0.744 ± 0.030 -0.001 ± 0.000 0.43 0.000 

 

No significant relationship was found between AGB and HV backscatter (Table 4.2 

and Fig. 4.3b.).  The dynamic range of the HV response to changes in AGB was 

extremely small with a difference of just ~1 dB between the lowest and highest plot 

AGB estimates (Fig. 4.3b).  The strongest relationship was found between AGB and 

σ
0

HH (R
2
 = 0.45) with HH backscatter decreasing as a function of increasing AGB 

(Fig. 4.3a).  In contrast to the HV response, HH backscatter differed by > 4 dB 

between the lowest and highest plot AGB values (Fig. 4.3a.).  There was 

considerable variability in HH backscatter (~ 6 dB) at the lower range of AGB (8 – 

100 Mg ha
-1

), however this was in part due to the two data-points displaying 

relatively low HH backscatter (~ 12 dB) at AGB of < 100 Mg ha
-1

 (Fig. 4.3a).  The 

model using the RFDI as the response variable had a similar R
2
 to that of the model 

using σ
0

HH (Table 4.2); however this was due to the decline in HH backscatter with 

increasing AGB and the relatively invariant response of the HV backscatter.  As the 

relationship between the ratio response variables (HH/HV and RFDI) and AGB was 
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entirely driven by the HH response further analyses used the HH-AGB relationship 

only.   

 

Fig. 4.3. Relationship between L-band HH and HV backscatter (σ
0
 in dB) and ground-based 

estimates of plot AGB (Mg ha
-1

).  The solid black line in (a) represents the ordinary least squares 

regression line.  The dashed red lines in (a) are the 95% confidence interval of the regression line.  

The fitted relationship between σ
0

HH
 
and AGB was re-arranged to predict AGB from 

σ
0

HH as:   

AGB = (σ
0

HH + 8.034) / -0.017                 (4.3)

                                                                          

The uncertainty on predictions of AGB using Eq. (4.3) had a root mean square error 

(RMSE) of 76.6 Mg ha
-1

.  Fitted AGB was negative for the five plots with values of 

σ
0

HH greater than the fitted intercept (Fig. 4.3a.).  Replacement of these negative 

values with zero reduced the RMSE by ~18% to 64.4 Mg ha
-1

.  Relatively high 

RMSE values are not un-expected given that eight of the 25 data-points used to fit 

the regression fell markedly far from the line of best fit and are not encompassed by 

the 95% confidence interval of the regression line (Fig. 4.3a.).  
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4.3.2 Application of regression equation to SAR data 

Prior to the application of Eq. (4.3) for the purpose of predicting mangrove AGB 

along the entire Kenyan coastline; SAR scenes (HH polarisation) were re-sized to 

100m resolution in order to reduce speckle in the SAR data.  Application of Eq. (4.3) 

was constrained to σ
0

HH values within the limits of the empirical relationship 

between AGB and HH backscatter.  Therefore values of σ
0

HH exceeding -8.034 dB 

(the intercept) were constrained to be -8.034 and values of σ
0

HH
 
below -13.14 dB (the 

lowest HH response from the field plots) to be -13.14 during analysis.  The resulting 

AGB map had values of predicted AGB between 0 and 297 Mg ha
-1

. 

4.3.3 Exclusion of non-mangrove areas 

Areas of mangrove forest along the Kenyan coastline were delineated using nine 

high resolution (2.5m) SPOT-5 images acquired during 2010-2011.  Medium 

resolution (30m) Landsat data acquired during the same time period were used to fill 

two small gaps in the SPOT data coverage.  All optical data were almost entirely 

cloud free.  Object-oriented image analysis techniques (eCognition Developer 64 

software, Trimble) were applied to obtain a map showing mangrove extent.  This 

map included different mangrove species and areas of varying densities, but 

excluded areas of sand and mud banks.  In the absence of sufficient field 

observations along the entire coastline, the classification accuracy was assessed by 

means of visual inspection.  Apart from small patches obscured by cloud and 

therefore excluded from the mangrove extent map; a few minor classification errors 

were detected.  These included both errors of omission and commission but were 

estimated to affect < 2% of the total mangrove area along the Kenyan coastline.   

The resulting mangrove extent raster file was used to exclude all non-mangrove areas 

from SAR scenes.  The SAR-derived AGB map was transformed into an equal area 

sinusoidal projection prior to extracting estimates of mean (Mg ha
-1

) and total (Mt) 

mangrove AGB for each region and for Kenya as a whole (Table 4.3).  Figures 4.5 to 

4.7 display maps of AGB for mangroves in the Gazi Bay, Mida Creek, Kiunga NMR 

and South Lamu regions at a spatial scale of 1ha.   
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4.3.4 Uncertainty at the regional and national level 

The uncertainty on predictions of AGB using Eq. (4.3) is given by the RMSE of the 

regression (64.4 Mg ha
-1

) and is applicable at a spatial scale of ~ 0.27 ha (the mean 

size of the field plots).  The uncertainty of the SAR-derived AGB predictions at a 

spatial scale of 1ha (ɛpixel) was estimated using the methodology outlined in Saatchi 

et al., (2011b) and calculated as: 

ɛ      
       

√ 
                           (4.4)

                                 

where N in this study is the total number of 0.27ha
 
plots contained within a 1 ha pixel 

(i.e. 1/0.27 = 3.7 plots per 1 ha pixel) and RMSEREG is the RMSE of the regression.  

Using Eq. (4.4) the mean uncertainty of the SAR-derived AGB prediction for an 

average 1ha pixel (ɛpixel) was 33.5 Mg ha
-1

. 

The total uncertainty in the SAR-derived AGB predictions at the regional and 

national level (Table 4.3) is comprised of 1) the uncertainty of the ground-based 

estimates of AGB for the field plots (ɛ1) and 2) the uncertainty in the backscatter-

AGB relationship (ɛ2).  The uncertainty in the estimated AGB for each plot as given 

in Cohen et al., (2013) (which is inclusive of measurement and allometric 

uncertainty) was used to provide an approximate 95% confidence interval for each of 

the field plots.  The mean 95% confidence interval across all field plots (~ 18% of 

the estimated AGB) was taken to represent the proportional contribution of ɛ1 to the 

total uncertainty.  As many elements contained within the ground-based AGB 

estimates are potential biases ɛ1 was conservatively assumed to be independent of 

spatial scale.  To estimate ɛ2 (which is the random error in prediction and was 

assumed to reduce with increasing spatial scale) Eq. (4.4) was applied where 

RMSEREG is now the RMSE for an average 1ha pixel as calculated above and N is 

the total number of 1ha pixels (i.e. the total mangrove cover (ha) shown in Table 4.3) 

at the regional or national level.  

The estimated regional and national values of ɛ2 (Mg ha
-1

) were then calculated as a 

percentage of the corresponding SAR-derived estimates of mean AGB (Mg ha
-1

) 

(Table 4.3).  Estimated values of ɛ2 decrease as N increases and therefore the 
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proportional contribution of ɛ2 to the total uncertainty is very small at the regional 

and national scale, ranging between 0.2 and 1.7% for South Lamu and Kilifi region 

respectively with a value of 0.1% at the national level.  Finally ɛ1 and ɛ2 were 

summed to provide an estimate of the total uncertainty (%) of the SAR-derived 

predictions of mean and total AGB at the regional and national level (Table 4.3).  It 

should be noted that this approach to uncertainty propagation assumes that the 

various sources of random and systematic errors are uncorrelated.   

Table 4.3: SAR-derived estimates of mean AGB (Mg ha
-1

) and total AGB  

(Mt ± % uncertainty) for each mangrove region and Kenya as a whole.
a 
  

Region Total Cover 

(ha) 

Mean AGB  

(Mg ha
-1

) 

Total AGB  

(Mt ± % uncertainty) 

Gazi Bay 588.3 145.2  0.09 ± 19.4 

Mida Creek 1657.7 127.4 0.21 ± 19.1 

Mtwapa Creek 512.9 111.3 0.06 ± 19.8 

Mwache 2652.5 142.7  0.38 ± 18.9 

Vanga 3441.7 132 0.45 ± 18.9 

South Coast 2256.1 125.7           0.28 ± 19 

South Lamu 26277 104.2  2.74 ± 18.6 

Kiunga NMR 4772.9 124.2 0.59 ± 18.8 

Kilifi 670.5 74.5  0.05 ± 20.2 

Tana River 3362 134.1  0.45 ± 18.9 

Kenya  46,261.4 114.9   5.32 ± 18.6 
a
 1 Megatonne (Mt) = 1 million tonnes.  Estimates of total mangrove cover (ha) were  

obtained using the SPOT imagery detailed in section 4.3.3. 

 

The estimates of AGB shown in Table 4.3 were derived using a subset of the data 

from Cohen et al., (2013) therefore it is not possible to make an independent 

comparison between the SAR-derived regional and national estimates of AGB 

presented here with those given in Cohen et al., (2013), derived using a ground-based 

up-scaling approach.  Bearing this caveat in mind, a tentative comparison between 

the two approaches indicates that at the national level there is some degree of overlap 

between the uncertainty limits of the ground-based estimate (5.4 and 7.2 Mt) and the 

upper limit of the SAR estimate (6.3 Mt).  At the regional level (see Fig. 4.4) the 

estimates of mean AGB vary considerably between the two approaches: the SAR-

derived estimate of mean AGB is higher than the ground-based estimate for all 

regions except South Lamu and Kiunga, for which it is lower.  For most regions, 

there is some overlap in the lower and upper uncertainty bounds of the ground-based 
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and SAR-derived estimates and in the case of South Coast and Vanga there appears 

to be a particularly close correspondence in the estimates derived using the two 

approaches.  There is however, a marked difference between the ground-based and 

SAR-derived AGB estimates for the regions Mida Creek and Kiunga which show no 

overlap in the estimated uncertainty bounds.  

 
Fig. 4.4: Ground-based vs. SAR-derived estimates of mean AGB (Mg ha

-1
 ± uncertainty) for each 

mangrove region.  The ground-based estimates (± 95% prediction interval) were obtained as described 

in chapter 2, section 2.2.3.5 and are as shown in Fig. 2.8.  Uncertainty around the SAR-derived 

estimates is the proportional uncertainty as calculated in section 4.3.4 and given in Table 4.3 above. 
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Fig. 4.5. SAR-derived mangrove AGB map for the Gazi Bay and Mida Creek regions.  Pixel size = 100m.          



 

88 
 

 

 

                          Fig. 4.6. SAR-derived mangrove AGB map for Kiunga National Marine Reserve (NMR).  Pixel size = 100m. 
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               Fig. 4.7. SAR-derived mangrove AGB map for the South Lamu region.  Pixel size = 100m.



 

90 
 

4.4 Discussion 

4.4.1 Backscatter-mangrove AGB relationship  

The current study provides an evaluation of the relationship between L-band SAR 

(ALOS PALSAR) and AGB in Kenyan mangrove forests.  Despite the limited 

number of ground data points (n = 25 plots) there was an observable relationship (R
2
 

= 0.45) between L-band HH and AGB with σ
0

HH found to decrease as a function of 

increasing AGB.  This allowed for the estimation of mangrove AGB along the entire 

Kenyan coastline (e.g. Figs. 4.5 to 4.7).   

The nature of the backscatter-AGB relationship in this study is somewhat unexpected 

given that most previous studies using L-band SAR for AGB retrieval found a 

positive backscatter-AGB relationship (for HH and HV) and that L-band in HV 

polarisation provides the greatest sensitivity to changes in AGB (e.g. Mitchard et al., 

2012; Mitchard et al., 2009; Morel et al., 2011; Mougin et al., 1999; Ryan et al., 

2012).   

A reduction in L-band HH backscatter within tall stature high biomass mangrove 

stands dominated by Rhizophora sp. in Australia has previously been observed by 

Lucas et al., (2007).  However, neither Mougin et al., (1999) nor Carreiras et al., 

(2012) report a similar reduction in L-band backscatter at high AGB for mangroves 

in French Guiana and Guinea-Bissau respectively.  This is illustrative of the general 

point that SAR systems do not respond directly to AGB and highlights the 

importance of considering the influence of forest structural variation when 

interpreting SAR backscatter from forests (Mitchard et al., 2009; Woodhouse et al., 

2012).    

In the current study there is a pattern of increasing mean tree height with AGB 

(Table 4.1) and a reduction in σ
0

HH with increasing height (and AGB).  In addition, 

the plots with the highest estimated AGB were dominated by R. mucronata (e.g. see 

Table 4.1 plots 12, 14, 16 and 20) and as such were typified by highly complex prop 

root systems (e.g. Fig. 4.2a).  Therefore, it seems reasonable to suggest that the 

decrease in σ
0

HH with increasing AGB observed in the current study is attributable to 

greater attenuation of the radar signal by a comparatively dense canopy layer and by 
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the complexity of the root structure beneath the canopy (Held et al., 2003; Lucas et 

al., 2007).  Indeed, Lucas et al., (2009) used the observed decrease in L-band HH 

within Rhizophora dominated forest as a basis for classifying mangroves in Australia 

and Belize into high biomass forests (defined in their study as > 10m in height and 

AGB > ~ 100 – 120 Mg ha
-1

) with prop roots from those without prop roots and 

found good correspondence with the results from previous mapping studies in the 

same regions.   

Backscatter at L-band is generally expected to be comparatively lower at lower AGB 

levels as forest components of a smaller magnitude to that of the wavelength 

attenuate the signal (Lucas et al., 2007; Proisy et al., 2002).  However, in this study 

σ
0

HH was found to be higher at lower AGB (< ~ 50 Mg ha
-1

).  A possible explanation 

for this may be that in small stature or more open forests (with typically lower AGB) 

microwaves at longer wavelengths (e.g. L-band) are more likely to interact directly 

with the underlying surface as there is less attenuation of the incident signal by the 

canopy (e.g. see Fig. 4.2c).  In mangroves the ground surface (mud or sand) can be 

either inundated with water or can be expected to have high moisture content due to 

recent tidal inundation.  In addition standing pools of water are a common feature in 

mangroves as is the presence of water in mangrove creeks even at low tide.   

Direct scattering from wet and/ or rough ground surfaces and increased double-

bounce interactions between the vegetation and ground can result in enhanced 

backscatter particularly at HH polarisation because such scattering mechanisms do 

not produce strong depolarisation of the incident signal (Lucas et al., 2010; Mougin 

et al., 1999; Wang and Imhoff, 1993).  Indeed, Lucas et al., (2007) observed an 

increase in σ
0

HH within short stature Ceriops dominated mangrove in Australia which 

they attributed to greater double-bounce interactions.  For mangroves in French 

Guiana, Mougin et al., (1999) found a high ratio of HH/HV backscatter at AGB 

levels < 140 Mg ha
-1

 suggesting that at low to moderate levels of AGB σ
0

HH can 

dominate the total SAR response if the structure of the forest and the underlying 

ground conditions are such that strong double-bounce effects and surface scattering 

occur. 
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High surface moisture conditions can enhance σ
0

HH and σ
0

HV by as much as 4 and 2.5 

dB respectively (Lucas et al., 2010) however, this enhancement factor is largely 

moderated by the level of canopy attenuation (Proisy et al., 2002) and thus becomes 

less pronounced at high AGB levels (Lucas et al., 2010; Quiñones and Hoekman, 

2004).  Moisture conditions at the time of ALOS PALSAR data acquisition in this 

study are not known but presumably have influenced to some degree the magnitude 

of σ
0

HH backscatter at lower AGB levels.  However, the higher σ
0

HH response at low 

biomass observed in the current study is also a feature of the forest structure.  Proisy 

et al., (2002) found that σ
0

HH was enhanced by 3.4 dB in open versus closed 

mangrove forests in French Guiana which were not tidally inundated at the time of 

AIRSAR data acquisition.  In this study, the plots with the lowest AGB are short 

stature (mean tree height < 5m) Ceriops or Avicennia forest with a ground surface 

characterised by knee roots (Ceriops forest) and numerous pneumatophores 

(Avicennia forest) (see Fig. 4.2c and d).  These conditions can be expected to 

produce increased surface and double-bounce scattering and hence an increase in 

σ
0

HH (Lucas et al., 2007).  An exception to the overall pattern of higher σ
0

HH at lower 

AGB levels is apparent in the case of plot 5 (Table 4.1 and Fig. 4.2d) which has a 

σ
0

HH value of -7.8 dB and an estimated AGB of ~153 Mg ha
-1 

and as such is 

positioned far from the regression line shown in Fig. 4.3a.  The presence of large 

trees in combination with a relatively open structure and high surface roughness (i.e. 

pneumatophores and dead downed wood shown in Fig. 4.2d) could possibly explain 

the high σ
0

HH from this area.  However, given the negative relationship between σ
0

HH 

and AGB in this study; the high σ
0

HH response from this plot indicates that 

predictions of AGB made using the current model may, in some cases result in an 

underestimation of the AGB held in similarly structured mangrove forests.   

The insensitivity of L-band HV to changes in AGB (Fig. 4.3b) was surprising as the 

HV signal is less influenced by surface conditions and is increasingly dominated by 

volume scattering from vegetation as AGB increases and is therefore usually more 

sensitive than HH to changes in AGB until saturation at high AGB occurs (Luckman 

et al., 1997; Mitchard et al., 2012).  There is clearly a difference in forest structure 

(Fig. 4.2a and c) over the range of sampled AGB (~ 7 to 254 Mg ha
-1

) which is 

evident in the σ
0

HH response; therefore it seems unlikely that the invariant response 
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of HV in this study can be attributed to homogeneity in forest structure over the 

range of AGB.  A possible explanation may be that for the lowest AGB plots which 

were either characterised by open short stature (Fig. 4.2c) or dense short stature (Fig. 

4.2b) mangroves the HV signal was largely influenced by double-bounce interactions 

with volume scattering contributing less to the overall signal due to the presence of 

smaller trees (Kovacs et al., 2008; Proisy et al., 2002).  However, with increasing 

AGB the reduction in double-bounce interactions was not sufficiently compensated 

by an increase in volume scattering (due to greater attenuation by the more complex 

canopy and root structure) to produce a perceptible gradient of change in the HV 

signal. 

4.4.2 Evaluation of SAR-derived AGB estimates  

This study represents the first attempt at using ALOS PALSAR to map mangrove 

AGB along the entire Kenyan coastline.  The uncertainty of the SAR-derived 

estimates of mangrove AGB is high at the scale of an average 1 ha pixel (33.5 Mg 

ha
-1

) and reflects the underlying uncertainty in the relationship found between σ
0

HH 

and AGB in this study which, in turn, is reflective of the variable influence of factors 

such as forest structure, moisture and ground conditions on the SAR response.  

Therefore caution should be applied when considering the detailed AGB maps 

presented in Figs. 4.5 to 4.7, particularly as there are no existing spatially equivalent 

AGB mapping studies with which to validate these results.   

The proportional uncertainty of the SAR-derived AGB estimates at the regional and 

national scale accounts for the uncertainties associated with the ground-based 

approach to AGB estimation and the random errors associated with spatial and 

structural heterogeneity and geolocation errors which decrease as a function of 

increasing spatial scale (Mitchard et al., 2012; Saatchi et al., 2011b).  The overall 

uncertainty on predictions at the regional and national scale is reasonably well 

constrained (~ 18 to 20%) and is comparable to the 25% uncertainty on estimated 

AGB stocks (derived using ALOS PALSAR) reported by Mitchard et al., (2012) for 

a large area (~ 50,000 ha) of forest-savanna mosaic in Gabon.   
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The SAR-derived estimate of mean AGB for Kenyan mangroves (114.9 Mg ha
-1

) 

provided in this study is comparable to the estimate of 119 Mg ha
-1

 from Fatoyinbo 

and Simard (2013) derived using optical (Landsat), space-borne LiDAR (ICESat 

GLAS) and Shuttle Radar Topography Mission (SRTM) data.  However, the SAR-

derived estimate of total mangrove AGB for Kenya produced in the current study 

(5.32 Mt ± 18.6%) is considerably higher than that of the 2.29 Mt estimated by 

Fatoyinbo and Simard (2013).  The main reason for this disparity in estimates 

appears to be the substantial difference in estimated total mangrove cover between 

the two studies.  The mangrove cover estimate of 19,200 ha given by Fatoyinbo and 

Simard (2013) for Kenya is considerably lower than the estimate of > 46,000 ha 

provided in this study and is also considerably lower than other previous estimates of 

Kenyan mangrove cover (FAO, 2007; Kirui et al., 2012). 

In the absence of any previous independent estimates of mangrove AGB at the 

regional scale the SAR-derived estimates provided here are compared with those 

obtained in chapter 2 using the ground-based approach (Table 4.3 and Fig. 4.4).  In 

addition to the appreciable difference in the estimated mean AGB for most regions 

(except South Coast and Vanga) the relative ordering of regions in terms of the level 

of AGB held within each also appears to differ between the two approaches.  For 

example, the SAR approach estimates that the mean AGB found within mangroves in 

Mida Creek is higher than that of South Lamu in contrast to the ground-based 

approach where the reverse is seen (Fig. 4.4).   

A possible explanation for the difference between the estimates derived using the 

two approaches is that the SAR-based approach may be expected to capture the 

spatial variability in AGB more fully at larger spatial scales.  For regions where there 

is limited field data available (e.g. Mida Creek) the SAR-derived estimate could 

therefore be more regionally representative.  However, the comparatively lower 

SAR-derived estimate of mean AGB for South Lamu and in particular Kiunga NMR 

may not adequately reflect the level of mangrove AGB held within these regions.  

This indicates that further investigation of the backscatter-AGB relationship for 

Kenyan mangroves is warranted. 

 



 

95 
 

4.4.3 Recommendations for further study 

Given the unexpected nature of the relationship between L-band SAR and AGB 

found in this study and the limited number of ground data used to derive the 

relationship it is strongly recommended that the findings of the current study be 

validated against new data.  The collection of new ground data (wherever possible) 

should focus on increasing the size of field plots to 0.5 or preferably 1 ha as this has 

been found to increase the strength and reduce the uncertainty of the backscatter-

AGB relationship (Morel et al., 2011; Saatchi et al., 2011a).  It has previously been 

recommended by Lucas et al., (2010) that ALOS PALSAR data be acquired during 

periods of low moisture conditions (surface and vegetation) in order to increase 

sensitivity to AGB.  Some of the uncertainty in the backscatter-AGB relationship in 

this study is presumably due to the varying influence of moisture at the time of SAR 

data acquisition on the magnitude of the backscatter.  However, future efforts to 

acquire ‘low moisture’ space-borne SAR data over mangrove areas will be 

challenging due to the need to align satellite observation strategies with variable 

local tidal regimes.   The benefits of integrating existing space-borne SAR and 

LiDAR data (e.g. ALOS PALSAR and ICESat GLAS) for the purpose of estimating 

forest AGB at large spatial scales has previously been demonstrated by Mitchard et 

al., (2012) and the potential use of such a data synergy should be investigated for 

mangroves.   
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5. Discussion 

This thesis has focused on producing estimates of the current above-ground (AGB) 

stocks of Kenyan mangrove forests and quantifying the uncertainty associated with 

these estimates.  The two approaches to AGB estimation detailed and demonstrated 

in this study (ground and remote sensing) are necessarily linked.  Indeed the ground 

based estimation process is the foundation on which remote sensing efforts to 

monitor biomass dynamics are built.  Therefore, this thesis has placed great emphasis 

on the need to develop statistically robust methodologies for modelling allometric 

relationships and for propagating components of uncertainty to estimates of AGB 

made using allometric models.  Consequently, the ground-based estimates of AGB 

used in the radar remote sensing approach to AGB estimation were fully inclusive of 

the uncertainty associated with the measurement of inventoried trees and the 

uncertainty associated with the use of the allometric model. 

5.1 Ground-based approach to biomass estimation 

One of the key strengths of adopting the mixed-effects approach to modelling the 

allometric relationship of Kenyan mangroves in chapter 2 was the ability to account 

for and explicitly model the variability in the relationship due to species and site 

effects.  In this study, between-group variability in the intercept and the slopes of the 

predictive variables stem diameter and tree height (the random effects terms) 

accounted for 41% of the total variability in mangrove AGB.  It is therefore not 

surprising that excluding the random effects (from the mixed-effects model) during 

the biomass estimation process consistently had the largest impact on the magnitude 

of the predicted uncertainty in chapter 3.  Another key strength of using the mixed-

effects modelling approach was the ability to generate robust partial pooling 

estimates of the regression parameters and their uncertainties.  Indeed, chapter 3 

illustrated the potential for producing unrealistically low estimates of uncertainty as a 

result of using an allometric model which ignores the structural complexity (i.e. 

correlations) of the underlying data used to fit the model (e.g. the standard OLS 

model in this study).   
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Previous mangrove biomass studies conducted in Kenya have produced allometric 

equations for selected species at a few sites along the coast.  Whilst such equations 

are useful for some purposes; their application outwith the species and/or sites for 

which they were developed involves ignoring the uncertainty due to species and site 

variability in the allometric relationship.  In contrast, the generic biomass equation 

developed in chapter 2 has the potential for broad application to existing or future 

mangrove inventory data collected in Kenya as it can be used to predict the AGB of 

new trees where there is no pre-existing knowledge of the specific species-site 

allometric relationship.  However, it is important to note that simply applying the 

fixed effects estimates (i.e. the generic equation) from Model VIII to estimate AGB 

without propagating the uncertainty due to the random effects (as detailed in chapter 

2, section 2.2.3.4) would produce the kind of under-estimation of uncertainty 

illustrated in chapter 3 (Fig. 3.3) and would in effect negate one of the main purposes 

of using the mixed-effects model. 

The simulation-based methodology for uncertainty propagation described in chapter 

2 allowed for measurement, parameter and residual uncertainty to be propagated to 

tree, plot and regional scale estimates of AGB.  In this way resulting estimates of 

AGB at all spatial scales were accompanied by a realistic measure of uncertainty.  

The regional estimates of mean and total AGB (± 95% PIs) produced in chapter 2 

represent the most comprehensive attempt to date at summarising current mangrove 

AGB stocks within Kenya.  The ground-based approach used in this study estimated 

the mean AGB of mangroves in Kenya to be ~ 116 to 154 Mg ha
-1

.  This range 

encompasses the only other published estimate (to the best of the authors’ 

knowledge) of mean AGB for Kenyan mangroves of 119 Mg ha
-1

 (Fatoyinbo and 

Simard, 2013). 

In considering how best to further constrain the uncertainty of the estimates of 

mangrove AGB produced in this study there are a variety of issues to address.  The 

presence of large trees within the current inventory dataset had a substantial impact 

on the magnitude of the predicted uncertainty (chapter 2 and chapter 3).  

Furthermore, a large proportion of the total AGB of inventoried trees is often held 
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within relatively few large trees (Brown et al., 1995; Ryan, 2009).  It is therefore 

important to constrain the uncertainty of estimates of AGB for large trees.   

In this study, the greater uncertainty in estimating the AGB of large trees (using 

Model VIII) is in large part reflective of the limited availability of large tree harvest 

data with which to fit the model.  Therefore, any future harvesting of mangroves in 

Kenya (for the purpose of constructing allometric models) should focus on collecting 

harvest data for large diameter trees.  In the current study limited harvest data for 

Xylocarpus sp. were obtained from a study conducted in South-East Asia by 

Poungparn et al., (2002).  Thus future harvesting of mangroves for allometric studies 

in Kenya should also prioritise the collection of data from species for which there is 

currently no existing harvest data namely; Xylocarpus granatum, Xylocarpus 

moluccensis, Lumnitzera racemosa and Heritiera littoralis.  Current harvest 

protocols as summarised in Chapter 2, section 2.2.2 can be applied (including the 

random selection of individuals harvested from the range of diameter size classes 

present) with slight modification to include the measurement of stem diameter above 

buttress roots (in the case of X. granatum and H. littoralis) if these occur > 1.3m 

above-ground level. 

Future harvesting protocols for mangroves in Kenya should also consider sampling 

the wood density of all harvested trees following the protocols for measurement and 

calculation of wood density outlined in Williamson and Wiemann, (2010).  Previous 

studies have found wood density to be an important explanatory variable in 

allometric models (Chave et al., 2005; Komiyama et al., 2008) and the inclusion of 

wood density data within allometric models for Kenyan mangroves could prove 

useful in explaining some of the variance which is attributed to the random effects in 

the current model.  Wood density varies at the species level (between and within 

species), at the site level and at the single tree level between different parts of the 

same tree (Chave et al., 2006; Sarmiento et al., 2011).  Thus, future harvesting 

protocols could consider sampling the wood density from stem, branch and possibly 

prop root (in the case of Rhizophora sp.) tree components.  However, any subsequent 

allometric model incorporating wood density data (from one or more of these tree 

components) as a predictive variable would have to be developed with attention to 
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how the resulting AGB equation(s) could be practically applied to forest inventory 

data and how the collection of wood density data could be integrated within 

mangrove forest inventory protocols.  Other covariates which could potentially be of 

use in future allometric modelling studies for Kenyan mangroves include indicators 

of site condition such as soil nutrient availability, salinity and stocking density.  

Future work could also explore the use of alternative approaches to modelling the 

distribution of the variance such as non-linear mixed-effects models or Bayesian 

hierarchical models. 

The methodology used to derive AGB estimates in this study is in line with the IPCC 

requirements and criteria for higher tier (Tier 2 and 3) reporting of carbon pools 

(IPCC, 2006; Maniatis and Mollicone, 2010).  It is anticipated that the allometric 

model and methodology for biomass estimation presented in chapter 2 could be 

utilised within an MRV program for long term monitoring of mangrove AGB stocks 

in Kenya.  In particular the methodology for biomass estimation in chapter 2 could 

support an MRV program based on estimating changes in AGB carbon pool stocks 

using the ‘Stock-Difference’ method which estimates the difference in carbon stocks 

between two time points (IPCC, 2006).  For this purpose it might be advisable to 

establish a network of permanent sample plots (PSPs) within mangroves along the 

coastline (according to some stratification system), although the continued 

representivity of these plots would need to be monitored through time.   

In the current study, mangroves along the entire Kenyan coastline were subdivided 

into spatially discrete ‘regions’ in order to achieve the main objective of providing a 

national-scale assessment of current AGB stocks.  This type of geographical sub-

division was also necessary as it allowed for the collation and use of a large amount 

of forest inventory data collected by other studies which employed different 

sampling strategies.  The resulting estimates of mean and total mangrove AGB 

obtained in chapter 2 for each region and for Kenya as a whole were reasonably well 

constrained.  However in order to increase representivity it is recommended that 

further inventory data be collected in areas where there is either no existing current 

inventory data or there is limited inventory data available (e.g. Mida Creek and 

Lamu). 
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An alternative approach to sub-dividing or stratifying mangroves along the Kenyan 

coast which would perhaps be more suited to the long-term monitoring of AGB 

stocks (and other carbon pools) within PSPs and may ensure greater structural 

representivity would be to stratify mangroves by physiographic and physiognomic 

type (i.e. fringe, riverine, basin, overwash and dwarf mangrove) as described by 

Lugo and Snedaker (1974).  This would enable the reporting of AGB stocks by 

mangrove type rather than by location alone.  In many cases, further subdivision of 

these generalised mangrove types may be warranted and could involve the 

establishment of representative PSPs at different distances from the seaward edge 

(Kauffman and Donato, 2012).   

Conducting forest inventories within mangroves can be challenging as mobility is 

often extremely difficult due to the combination of thick mud, high density of tree 

stems and above-ground root structures which are characteristic features of the 

mangrove environment.  In addition, the time available to conduct inventories is 

often severely constrained due to the prevailing tidal regime.  Such conditions often 

restrict which mangrove areas can be accessed for inventory and are the main reason 

why the size of plots used in mangrove studies tends to be small (e.g. 10m x 10m).  

Indeed, in the current study although all efforts were made to limit bias in the 

positioning of field plots for the collection of inventory data (i.e. random selection of 

map grid squares) some areas initially identified for sampling were simply 

inaccessible given the time and resources available.  Furthermore, in this study the 

time taken to establish and census plots of 0.25 and 0.5 ha in size often meant that 

data collection was undertaken under conditions of incoming tide in order to 

complete the census of a single large plot within the same day.  Whilst such 

conditions (although undesirable) did not preclude the collection of tree stem 

diameter and height data required for this study; the time taken to establish (and 

ensure the accurate establishment of) such large plots would not be practicable if data 

collection required low tide conditions (e.g. the collection of soil data).   

There is no universally applicable protocol which can be adopted for the inventory of 

mangrove carbon stocks as decisions on how best to stratify the mangrove 

environment and determine the most appropriate sampling strategy will largely 
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depend on the overall objectives and scope of the study.  If the main focus is to 

provide an estimate of current AGB stocks only (as in this study) then the use of 

larger plots is advisable in order to reduce the influence of the uncertainty in 

estimates of large tree AGB on the overall uncertainty of plot AGB (chapters 2 and 

3).  Increasing the size of plots is also essential where any kind of remote sensing 

based approach to AGB estimation is sought (chapter 4).  Depending on the 

stratification system in use, the requirement for larger plot sizes may introduce some 

degree of sampling bias as often the area over which mangrove forest structural 

change takes place is very small and therefore finding relatively homogeneous ‘units’ 

of forest of a size large enough to accommodate a 0.5 or 1 ha plot may not be 

possible in some areas of mangrove.  However, this is largely unavoidable if study 

objectives necessitate the use of large plot sizes.  In addition, if there has been 

appropriate stratification at the broad-scale (i.e. regional or national scale) and 

sufficient sampling is undertaken within each stratum overall then any such sampling 

bias should, in theory not result in a failure to adequately capture or characterise the 

variation in whatever forest feature is of interest (e.g. variation in AGB).  

If in the future the main study objective became that of providing an estimate of total 

mangrove carbon stocks (involving the estimation, reporting and long-term 

monitoring of all five forest carbon pools) then a more appropriate inventory 

protocol could involve the establishment of smaller PSPs (according to a pre-defined 

stratification system) and the use of a nested sampling design to measure all carbon 

pools within each PSP similar to that recommended by Kauffman and Donato 

(2012).  This type of inventory approach could also involve the establishment of a 

larger 0.5 ha surrounding plot in which to measure large diameter trees if the 

conditions and/or study objectives required it (Kauffman and Donato, 2012). 

In the current study there was some inconsistency in inventory protocol between 

studies included in this thesis in terms of diameter measurement thresholds with 

some studies measuring all trees ≥ 2.5 cm diameter and some measuring ≥ 5 cm.  

Given the disproportionate contribution of large diameter trees to estimates of total 

AGB (Brown et al., 1995; Ryan, 2009) the degree of possible under-estimation of 

AGB in this study due to excluding those trees < 5 cm in diameter is likely 
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negligible.  Thus future inventory studies conducted for the purpose of AGB 

estimation should consider standardising diameter measurement thresholds at ≥ 5cm 

or above in an effort to prioritise time and resources on those trees holding the 

greatest proportion of AGB.   

5.2 Remote sensing based approach to biomass estimation 

This study represents the first attempt at using SAR for the retrieval of mangrove 

AGB in East Africa.  Despite the limited number of ground data points available in 

this study there was an observable relationship (R
2
 = 0.45) found between σ

0
HH and 

mangrove AGB.  This relationship was used to map mangrove AGB along the 

Kenyan coastline and to produce estimates of mean and total AGB for each 

mangrove region and for Kenya as a whole (chapter 4). 

The nature of the relationship between σ
0

HH and mangrove AGB found in this study 

was unexpected given that previous studies have found a positive backscatter-AGB 

relationship and that L-band in HV polarisation generally provides the greatest 

sensitivity to changes in AGB (Mitchard et al., 2009; Mougin et al., 1999).  The 

negative relationship between σ
0

HH and mangrove AGB found in this study can 

possibly be attributed to enhanced backscatter at lower AGB due to strong double-

bounce and direct surface scattering from short stature/open forests and attenuation 

of the SAR signal at higher AGB.  The insensitivity of σ
0

HV to changes in AGB is 

likely attributable to a reduction in scattering from double-bounce interactions with 

increasing AGB which was not sufficiently compensated by an increase in volume 

scattering (i.e. signal losses evened out signal gains).  Whilst these mechanisms may 

explain the SAR response (σ
0

HH and σ
0

HV) observed in this study; it is important to 

bear in mind that the resulting empirical HH-AGB relationship is based on a limited 

number of ground data points and therefore may not fully represent the backscatter-

AGB relationship for mangroves in Kenya.  In order to validate and reduce the 

uncertainty in the backscatter-AGB relationship found in this study it is strongly 

recommended that more field data be collected from all mangrove regions.   

Despite the large inventory dataset of 498 plots collated for use in this thesis only the 

25 larger plots (0.25 and 0.5 ha plots) were found to be utilizable in the SAR 
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analysis.  Therefore future attempts to validate the radar-derived estimates of AGB 

presented in this study should focus on the collection of inventory data from plots of 

a minimum size of 0.25 ha and if possible should try to increase plot sizes to 0.5 or 1 

ha.  This requirement for larger plots could be aligned with efforts to establish a 

network of mangrove PSPs for carbon monitoring.  The availability of new field data 

would provide an interesting opportunity to further investigate the backscatter-AGB 

relationship for Kenyan mangroves utilising data acquired by JAXA’s ALOS-2 L- 

band SAR system (1 to 3 m resolution on the ground) recently launched in May 

2014.  Furthermore, ESA’s Biomass satellite scheduled for launch in 2020 will 

employ P-band synthetic aperture polarimetric radar (~ 68 cm wavelength) for the 

explicit purpose of measuring and monitoring the AGB of forests globally and 

NASA’s ICESat-2 mission due for launch in 2017 will operate a space-borne LiDAR 

system for the same purpose.   

The data from such missions, in particular the P-band SAR and LiDAR data will be 

provided free of charge to the user through ESA and NASA respectively and their 

potential use (perhaps in synergy) for the long-term monitoring of global forest 

biomass dynamics is promising.  However, it must be noted that the use of such earth 

observation (EO) data are comparatively more complex than that of more commonly 

used optical systems; therefore the use of SAR and LiDAR data for AGB estimation 

within many developing nations may be hampered by the lack of in-country capacity 

required for the processing, analysis and interpretation of EO data (Cassells et al., 

2011).   

At the national scale the SAR-derived estimate of mean and total mangrove AGB 

obtained in chapter 4 was broadly consistent with the corresponding estimates 

derived using the ground-based statistical up-scaling approach in chapter 2.  

However, at the regional scale there was a noticeable divergence in the SAR vs. 

ground-based estimates.  In particular there was considerable difference between the 

SAR-derived estimate of mean AGB for the regions Mida Creek and Kiunga NMR 

which were substantially higher and lower respectively than the ground-based 

estimates and showed no overlap in the estimated uncertainty bounds.  This disparity 

in estimates could be in part due to a lack of regional representivity in the field data 
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which could have affected the ground-based estimates of regional mean AGB.  The 

SAR based approach has in theory captured the spatial variability in AGB at large 

spatial scales more fully therefore it might be reasonable to suggest that the SAR 

derived estimates of mean AGB at large spatial scales for some of the regions (i.e. 

those lacking sufficient number of field data) may be more regionally representative.   

The uncertainty in the backscatter-mangrove AGB relationship in this study is 

reflected in the fairly high uncertainty of the SAR-derived estimates of AGB at the 

pixel scale.  However the uncertainty of the SAR-derived estimates was constrained 

to between ~ 18 to 20% of the estimated mean and total AGB at the regional and 

national scale.  The procedure for propagating uncertainty to large scale SAR 

estimates of AGB used in the current study involved a conservative summation of 1) 

the uncertainty due to the ground-based estimates and 2) the uncertainty due to 

random errors associated with spatial heterogeneity and geolocation.  An alternative 

approach for future study would be to propagate the various sources of random and 

systematic error to SAR-derived estimates of AGB at large spatial scales using a 

simulation-based approach.  This could allow for the propagation of asymmetric 

uncertainties in the ground-based estimates and a more realistic representation of the 

uncertainty based on multiple realisations of the backscatter-AGB relationship, 

which could in turn be propagated to large scale estimates of AGB.  

5.3 Main implications for REDD+ participation 

Current criteria for higher tier REDD+ reporting of forest carbon stocks requires 1) 

the use of detailed country-specific inventory data to produce estimates of changes to 

carbon stocks over time, 2) transparent documentation of all datasets and 

methodologies in use and 3) all carbon stock estimates to be accompanied by an 

appropriate estimate of uncertainty. 

The ground-based approach used in this study to produce estimates of current 

mangrove AGB stocks in Kenya meets the aforementioned criteria for higher tier 

REDD+ reporting of this key carbon pool.  Although outwith the scope of the current 

study, the requirement for repeated measurements of AGB carbon stocks through 
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time could be realised using the ground-based approach as demonstrated here or with 

modification to accommodate alternative stratification and sampling schemes. 

There are currently no specific guidelines for the use of remote sensing in a REDD+ 

context, however the use of space-borne SAR data will likely play a key role in 

efforts to provide repeatable long-term monitoring of forest dynamics for REDD+.  

The potential use of SAR techniques for forest-based applications is widely 

recognised, as evidenced by the ongoing large investment in the development and 

operation of current and future SAR satellite missions.   

The use of space-borne SAR for AGB retrieval remains promising (particularly the 

future use of P-band SAR), however the large-scale adoption of this approach for 

REDD+ purposes may be hampered due to inconsistency in the relationship between 

backscatter and AGB.  Indeed, the nature of the backscatter-mangrove AGB 

relationship found in this study was unexpected and remains to be validated against 

an independent dataset.  In addition, certain unavoidable features of the mangrove 

environment (i.e. generally high moisture conditions and structural complexity) 

which complicate the interpretation of the SAR response may limit the application of 

SAR techniques for AGB estimation in mangroves.  Therefore, whilst the current 

study has demonstrated some potential in using space-borne SAR data for estimating 

the AGB of mangroves further investigation of the backscatter- AGB relationship is 

required prior to adoption of a SAR-based approach to mangrove AGB estimation 

for REDD+. 
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Appendix 1: Published version of chapter 2 
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a b s t r a c t

Mangroves are globally important carbon stores and as such have potential for inclusion in future forest-
based climate change mitigation strategies such as Reduced Emissions from Deforestation and Degrada-
tion (REDD+). Participation in REDD+ will require developing countries to produce robust estimates of
forest above-ground biomass (AGB) accompanied by an appropriate measure of uncertainty. Final esti-
mates of AGB should account for known sources of uncertainty (measurement and predictive) particu-
larly when estimating AGB at large spatial scales. In this study, mixed-effects models were used to
account for variability in the allometric relationship of Kenyan mangroves due to species and site effects.
A generic biomass equation for Kenyan mangroves was produced in addition to a set of species-site spe-
cific equations. The generic equation has potential for broad application as it can be used to predict the
AGB of new trees where there is no pre-existing knowledge of the specific species-site allometric rela-
tionship: the most commonly encountered scenario in practical biomass studies. Predictions of AGB using
the mixed-effects model showed good correspondence with the original observed values of AGB although
displayed a poorer fit at higher AGB values, suggesting caution in extrapolation. A strong relationship was
found between the observed and predicted values of AGB using an independent validation dataset from
the Zambezi Delta, Mozambique (R2 = 0.96, p = < 0.001). The simulation based approach to uncertainty
propagation employed in the current study produced estimates of AGB at different spatial scales (tree
– landscape level) accompanied by a realistic measure of the total uncertainty. Estimates of mangrove
AGB in Kenya are presented at the plot, regional and landscape level accompanied by 95% prediction
intervals. The 95% prediction intervals for landscape level estimates of total AGB stocks suggest that
between 5.4 and 7.2 megatonnes of AGB is currently held in Kenyan mangrove forests.

� 2013 The Authors. Published by Elsevier B.V. All rights reserved.

1. Introduction

Mangrove forests are now widely recognised as globally impor-
tant carbon (C) stores (Bouillon et al., 2008; Chmura et al., 2003;
Donato et al., 2011; McKee et al., 2007). Despite accounting for
just 0.7% of the world’s tropical forest cover (Giri et al., 2011) man-
groves play a disproportionately important role in the global C
cycle. Recent estimates suggest that as much as 20Pg of C is cur-
rently being stored in mangrove biomass, sediments and peat
world-wide (Donato et al., 2011). Mangroves do not merely seques-
ter and store C they also provide a number of other key ecosystem
services which are ecologically and economically important at local,

regional and global scales. Such services include but are not limited
to; coastal defence (Zhang et al., 2012), fisheries production
(Aburto-Oropeza et al., 2008), habitat provision for terrestrial and
aquatic fauna (Kathiresan and Bingham, 2001), timber and
fuelwood production (Dahdouh-Guebas et al., 2000), pollution
abatement (Wickramasinghe et al., 2009) and regulation of
sediment exchange between land and sea (Duarte et al., 2005).

The continued degradation and destruction of mangroves
world-wide has been highlighted in recent years (Alongi, 2002;
Giri et al., 2011). Mangroves are considered to be one of the most
threatened ecosystems on the planet with an estimated decline
in global cover of �35% during the period 1980–2000 (Valiela
et al., 2001). This decline is largely due to over-exploitation of
wood products, conversion to aquaculture, coastal development
and human settlement (Primavera, 2005). Although rates of
destruction may be slowing in some countries they generally re-
main high; for example Kenya experienced an estimated mean loss
of mangrove cover of �0.7% yr�1 during the period 1985–2010
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(Kirui et al., 2012). Continued degradation and loss of mangrove
cover not only represents a loss of future C sequestration potential
but could result in significant release into the atmosphere of C cur-
rently being stored by mangroves (Pendleton et al., 2012).

An estimated 8–20% of annual global anthropogenic CO2 emis-
sions result from land-use changes occurring primarily in the tro-
pics (van der Werf et al., 2009). This realisation has led to proposals
for forest-based climate change mitigation strategies such as Re-
duced Emissions from Deforestation and Degradation (REDD+). In
essence REDD+ envisages achieving CO2 emissions reductions, for-
est conservation and sustainable development by placing an eco-
nomic value on forest carbon storage and facilitating the transfer
of funds from developed to developing nations through interna-
tional trade in carbon credits. Details of how REDD+ will operate
at the national and international level under the United Nations
Framework Convention for Climate Change (UNFCCC) are still un-
der debate. However many developing nations (including Kenya)
are already in the process of formulating national REDD+ readiness
strategies in partnership with the World Bank’s Forest Carbon Part-
nership Facility (FCPF). There is definite scope for mangroves to be
included in national and/or local scale forest carbon projects oper-
ating either under existing voluntary or future compliance carbon
markets. Indeed, a recent study by Siikamaki et al. (2012) sug-
gested that at the global scale reducing CO2 emissions by avoiding
further loss of mangroves could prove to be an economically viable
option in comparison with the cost of reducing emissions from
other sources (e.g. industry) even under scenarios of low mangrove
carbon offset supply.

Participation in REDD+ (under the UNFCCC) will require coun-
tries to produce accurate estimates of their forest carbon stocks
and stock changes through robust Measurement, Reporting and
Verification (MRV) programs. The most recent Intergovernmental
Panel on Climate Change (IPCC) Guidelines for National Green-
house Gas Inventories (IPCC, 2006) provide the current methodo-
logical framework for REDD+ MRV requirements (Maniatis and
Mollicone, 2010). In accordance with these guidelines all estimates
should be accompanied by an appropriate measure of uncertainty
(95% confidence interval) and should account for and reduce all
known sources of uncertainty as far as is possible (IPCC, 2006).
Above-ground biomass (AGB) is one of five forest carbon pools
(identified by the IPCC) which will be estimable and reportable
for REDD+. Providing robust estimates of AGB is important both
in terms of future REDD+ reporting but also in providing the link
between ground and remote sensing efforts to monitor changes
in forest biomass and land cover at local, regional and global scales.

The above-ground biomass of trees is commonly estimated by
the use of allometric equations (derived using regression analysis)
which relate one or more easily measurable tree variables (e.g.,
stem diameter at breast height (DBH)) to total above-ground bio-
mass. These equations are then applied to forest inventory data
in order to estimate biomass at larger spatial scales. Allometric
equations have been developed for a variety of mangrove species
occurring across a broad geographical range (Clough and Scott,
1989; Kairo et al., 2009; Komiyama et al., 2005; Poungparn et al.,
2002; Soares and Schaeffer-Novelli, 2005). However, African man-
groves are under-represented in the current literature with pub-
lished equations existing for Kenya (Kairo et al., 2009; Kairo
et al., 2008; Kirui et al., 2006; Slim et al., 1996; Tamooh et al.,
2009) and South Africa (Steinke et al., 1995) only.

Allometric relationships in trees are generally considered to be
both species and site-specific. However, the infeasibility of con-
structing a new allometric equation for every species encountered
at every new site has led to increasing interest in the development
of generic equations for biomass estimation (Brown et al., 1989;
Chave et al., 2005; Zianis and Mencuccini, 2004). Existing generic
equations for mangroves have used wood density as the

species-specific component of the relationship (Chave et al., 2005;
Komiyama et al., 2005). The generic equation developed by Komiy-
ama et al. (2005) was deemed to perform within acceptable levels
of precision (as measured by the relative error) in comparison with
site-specific equations for selected species (Komiyama et al., 2008).

Uncertainties are introduced at all stages of the biomass estima-
tion process (from single tree to landscape level). Total uncertainty
at the single tree level is comprised of uncertainty in the measure-
ment of tree variables (measurement uncertainty) and uncertainty
due to the use of the allometric model for predicting the biomass
of a new individual (predictive uncertainty) (Chave et al., 2004;
Zianis, 2008). These uncertainties are, in turn, propagated to plot
and landscape level biomass estimates. Failing to account for uncer-
tainty during the biomass estimation process ultimately leads to an
underestimation of the uncertainty on final predictions (Dietze et al.,
2008).

Accounting for predictive uncertainty is particularly important in
biomass estimation as allometric equations are often applied out-
with the data range for which they were originally intended (Chave
et al., 2005) and are always applied outside the particular trees (and
often sites) from which they were developed. Uncertainty in the
parameters of a regression model is often represented by simply
quoting the standard error of the allometric constants whilst the
coefficient of determination (R2) is the usual means by which to
evaluate both the ‘fit’ of the model and its predictive power (e.g.
Komiyama et al., 2005; Soares and Schaeffer-Novelli, 2005). How-
ever, over reliance on the use of R2 in regression analysis as a mea-
sure of model predictive accuracy and for model comparison
(between datasets) has been criticised in recent years (Gelman
and Pardoe, 2006; Johnson and Omland, 2004). In contrast to model
selection criteria such as the Akaike Information Criteria (AIC)
(Akaike, 1987) the R2 statistic is not a direct measure of model pre-
dictive accuracy and model selection made solely on the basis of
maximising the R2 statistic can lead to imprecise predictions as no
account is taken of model complexity (Johnson and Omland, 2004).

The issue of uncertainty in biomass estimation has been ad-
dressed in the literature for forests in general (Brown, 2002; Chave
et al., 2004; Ketterings et al., 2001; Parresol, 1999; Phillips et al.,
2000; Zianis, 2008). Methodologies for propagating uncertainty
have been presented based on summing the variances of compo-
nent sources of uncertainty (see Chave et al., 2004; Ketterings
et al., 2001; Phillips et al., 2000) and simulation techniques such
as Monte Carlo (Heath and Smith, 2000; Ryan, 2009). To the best
of our knowledge such methodologies have never been applied
for the purpose of propagating uncertainty to biomass estimates
in mangroves. With this in mind and in the context of future
REDD+ requirements for biomass/carbon accounting this study fo-
cused on: (1) the development of new allometric equations to esti-
mate the above-ground biomass of Kenyan mangroves using linear
mixed-effects models and based on a meta-analysis of all the avail-
able harvest data for Kenyan mangrove species (2) demonstrating a
simulation based methodology for propagating uncertainty during
the biomass estimation process and (3) demonstrating the practi-
cal application of said equations and simulations to a large forest
inventory dataset spanning the entire Kenyan coastline for the pur-
pose of producing estimates of above-ground biomass at different
spatial scales (tree, plot, region and landscape) with an appropriate
measure of uncertainty.

2. Methods

2.1. Harvest dataset – model development and validation

The harvest data used in this study is detailed in Table 1 and
represents the largest dataset compiled to date for African
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mangroves. The bulk of the harvest data originates from the Gazi
Bay area (4�250S, 39�300E) located �55 km south of the city of
Mombasa in Kenya (Fig. 1) and was made available through collab-
oration with Kenya Marine and Fisheries Research Institute
(KMFRI). The Gazi Bay data has been divided into two sub-sites;
Gazi (the area next to Gazi village) and Kinondo (the area next to
Kinondo village). An additional study within the Gazi Bay area by
Slim et al. (1996) was considered for inclusion but discounted as
it was not possible to obtain the raw data. Attempts were made
to source additional datasets from outwith Africa in order to ex-
pand the range of stem diameter and height data available for each
species and also to provide some data for species (e.g. Xylocarpus
sp.) not included in any of the African studies. An extensive litera-
ture search was carried out to look for raw harvest data which
were (1) from the same species that occur in Kenya and (2) freely
available in the publication. It was only possible to find one study
which met both these criteria; that of Poungparn et al. (2002) from
South-East Asia.

The harvest dataset used in this study to develop regression
models comprises the raw data from 337 individually harvested
trees (see Section 2.1.1 for harvest methodology) and includes data
for seven of the nine mangrove species known to occur in Kenya.
The harvest dataset is unbalanced with very few data points for
some species (Table 1). However, Rhizophora mucronata and
Avicennia marina are well represented in the dataset in terms of
sample size and these are two of the most dominant and widely
distributed mangrove species in Kenya. In common with most allo-
metric studies, there is a paucity of data from large diameter size
classes with 97% of the harvested trees in the current dataset
<20 cm in diameter. This means that the data range in the harvest
dataset does not fully encompass the upper values of diameter and
height recorded in the existing forest inventories.

Harvest data from a recent study conducted by WWF, Mozam-
bique and KMFRI in 2011 in the Zambezi Delta, Mozambique
(Bosire et al., unpublished results) were used in this study for val-
idation purposes only and were not used to develop regression
models (data summarised in Table 1). The Zambezi validation data-
set comprises harvest data from 23 trees from six mangrove spe-
cies occurring in both Mozambique and Kenya.

2.1.1. Summary of harvest methodology
All of the studies listed in Table 1 employed similar methodol-

ogies for tree harvesting and determination of total live above-
ground biomass (but see individual papers for details). Harvested
trees were selected randomly and prior to harvest, the stem diam-
eter (cm) and total height (m) of each tree was recorded. Stem
diameter was measured at 1.3 m above-ground (DBH) except in
the case of Rhizophora trees where the highest prop root occurred
>1.3 m above-ground in which case diameter was measured at
�30 cm above the highest prop root. Trees were then harvested
at ground level and the fresh weight of component parts (stem,
branches, leaves and prop roots in the case of Rhizophora sp.)
was measured in the field. Sub-samples of component parts were
then oven dried to constant weight (80–85 �C in the case of all
studies apart from Poungparn et al. (2002) where fresh material
was dried at 110 �C) in order to calculate wet-dry weight ratios
(conversion factors). Conversion factors were then applied to con-
vert the fresh weight of each tree component to dry weight in kilo-
grams (kg DW) and summed giving total above-ground biomass in
kg DW. The study by Kirui (2006) employed a slightly different
methodology for determining the total above-ground biomass of
multi-stemmed Avicennia trees. Each stem arising from a common
butt was treated as an individual tree and the biomass of each stem
was calculated separately following a procedure outlined in Clough
et al. (1997) involving apportionment of the common butt.

2.2. Statistical analyses

2.2.1. Rationale for using mixed-effects models
Ecological datasets often display a complex structure where

data from individuals within populations are nested or grouped
by one or more factors. Such grouping factors could include for
example; the species and/or site which the individual belongs to,
an experimental treatment applied to a subset of individuals and
time series data. If such correlations or group effects are not ac-
counted for during analysis the standard errors of the regression
coefficients will tend to be underestimated due to inflation of the
effective sample size (Steele, 2008). Mixed-effects models not only
account for but explicitly model the variance due to group effects.

In mixed-effects models the intercept and regression coeffi-
cients can be assigned their own probability models and allowed
to vary by group (as random effects) around the overall population
mean (the fixed effects). This is particularly useful in studies where
the main target of inference is the wider population and predic-
tions are sought for new individuals within new groups, with an
appropriate measure of predictive uncertainty (Gelman and Hill,
2007). In addition, mixed-effects models deal well with unbal-
anced datasets (especially common in meta-analysis studies) and
provide a more robust estimation of regression coefficients for
groups where there is little information (i.e. a small sample size)
as additional information on the probability distribution of coeffi-
cients can be gained from the dataset as a whole (Dietze et al.,
2008).

2.2.2. Model specification and selection process
The power function equation (Eq. (1)) or its linearized form

(Eq. (2)) is commonly used as the underlying allometric scaling
relationship for biomass regression models (e.g. Brown et al.,
1989; Chave et al., 2005; Komiyama et al., 2008; Parresol, 1999).

y ¼ axb ð1Þ

lnðyÞ ¼ lnðaÞ þ b lnðxÞ þ ei ð2Þ

where y is the response variable, x is the predictive variable and a
and b are the allometric constants. Specifically, a is the scaling coef-
ficient (or intercept), b is the scaling exponent (or slope) and ei is the
error term which is assumed to be normally distributed
ei � N(0,r2). For mangroves, biomass regression models have been
developed using stem diameter (D) as the sole predictive variable
(Clough and Scott, 1989; Steinke et al., 1995). However, many stud-
ies have found that the inclusion of additional biometric variables
(e.g. tree height (H)) either fitted independently or as a combined
variable such as x = D � H or x = D2 � H have improved model fit
(Chave et al., 2005; Komiyama et al., 2002; Soares and Schaeffer-
Novelli, 2005). The inclusion of wood density as a predictive vari-
able in models has also been recommended (Chave et al., 2005;
Komiyama et al., 2005).

In the current study, a linear relationship was obtained between
predictive variables (diameter and height) and the response vari-
able (total above-ground biomass (AGB)) after transforming all
variables by natural log (Fig. 2) allowing for the use of regression
models of the form shown in Eq. (2). Wood density was not in-
cluded as a potential predictive variable as tree level wood density
data were not available in the harvest dataset used for model
development. The individual level grouping factor used in the cur-
rent study was a combined species_site indicator which grouped
the harvest data from individuals within each species at each site
in the dataset. For example data from Rhizophora trees at Kinondo
(Table 1) formed the group Rhiz_Kin and so on. In total there were
eighteen species_site groupings present within the harvest dataset.
It was necessary to combine species and site into one grouping

970 R. Cohen et al. / Forest Ecology and Management 310 (2013) 968–982



Table 1
Provenance and summary of the tree harvest dataset used in this study to develop and validate biomass equations for Kenyan mangroves.a

Study Location Forest type Species Stem diameter range (cm) Height range (m) Above-ground biomass (kg DW) Sample size

Lang’at (2008) Ramisi, Kenya Plantation (12 yrs old) Bruguiera gymnorrhiza 1.1–4.8 2.7–6.6 0.5–7.3 15
Kairo et al. (2008) Kinondo (Gazi Bay), Kenya Plantation (12 yrs old) Rhizophora mucronata 2.4–11.5 3.5–8.9 0.6–68.9 50
Kirui et al. (2006) Gazi (Gazi Bay), Kenya Natural Rhizophora mucronata 5.7–21.4 4.3–11.3 13.4–269.5 15
Kirui (2006) Kipini, Kenya Natural Rhizophora mucronata 2.3–23.6 2.8–16.1 0.6–383.7 15

Avicennia marina 2.5–15.8 3.9–11.7 4.6–71.4 28 (19)
Gazi (Gazi Bay), Kenya Natural Avicennia marina 3.7–21.8 2.1–11.3 7.2–127.3 51 (15)

Tamooh et al. (2009) Gazi (Gazi Bay), Kenya Plantation (6yrs old) Rhizophora mucronata 0.9–6.4 0.8–3.9 0.08–16.2 12
Kairo et al. (2009) Gazi (Gazi Bay), Kenya Plantationb Avicennia marina 5.2–10.2 4–5.8 6.8–22.5 10

Sonneratia alba 5.3–11.3 4–5 3.8–9.4 10
Ceriops tagal 5–5.5 1.8–2.6 1.5–6.1 10
Rhizophora mucronata 3–8 2.8–5 3–25.8 58

Steinke et al. (1995) Mgeni estuary, South Africa Natural Bruguiera gymnorrhiza 3.4–11.5 4.6–13.5 3.2–107.2 12
Avicennia marina 5.4–9.9 4.9–7.7 5.3–31.9 4

Poungparn et al. (2002) Thailand Natural Sonneratia alba 4.2–12.7 3.4–13.4 3.1–79.3 10
Bruguiera gymnorrhiza 4.8–33.4 9.2–24.9 8.3–943.5 10
Rhizophora mucronata 4.7–11.2 6.9–16 7.7–73.7 11
Xylocarpus granatum 3.7–12.7 4.1–8 3.2–66.8 8

Indonesia Natural Sonneratia alba 6.7–21.7 7.3–22.6 13.1–256 2
Bruguiera gymnorrhiza 9.7–48.9 11.1–30.6 54.7–1411.1 4
Xylocarpus granatum 18.6 13.4 162.2 1
Xylocarpus moluccensis 11.8 13.5 47.4 1

WWF/KMFRI
(Validation Dataset)

Zambezi Delta, Mozambique Natural Ceriops tagal 5.3–15.4 3.6–6.5 6.55–68.2 3
Bruguiera gymnorrhiza 5.6–24.6 5.5–8.1 11.7–161.8 4
Xylocarpus granatum 5.2–14.9 4–7.8 6.7–49 3
Sonneratia alba 5.9–35 5.9–13.5 8.8–453.4 6
Avicennia marina 8–28 5.3–13.5 14.9–248 4
Heritiera littoralis 5–22.5 4.9–9.5 3.9–121.2 3

a Above-ground biomass is given in kg dry weight (kg DW) and includes stem, branch, leaf and prop root (in the case of Rhizophora sp.) components. An exception is the study by Lang’at (2008) where above-ground biomass
comprises stem weight only. In the study by Kirui (2006) sample sizes for Avicennia sp. are the total number of stems (treated separately during analysis) and numbers in parentheses are the actual number of harvested trees. The
study by Poungparn et al. (2002) included data sourced from other studies; see original paper for details.

b Plantation age at time of harvest in Kairo et al. (2009) was 5 years old for R. mucronata and S. alba and 8 years old for C. tagal and A. marina.
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factor due to the unbalanced nature of the harvest dataset which
has insufficient replication of species data at each site to allow sep-
aration of any possible variation in AGB attributable solely to either
factor. In addition, Zianis and Mencuccini (2004) showed that
within-species variability in allometric coefficients across sites is
just as large as the variability in coefficients across species. Given
that the harvest dataset comprises data from various studies any
differences between the species_site groupings could also poten-
tially incorporate an effect of study origin. However, harvest meth-
odologies are broadly consistent across studies therefore it is likely
the case that the random effects predictions are largely reflective of
the differences across groups due to species and site effects.

Linear mixed-effects models were fitted using the lme4 package
within R statistical software version 2.15.0 (Bates et al., (2011),
http://CRAN.R-project.org/package=lme4). Prior to model fitting
the logged predictive variables were centred at their mean to re-
duce any correlation between intercept and slope coefficients.
Models were initially fitted using maximum likelihood (ML) esti-
mation and compared using the Deviance Information Criterion
(DIC) as outlined in Gelman and Hill (2007). In order to identify
the best fixed and random effects terms for inclusion in the final

model eight candidate models were fitted to the data (Table 2).
Model notation follows that of Gelman and Hill (2007) where ln(yi)
is the response (AGB in this study) for the ith individual, a is the
intercept, b represents the coefficients for the predictive variables
diameter (ln(xi)) and height (ln(zi)) and r2

y is the residual or the
unexplained ‘within-group’ variance. The subscript term j[i] in-
dexes the ith individual within the jth group and denotes where
the intercept or a coefficient has been allowed to vary across
groups (j = 1, ..., J) as a random effect.

Model I was the simplest model and included a random effects
term for the intercept only whilst the slopes of both predictive
variables were kept constant across groups (Table 2). The inclusion
of a random effects term for ln(xi) and ln(zi) coefficients in models
II and III respectively led to a reduction in the DIC value in compar-
ison with model I. In order to ascertain if both diameter and height
were needed as predictive variables within the model; models IV
and V excluded each variable as a fixed effect (and hence as a ran-
dom effect) in turn. As shown in Table 2 there is clearly a need to
include both variables as fixed effects within the model. This is
especially evident in the case of model V where exclusion of diam-
eter from the model had a large impact on the DIC value. Models
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Fig. 1. Kenya coastline showing areas of mangrove forest where inventory data has been collected (dots). Inventory data collected within the general area of Lamu Island and
Pate Island constitute the ‘‘South Lamu’’ study region. Kiunga NMR stands for Kiunga National Marine Reserve. Please note that the mangrove area defined as the "Tana River"
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base-map and mangrove shape-file obtained from the World Resources Institute (available at: <http://www.wri.org/>).
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were also fitted using two new combined predictive variables:
ln(xizi) and lnðx2

i ziÞ, both of which were logged and centred prior
to model fitting as before. However, as shown in Table 2 models
VI and VII using the combined variables displayed a poorer overall
fit in comparison with models II and III (Table 2). Model VIII had
the lowest DIC value of all the models under consideration indicat-
ing that the inclusion of a random effects term for the coefficients
of both ln(xi) and ln(zi) was needed in order to account for variabil-
ity in AGB across groups.

Model VIII was considered to be the most appropriate model
overall and was subsequently re-fitted using restricted (or resid-
ual) maximum likelihood (REML) estimation in order to produce
the best unbiased estimates of variance and co-variance parame-
ters (Pinheiro and Bates, 2000). In model VIII the terms aj, bjx and
bjz signify that these parameters have themselves been modelled
yielding a partial pooling estimate of a and the coefficients bx

and bz for each group along with an estimate of the overall popu-
lation mean and the ‘between-group’ variance (estimated from
the data). The group-level model for model VIII can be written as:

aj

bjx

bjz

0
B@

1
CA�N

la

lbx

lbz

0
B@

1
CA;

r2
a q1rarbx q2rarbz

q1rarbx r2
bx q3rbxrbz

q2rarbz q3rbxrbz r2
bz

0
B@

1
CA

0
B@

1
CA; for j¼1; . . . ; J;

ð3Þ

where the overall mean across all groups (the fixed effects esti-
mates) for the intercept, slope of ln(xi) and the slope of ln(zi) are de-
noted by la, lbx and lbz respectively. The between-group variance
in the intercept, slope of ln(xi) and the slope of ln(zi) are given as
r2

a and r2
bx and r2

bz respectively. The parameters q1, q2 and q3 are
also estimated as the between-group correlations of the a’s and
b’s (e.g. q1rarbx is the correlation between the group intercepts
and slopes of ln(xi)).

2.2.3. Simulation-based approach to biomass estimation
In order to estimate the biomass of mangroves along the entire

Kenyan coastline the equations developed in this study were ap-
plied to a forest inventory dataset (detailed in Section 2.3) compris-
ing 498 plots inventoried during the period 2007–2012. The
modelling process described in Section 2.2.2 generated a mean bio-
mass equation and a suite of specific equations; one for each of the
eighteen species_site groups. The mean equation is comprised of
the fixed effects estimates and can be regarded as a generic equa-
tion for Kenyan mangroves. The group specific equations represent
the group departures from the fixed effects estimates (fixed effect
estimates ± the group specific random effects) and are only valid
for the specific groupings from which they were originally derived.
Eight of the group specific equations can potentially be applied to
the forest inventory dataset to estimate biomass as the remaining
ten equations are only valid for species_site combinations occurring
outwith Kenya. Therefore, group specific equations were applied to
estimate the biomass of individual trees within the inventory data-
set if those trees fell into one of the pre-existing groups identified
within the harvest dataset. For example the group specific equation
for Rhiz_Kin was applied to inventoried Rhizophora trees at Kinondo
and so forth. In cases where inventoried trees did not fall into one of
the pre-existing groups their biomass was estimated using the gen-
eric equation. The simulation-based approach adopted in this study
allows for the propagation of measurement, parameter and residual
uncertainty to estimates of biomass at the individual tree, plot and
regional level.

2.2.4. Simulations for individual tree biomass
The above-ground biomass of each tree in the inventory dataset

was simulated 10,000 times using a new set of simulated values for
each iteration. In order to propagate measurement uncertainty
possible values of stem diameter ln(Dsim) and height ln(Hsim) for
each tree were randomly sampled from a normal distribution with
mean equal to the observed value and one standard deviation con-
servatively assumed to be 5% and 10% of the observed diameter
and height respectively. These assumed values of measurement
uncertainty are consistent with the findings of previous studies
(Chave et al., 2004; Gregoire et al., 1990; Phillips et al., 2000).

To propagate parameter uncertainty, possible values of the
fixed effects intercept (afixsim) and coefficients for stem diameter
(bxfixsim) and height (bzfixsim) were sampled from a multivariate nor-
mal distribution around means equal to la, lbx and lbz from model
VIII using the variance-covariance matrix of the fixed effects. In
cases where the generic equation was applicable (to estimate the
biomass of new trees in new groups) simulated values of the ran-
dom effects for the intercept (aransim) and the coefficients for stem
diameter (bxransim) and height (bzransim) were generated by sampling
from a multivariate normal distribution around means equal to
zero using the variance-covariance matrix of the group level (or
mean) random effects (Eq. (3)). In cases where a group specific
equation was applicable (to estimate the biomass of new trees in
existing groups) possible values of the random effects were simu-
lated as for the generic equation, however values were sampled
around means equal to the group specific random effects for the
intercept and coefficients and used the variance-covariance matrix

Fig. 2. Relationship between above-ground biomass (AGB) and stem diameter (D)
of harvested mangrove trees after transformation by natural log. The vertical
arrangement of data points at approximately ln(D) = 1.6 is mostly due to data from
the study by Kairo et al. (2009) which focused on harvesting trees from plantation
forests of known age whereby a large proportion of data points arising from this
study were of similar stem diameter (�5 cm).

Table 2
Comparison of candidate models fitted using maximum likelihood (ML) estimation,
with corresponding DIC values.a

Model DIC

I. ln(yi) � N(aj[i] + bln(xi) + bln(zi), ry
2), for i = 1, . . .,n, 274.1

II. ln(yi) � N(aj[i] + bj[i]ln(xi) + bln(zi), ry
2), for i = 1, . . .,n, 231.5

III. ln(yi) � N(aj[i] + bln(xi) + bj[i]ln(zi), ry
2), for i = 1, . . .,n, 220.3

IV. ln(yi) � N(aj[i] + bj[i]ln(xi), ry
2), for i = 1, . . .,n, 260.5

V. ln(yi) � N(aj[i] + bj[i]ln(zi), ry
2), for i = 1, . . .,n, 603.7

VI. ln(yi) � N(aj[i] + bj[i]ln(xizi), ry
2), for i = 1, . . . ,n, 299.1

VII. ln(yi) � N(aj[i] + bj[i]ln(xi
2zi), ry

2), for i = 1, . . .,n, 240.1
VIII. ln(yi) � N(aj[i] + bj[i]ln(xi) + bj[i]ln(zi), ry

2), for i = 1, . . .,n, 206.1*

a The asterisk symbol denotes that model VIII was the best model overall.
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of the group specific random effects. Simulated values were then
used in Eq. (4) to calculate AGB biomass (ln(AGBpred)) for each tree:

lnðAGBpredÞ ¼ asim þ ððbxfixsim þ bxransimÞ lnðDsimÞÞ
þ ððbzfixsim þ bzransimÞ lnðHsimÞÞ ð4Þ

where asim is the un-centred intercept (calculated as shown in Eq.
(5)) and corrects for the use of mean centred predictive variables
diameter and height during model development (Section 2.2.2).

asim ¼ ðafixsim þ aransimÞ � ððbxfixsim þ bxransimÞ�xÞ
� ððbzfixsim þ bzransimÞ�zÞ ð5Þ

where �x and �z are the mean logged values of diameter and height
respectively from the harvest dataset. In order to account for resid-
ual uncertainty in biomass estimates; possible values of biomass
(ln(AGBEst)) were randomly sampled from a normal distribution
with mean equal to ln(AGBpred) and standard deviation equal to ry

(the standard deviation of r2
y) from model VIII. Values of ln(AGBEst)

were then back-transformed by taking the exponent; producing
10,000 estimates of AGB (in kg DW) for each tree. The estimates
for all trees within a plot were then summed at each iteration point
yielding a distribution of 10,000 possible estimates of total biomass
for each plot. The median was taken as the plot level biomass esti-
mate as this provided the most typical value from skewed distribu-
tions of the simulations. The quantiles from the distribution of plot
estimates were used for calculating the 95% prediction interval (95%
PI) at the plot level.

2.2.5. Calculation of regional level prediction intervals
In order to upscale biomass estimates from plot to regional le-

vel, plots were first grouped according to the mangrove regions
identified in the inventory dataset (Table 3). Plots within Lamu Dis-
trict were further sub-divided into those within Kiunga National
Marine Reserve (NMR) and those outwith the reserve (hereafter
‘‘South Lamu’’). Due to their close geographical proximity plots
from Shirazi, Ramisi, Funzi and Bodo were aggregated to form
the region ‘‘South Coast’’. The mean biomass estimate was calcu-
lated for each iteration (across all plots within a region) yielding
a distribution of 10,000 possible mean biomass estimates. The
mean of this distribution was taken as the regional level biomass
estimate (Mg ha�1) and provides the expected value of AGB taking
into account the whole scale of values present in a specific geo-
graphical area. The quantiles from the distribution were used to
calculate the 95% PI at the regional level.

2.2.6. Model validation
The predictive performance of model VIII was evaluated using a

harvest dataset from the Zambezi Delta, Mozambique (Table 1).
The simulation process detailed in Section 2.2.4 was repeated for
the 23 trees in the Zambezi dataset. For each tree the median fitted
value of AGB (kg) was obtained along with the 95% PI for the
median.

2.3. Forest inventory dataset

A summary of the forest inventory dataset is provided in Table 3,
recent estimates of mangrove cover by region are provided in Table 4
and the location along the Kenyan coastline of each region is shown
in Fig. 1. The cover estimates in Table 4 were derived from 2.5 m res-
olution SPOT remote sensing imagery acquired over the Kenyan
coastline during 2009–2011 (see Rideout et al., 2013 for further de-
tails). The inventory dataset is a combination of data collected by
this and other studies. All studies conducted prior to 2010/2011
had the objectives of characterising and investigating mangrove
structural variability and change in the southern coastal region.
However, in the current study sampling strategy was tailored (as

much as was practicable) towards facilitating both a statistical and
remote sensing based approach to biomass estimation along the en-
tire coastline. Thus studies within the inventory dataset differ in
terms of sampling strategy and plot size. There is also an obvious
bias in total sampling effort towards sites in the south coast
(Table 3).

In general all inventory studies followed a standardised meth-
odology of within-plot data collection. In all studies the species,
stem diameter and total height of all trees within each plot which
met the diameter measurement threshold were recorded. Stem
diameter was recorded to the nearest millimetre and was mea-
sured at 1.3 m aboveground (DBH) except in the case of Rhizophora
sp. where stem diameter was measured at �30 cm above the high-
est prop root if this occurred above 1.3 m. In cases where trees
branched below 1.3 m (common in Avicennia sp.) and branches
met the diameter measurement threshold; the diameter and
height of each branch was recorded separately. In the current study
total tree height was measured using an ultrasonic vertex hypsom-
eter (Haglöf, Sweden). In all other studies tree height was mea-
sured using a graduated pole.

2.3.1. Mida Creek and Lamu District
Forest inventory data from the Mida Creek area and Lamu District

was collected as part of this study during June–August 2010 and
2011. Mida Creek (3�200S, 40�000E) is situated mid-way along the
Kenyan coast �23 km south of the town Malindi in Kilifi District.
Some of the mangrove forest in this area falls within the boundaries
of Watamu Marine National Park (WNMP); however the majority is
outwith the protected area. Regardless of location (within or outside
of WNMP) harvesting of mangroves is currently prohibited in the
Mida Creek area. In total 14 plots within the Mida Creek area were
inventoried comprising nine 0.04 ha (20 � 20 m) plots, four
0.25 ha (50 � 50 m) plots and one 0.5 ha (100 � 50 m) plot. None
of the inventoried plots were located within the marine park.

The Lamu archipelago extends between 2�220S, 40�480E in the
South and 1�440S, 41�300E in the North and is part of Lamu District.
Lamu District currently holds the greatest proportion of remaining
mangrove cover in Kenya (Table 4). Mangroves in the extreme
north, close to the border with Somalia are part of Kiunga NMR
and are considered to be the only remaining examples of relatively
‘‘pristine’’ mangrove forest in Kenya. Forty-one plots within Lamu
District were inventoried comprising twenty-five 0.04 ha plots, fif-
teen 0.25 ha plots and one 0.5 ha plot. Within Lamu District sites
visited included: Kiunga NMR (n = 16 plots), Pate Island area
(n = 15) and Lamu Island area (n = 10).

Plots inventoried in Mida Creek (n = 6) and Lamu District (n = 8)
during 2010 were all 0.04 ha in size. Plots were positioned at ran-
dom within Rhizophora zones and all trees within each plot with
stem diameter P2.5 cm were measured. Plots inventoried during
2011 were a mixture of 0.04 ha plots (Mida Creek: n = 3,
Lamu District: n = 17) located at random within randomly chosen
map grid squares (grid resolutions of 500 � 500 metres and
1000 � 1000 m) and larger plots (0.25 ha and 0.5 ha) which were
positioned at random within larger areas pre-identified using
optical and radar remote sensing imagery. These pre-identified
areas were judged to be potentially distinct from each other in
terms of forest structure/biomass and also to broadly represent
the main levels of structural variation within the study region as
a whole. This more targeted plot location strategy was for the
purpose of facilitating future remote sensing work. All plots inven-
toried in 2011 included all trees within each plot which met the
criteria of having stem diameter P5 cm.

2.3.2. Gazi Bay
The Gazi Bay inventory consists of 116 plots in total. As part of

this study twenty-four 0.01 ha (10 � 10 m) plots were inventoried
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during July 2010 and four 0.25 ha plots were inventoried during
August 2011. The smaller plots inventoried in 2010 were posi-
tioned randomly within the main identifiable mangrove zones
and included all trees DBH P 5 cm. The larger plots collected in
2011 were positioned using the same procedure as detailed above
for the large plots in Section 2.3.1 and included all trees within
each plot stem diameter P5 cm.

The remaining plot data (n = 88) from the Gazi Bay area were
collected in 2009 as part of two internationally funded short-term
projects. Eighteen 0.01 ha plots were inventoried in the area adja-
cent to Gazi village as part of a project entitled CAMARV (Capacity
Building for Mangrove Assessment, Restoration and Valuation in
East Africa) funded by the Natural Environment Research Council
(NERC) of the United Kingdom. Seventy 0.01 ha plots were invento-
ried as part of a UNDP-GEF Small Grants Programme project
co-ordinated by Gazi Womens Group. In both projects plots were
randomly positioned along a transect within each identifiable
mangrove zone and all trees within each plot were included in
the inventory.

2.3.3. Mwache and Mtwapa Creek
Mwache (4�20S, 39�330E) and Mtwapa Creek (3�570S, 39�430E) are

both examples of peri-urban mangroves due to their close proximity
to the city of Mombasa and the town of Mtwapa respectively. Both

areas are considered to be degraded due to a combination of sewage
pollution, timber over-exploitation and in the case of Mwache; the
heavy sedimentation and flooding associated with the El Niño event
of 1997–1998 (Kitheka et al., 2002). Inventory data from Mtwapa
Creek (n = 54) was collected in 2010 as part of a study by Okello
(unpublished results). Data from Mwache (n = 67) was collected in
2011 as part of a study conducted by Kaino (2013) and funded by
the Western Indian Ocean Marine Science Association (WIOMSA).
Both studies used plot sizes of 0.01 ha. Plots at Mtwapa Creek were
positioned along transects running perpendicular to the shoreline at
�50 m intervals and all trees with stem diameter P2.5 cm were
measured. At the Mwache site plots were positioned along transects
running perpendicular to the shoreline at 100 m intervals using a
stratified sampling scheme based on observed differences in forest
composition and structure. All trees with stem diameter P2 cm
within each plot were measured.

2.3.4. South Coast
Forest inventory data from the South Coast (Shirazi, Ramisi,

Funzi and Bodo) was collected in 2007 by KMFRI as part of a Kenya
government funded project. In total there are data from one hun-
dred and twenty-three 0.01 ha plots comprising; Shirazi (n = 43),
Ramisi (n = 22), Funzi (n = 24) and Bodo (n = 34). Plots were posi-
tioned at �20 m intervals along transects running perpendicular
to the shoreline and all trees with stem diameter P5 cm were in-
cluded in the inventory.

2.3.5. Vanga
Mangroves close to the Kenya–Tanzania border were invento-

ried by KMFRI during January 2012. Plots inventoried within the
Vanga mangrove system number 83 in total and are of variable size
(sixty-nine 0.01 ha, six 0.04 ha and eight 0.0025 ha (5 � 5 m)
plots). Plots were positioned within each identifiable mangrove
zone using a stratified random sampling strategy and all trees
P2.5 cm in diameter were recorded.

3. Results

3.1. Model VIII summary and key features

Overall, there is good correspondence between the fitted values
of AGB (as estimated from model VIII) and the original observed
values of AGB for trees in the harvest dataset (Fig. 3(a) and (b)).
The mean absolute error (MAE) in predictions of AGB from model

Table 3
Provenance and summary of mangrove forest inventory dataset.a

Region Study Date No. of plots Plot size (ha) Stem diameter range (cm) Height range (m)

Mida Creek This study 2010/2011 14 Variable (ranging from 0.01 - 0.5) 2.5–58 1.5–17.7
Lamu District:

South Lamu
Kiunga

This study 2010/2011
25
16

2.4–54
2–49.8

1.8–28.5
1.3–23.7

Gazi Bay This study 2010/2011 28 5–64 1.8–20.2
CAMARV 2009 18 0.01 0.5–51 0.6–15
UNDP 2009 70 0.01 2.2–63.3 2–21

Mtwapa Creek Okello (unpublished results) 2010 54 0.01 2.5–46.9 0.5–15
Mwache Kaino (2013) 2011 67 0.01 2–53 1–15
South Coast:

Shirazi
Ramisi
Funzi
Bodo

KMFRI 2007
43
22
24
34

0.01
0.01
0.01
0.01

5–47.5
5–48.4
5–43.2
5–60.5

2–16
2.5–15
1.5–15
2–14

Vanga KMFRI 2012 83 Variable (ranging from 0.0025 - 0.04) 2.5–72.5 1–25

a Study abbreviations are as follows; United Nations Development Programme (UNDP); Capacity Building for Mangrove Assessment, Restoration and Validation (CAMARV)
and Kenya Marine and Fisheries Research Institute (KMFRI).

Table 4
Mangrove cover estimates for inventory regions derived from high-resolution SPOT
satellite imagery.a

Region Mangrove cover estimate (ha) Proportion of total cover (%)

Mida Creek 1657.8 3.6
South Lamu 26609.1 57.1
Kiunga (NMR) 4763.8 10.2
Gazi Bay 589 1.3
Mwache 2667.1 5.7
Mtwapa

Creek
519.4 1.1

South Coast 2253.1 4.8
Vanga 3440 7.4
Kilifi� 640.2 1.4
Tana river� 3433 7.4

Total cover 46572.5

a Regions marked with asterisks’ do not feature in the forest inventory dataset.
For details of SPOT image processing and analysis see Rideout et al. (2013).
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VIII is 6.3 kg and the mean bias (observed-fitted) in predictions is
an underestimate of just 0.06 kg. The model performs well at val-
ues of observed AGB 6 50 kg (Fig. 3(b)) which comprise 85% of
the total dataset. There is some divergence from the reference line
for the few trees in the harvest dataset with higher AGB values
(Fig. 3(a)). Poorer model fit at higher AGB is likely due to the pau-
city of harvest data from larger trees with just 11 out of 337 trees
in the dataset having an observed AGB P 200 kg. Further diagnos-
tic plots (data not shown) revealed no systematic trend in model
residuals when plotted against the fitted values and against each
of the predictive variables.

Mixed-effects models partition the total variance in the re-
sponse variable (AGB in this study) between the main components
of the model (Fig. 4). The proportional contribution of the random
effects terms (r2

a, r2
bx, r2

bz) and the residual variance (r2
y) to the to-

tal variance was calculated for each term as:

% contribution ¼ ððr2
a=tot varÞ100Þ ð6Þ

where e.g. r2
a is the variance in the model attributed to between-

group differences in the intercept and tot_var is the total variance
from model VIII calculated as the variance of the logged values of
total above-ground biomass of the 337 trees in the harvest dataset.
Thus, the contribution to the total variance attributable to the com-
bined fixed effects terms was calculated as:

% contribution ¼ ðððtot var� ðsumðr2
a þ r2

bx þ r2
bz

þ r2
yÞÞÞ=tot varÞ100Þ ð7Þ

As expected, most of the variability in AGB was accounted for in
model VIII by the fixed effects terms (Fig. 4). Together the random
effects terms accounted for 41% of the variance in AGB. Between-
group variability in the slopes of the predictive variables diameter
and height was very similar accounting for 18% and 19% of the total
variance respectively. In combination the fixed and random effects
explained 94% of the variability in AGB leaving a relatively small
residual variance of 6% (Fig. 4).

The random effects represent the group-specific departures
(either ±) from the fixed effects estimate of the intercept and the
coefficients for diameter and height. There is clearly some be-
tween-group variability in the random effects for the eight spe-
cies_site groups occurring in Kenya (Fig. 5). The 95% PI around
the random effects is more constrained for groups with a larger
sample size (Fig. 5) and there is some degree of overlap in the pre-
diction intervals between most groups.

The random effects for most groups fall within the bounds of
the 95% confidence interval (95% CI) of the fixed effects estimate
of each parameter (Fig. 5). However, the predicted random effect
for the intercept of group Rhiz_Gaz and the coefficient of height
for group Avic_Gaz show no overlap with the fixed effects esti-
mates for these parameters. For group Sonn_Gaz there is a pro-
nounced departure from both the fixed effects estimates and
from the predicted random effects for the other groups. Such devi-
ation from the fixed effects estimates suggest that the allometry for
these species_site groupings may be distinct from that of the other
groups in the harvest dataset and highlights the general need for
the inclusion of group effects in regression models.

3.2. Model validation

For harvested trees in the Zambezi Delta predictions of median
AGB (±95% PIs) from model VIII correspond well with the original
observed values of AGB (Fig. 6). A linear regression between the
logged observed values and predicted median values of AGB was
used to further assess the predictive ability of model VIII
(R2 = 0.96, p = < 0.001). The 95% confidence interval for the
intercept includes zero (�0.23 ± 0.37) and for the regression slope

includes one (1.01 ± 0.09). The uncertainty around predictions is
well constrained for trees with lower AGB but increases with
increasing predicted AGB.

3.3. Plot level AGB estimates

Plot level estimates of mangrove AGB vary greatly within and
between regions (Fig. 7). Within each study region (except Kiunga)
there are two orders of magnitude difference between the smallest
and largest plot estimates. If the 95% PIs are considered then the
scale of maximum AGB across regions ranges between

Fig. 3. (a) Total above-ground biomass (AGB) in kg as measured for each tree in the
harvest dataset versus the corresponding fitted value (kg) from model VIII and (b)
as (a) but re-scaled to show in detail the correspondence between observed and
fitted values at the lower range of AGB. The reference lines shown in (a) and (b)
represent a 1:1 correspondence between observed and fitted values.

Fig. 4. Proportion of the total variability in AGB of harvested trees associated with
the fixed effects terms, the random effects terms (hatched bars) and the remaining
unexplained (residual) variance from Model VIII.
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�200 Mg ha�1 at Mida Creek to >2000 Mg ha�1 at Vanga. For each
region the uncertainty in estimates is tightly constrained for plots
with low values of AGB but there appears to be a general pattern of
larger prediction intervals around estimates for plots with higher
AGB (Fig. 7). For some regions there is considerable variation in
the PIs of plots with similar median AGB estimates (e.g. see
Mwache plots 45 and 46 in Fig. 7). It is likely that larger PIs around
the estimates of some plots is not associated with higher biomass
per se but is due to the presence of large diameter trees in these
plots for which the biomass has been estimated with relatively less
precision.

3.4. Regional level AGB estimates

As expected, estimates of mean AGB vary amongst the study re-
gions which span the entire Kenyan coastline (Fig. 8). There is a dif-
ference of >120 Mg ha�1 between the lowest estimate for
mangroves at Mtwapa Creek near Mombasa (73 Mg ha�1) to the
highest for mangroves within Kiunga NMR (200 Mg ha�1). How-
ever, there is a general overlap between the prediction intervals
of most regions and the estimates of mean AGB do not differ sub-
stantially between the regions Mwache, Gazi, South Coast, Vanga
and South Lamu. Uncertainty around the estimates of mean AGB
is reasonably well constrained with an absolute difference be-
tween upper and lower prediction limits of <50 Mg ha�1 for all
regions.

The regional level estimates of mean AGB (Fig. 8) and mangrove
cover (Table 4) were used in a basic up-scaling exercise in order to
give an indication of the total AGB of mangroves within each re-
gion and within Kenya as a whole (Table 5). Up-scaled values of to-
tal mangrove AGB in megatonnes (Mt) were calculated by
multiplying the regional level estimates of mean AGB (Mg ha-1)
shown in Fig. 8 by the corresponding estimate of total mangrove
cover (ha) for each region (Table 4). There was no inventory data
available for mangroves at Kilifi and Tana River therefore it was
not possible to estimate mean AGB for these regions. For the pur-
poses of up-scaling it was assumed that the mean AGB of man-
groves at Kilifi and Tana River lies somewhere between that of
Mtwapa Creek (the lowest regional mean) and Kiunga (the highest
regional mean). Thus for sites Kilifi and Tana River two sets of pos-
sible values of total AGB (‘Low’ and ‘High’) were calculated using
the lowest (Mtwapa Creek) and the highest (Kiunga) of the regional
level estimates of mean AGB. Consequently there are also two sets
of estimates of the total AGB of Kenyan mangroves; one in which
the lowest estimates for Kilifi and Tana River were added to the to-
tal AGB of the other regions (‘Kenya Low’) and one in which the

Fig. 5. Group-specific random effects (±95% PI) for the intercept and the coefficients of diameter and height. The solid line at zero represents no departure from the fixed
effects estimate for each parameter and the dashed lines on either side are the upper and lower limits of the 95% CI of the fixed effects estimate. Species_site groups
correspond to the first four letters of the species followed by the first three letters of the site (see Table 1). Numbers in parentheses denote sample size for each group.

Fig. 6. Total above-ground biomass (AGB) in kg as measured for each tree in the
Zambezi harvest dataset versus the corresponding median fitted value (kg ±95% PI)
from model VIII. The 95% PI is the difference between the 97.5% and 2.5% quantiles
of the simulated distribution of possible values of median AGB for each tree. The
reference line represents a 1:1 correspondence between observed and fitted values.
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highest estimates were used (‘Kenya High’). Lamu District (South
Lamu + Kiunga) holds the highest proportion (�69–75% dependent
on Kenya total) of mangrove AGB in Kenya (Table 5). Despite hav-
ing one of the lowest estimates of mean AGB the estimated total
AGB of mangroves at Mida Creek is more than double that of Gazi
Bay due to the higher mangrove cover at Mida Creek.

The uncertainty around the estimates of total AGB are generally
well constrained for all regions (Table 5). However, the Low and
High estimates of total AGB for Kilifi and Tana River differ by a fac-
tor of �2.7. This constitutes another level of uncertainty for these
regions and consequently the overall total for Kenya which differs
by �8% between Low and High estimates.

4. Discussion

4.1. Applicability and interpretation of Model VIII

This study used mixed-effects modelling to account for both
species and site variability in the allometric relationship for man-
groves producing a generic equation for Kenyan mangroves and a
set of species-site specific equations. The procedure for uncertainty
propagation employed in the current study ensures that estimates
of AGB at different spatial scales are accompanied by a realistic
measure of the total uncertainty. It is important to note that
although mangroves have been used as a case study here, the kind
of models and methodologies presented can be regarded as broadly
applicable to forests in general.

The practical application of the equations developed in the cur-
rent study is dependent on the target of inference. The set of spe-
cies-site specific equations are only applicable to four species
within the Gazi Bay region and simulations using these equations

account for the uncertainty in predicting the AGB of a new tree
within a pre-existing group. In contrast, the generic equation has
a much broader application as it can be used to predict the AGB
of new trees where there is no pre-existing knowledge of the spe-
cific species-site allometric relationship: the most commonly
encountered scenario in practical biomass studies. The generic
equation offers a far better solution than simply disregarding the
additional uncertainty involved in applying an equation that was
perhaps derived for a different species and/or a different site.

The predictions of AGB from model VIII show good correspon-
dence with the observed values of AGB used to fit the model
(Fig. 3). Perhaps more importantly, the median fitted values of
AGB (±95% PIs) from model VIII show good overall correspon-
dence with the observed values of AGB for trees within the
Mozambican validation dataset (Fig. 6). This would seem to indi-
cate that accounting for variance due to species and site effects in
biomass regression models is important if they are to be used
effectively elsewhere to predict AGB. Indeed, a large proportion
of the total variance in model VIII was attributed to between-
group variability in the coefficients of the predictive variables
diameter and height (Fig. 4). Both species and site specificity in
the allometric relationship for mangroves is indicated by the
group-specific random effects (Fig. 5). Most groups show some
overlap in predicted random effects but there are some differ-
ences between species at the same site (species_Gaz groups)
and between sites for the same species (Rhiz_site groups). How-
ever the use of a combined species_site grouping factor precludes
any conclusion regarding the relative contribution of each factor
(species and site) to the total variance in the allometric relation-
ship. It is also not possible to formally assess the potential contri-
bution of a study effect to the predicted random effects in this

Fig. 7. Estimated median above-ground biomass (AGB) of each plot within the forest inventory dataset (±95% PI). Plots have been grouped according to the eight regions
identified in the inventory dataset. For each region plots appear in ranked order from low to high estimated AGB. The 95% PI is the difference between the 97.5% and 2.5%
quantiles of the simulated distributions of possible values of median AGB for each plot.
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study. However, as mentioned in Section 2.2.2 any such effect is
assumed to be minimal due to the general agreement in method-
ology across studies included in the harvest dataset. The only
study which differed notably in methodology was that of Lang’at
(2008) where total above-ground biomass comprised stem weight
only (Table 1). In this case the sample size was fairly small (15
trees) and re-fitting model VIII after excluding this dataset did
not substantially alter the fixed effects estimates, predicted ran-
dom effects or residual variance.

In modelling the covariance of the distribution of random ef-
fects, the constraints imposed by the mixed-effects model used
in the current study on the estimated correlation parameters
may be considered too restrictive when more than two coefficients
vary by group (Gelman and Hill, 2007). Although outwith the scope
of the current paper; an alternative approach for future study
would be to use a scaled inverse-Wishart distribution as the prior
for modelling the covariance matrix of the random effects in a fully
Bayesian model (Dietze et al., 2008; Gelman and Hill, 2007).

Ideally regression models should not be applied outwith the
data range for which they were derived (Chave et al., 2005; Chave
et al., 2004). The lack of large tree harvest data means that extrap-
olation is often a practical necessity when estimates of AGB are
needed for large trees within forest inventory datasets. In this
study, it is assumed that the log-log linear relationship will hold
for trees beyond the original data range. It is, however, acknowl-
edged that this may not be the case and that the estimates of
AGB for trees outwith the data range recorded in harvest dataset
will include additional uncertainty due to extrapolation. Only a
very small proportion of trees in the inventory dataset (0.1%) had
a recorded diameter exceeding that found within the harvest data-
set and none exceeded the height range. However, the effect of
having limited information regarding the allometric relationship
for large trees is apparent in the poorer model fit at higher AGB val-
ues (Fig. 3). It is also apparent (to some degree) in the width of the
prediction intervals around the larger trees in the validation data-
set and the estimates of AGB at the plot, regional and landscape le-
vel. This is presumably due to the fact that by accounting for the
covariance of the predictive uncertainty at the single tree level in
producing estimates of AGB at aggregated levels (e.g. a plot) the
aggregated predictive uncertainty is realistically larger than if the
AGB of multiple trees had simply been summed (Wutzler et al.,
2008). In addition, the greater width of the PIs for larger trees is
an inevitable consequence of using a log-normal model where
the variability is related to the mean on the linear scale. An ap-
proach to consider for future study would be to investigate the
use of alternative distributions for the variability.

The 95% PIs in the current study are generally well constrained
given that measurement and predictive uncertainty have been
fully propagated to estimates. In addition, prediction intervals take
into account both the uncertainty in estimating the conditional
mean of the response and the variability in the conditional distri-
bution of the response and as such are generally larger than the
frequentist confidence intervals employed to represent uncertainty
in most other studies. However, for a few of the plots in the inven-
tory dataset the upper limit of the PI around the median estimate
of AGB is exceptionally high (Fig. 7) and exceeds the highest levels
of AGB previously reported for mangroves. The effects of both
extrapolation and small plot size could possibly explain these ex-
treme upper PI values for selected plots. All of the affected plots
measure just 10 � 10 m and contain two or more large diameter
trees which in some cases exceed the maximum diameter
(48.9 cm) found in the harvest dataset. The presence of a few large
trees in a small plot can skew results, however tree level and sam-
pling uncertainties tend to be reduced in larger plots (Chave et al.,
2004).

4.2. Comparison and interpretation of large-scale AGB estimates

Previous allometry/biomass studies conducted in Kenya have
focused on the development and application of species-specific
allometric equations to mangroves at a particular site. As a result
existing published estimates of AGB for Kenyan mangroves are
on a species by site basis and in many cases refer to monoculture
plantation forest established at Gazi Bay (Kairo et al., 2009; Kairo
et al., 2008; Tamooh et al., 2009). Estimates of AGB for natural
mangrove forest in Kenya vary considerably between sites but also
between studies conducted at the same site. Within the Mida
Creek area Gang and Agatsiva (1992) estimated the AGB of Rhizo-
phora forest as 11.8 Mg ha�1. However, their estimate is based on
the data from just one plot and there is no mention of how this
estimate was derived (Gang and Agatsiva, 1992). For the same spe-
cies at Gazi Bay Slim et al. (1996) and Kirui et al. (2006) produced
substantially higher estimates of mean AGB at 249 Mg ha�1 (± s.d.
40.1) and 452.02 Mg ha�1 respectively. Similar to the study by

Fig. 8. Estimated mean AGB (±95% PI) of mangroves within each region. The 95% PI
is the difference between the 97.5% and 2.5% quantiles of the simulated distribution
of possible values of mean AGB for each region.

Table 5
Estimated total mangrove above-ground biomass (AGB) for Kenya and for each region
within Kenya.a

Region 2.5% Quantile
of total AGB (Mt)

Mean of total
AGB (Mt)

97.5% Quantile of
total AGB (Mt)

Mtwapa Creek 0.032 0.038 0.048
Mida Creek 0.116 0.128 0.143
Mwache 0.237 0.272 0.331
Gazi Bay 0.055 0.060 0.070
South Coast 0.242 0.267 0.304
Vanga 0.388 0.449 0.556
South Lamu 3.260 3.486 3.749
Kiunga 0.851 0.951 1.073
Kilifi (Low) 0.039 0.047 0.059
Kilifi (High) 0.114 0.128 0.144
Tana River (Low) 0.211 0.250 0.315
Tana River (High) 0.613 0.685 0.774
Kenya Total (Low) 5.431 5.947 6.648
Kenya Total (High) 5.908 6.464 7.192

a 1 Megatonne (Mt) = 1 million tonnes. The uncertainty around estimates of total
AGB for each region is represented by the 2.5% and 97.5% quantiles of the mean.
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Gang and Agatsiva (1992) the estimate of AGB from Slim et al.
(1996) was based on the application of their allometric equation
to Rhizophora trees within one 20 � 20 m mono-specific plot and
therefore cannot reasonably be assumed to represent the variabil-
ity of Rhizophora forest within Gazi Bay. The highest estimate from
Kirui et al. (2006) is more akin to the level of AGB found in man-
groves in South East Asia (Komiyama et al., 2008) and it is not clear
how their mean estimate was derived. In contrast to previous stud-
ies, this study has focused on providing estimates of mangrove AGB
at varying spatial scales. This different approach means that the
estimates provided here are not readily comparable with those
from previous biomass studies conducted in Kenya. However, to
facilitate some kind of comparison the outputs of the simulation
procedure (Section 2.2.4) were sub-set to provide an estimate of
mean AGB for just Rhizophora forest at Gazi Bay of 134.5 Mg ha�1

(95% PI range 125.1–146.8 Mg ha�1).
Estimates of biomass density (mean Mg ha�1) at large spatial

scales such as those produced in the current study can be regarded
as a comparative tool by which to assess the level of AGB at differ-
ent sites/regions or between countries or forest types. Levels of
mean AGB have been found to vary considerably between man-
grove forests across the globe (see review by Komiyama et al.,
2008) ranging between 31.5 Mg ha�1 (± s.d. 2.9) for pioneer man-
grove forest in French Guiana (Fromard et al., 1998) to
536.6 Mg ha�1 (95% CI range 327.6–743.5 Mg ha�1) for mangroves
in Micronesia (Donato et al., 2012). Such broad-scale variability can
be attributed to differences in floristic composition, climatic condi-
tions, hydrology, geomorphology, successional stage and distur-
bance history (Fromard et al., 1998).

The regional estimates of mean AGB (±95% PI) shown in Fig. 8.
represent a best attempt at summarising the level of AGB within
different mangrove regions in Kenya. The two regions with the
lowest estimated mean AGB were Mtwapa Creek (72.8 Mg ha�1,
95% PI range 61.4–91.9 Mg ha�1) and Mida Creek (77.1 Mg ha�1,
95% PI range 69.9–86.2 Mg ha�1) and are comparable to the level
of AGB (71–85 Mg ha�1) found in mixed mangrove forests domi-
nated by R. mucronata and A. marina in Sri Lanka (Amarasinghe
and Balasubramaniam, 1992). The estimate for Mida Creek is
somewhat lower than expected and could be due to insufficient
inventory data from this region (n = 14 plots) but it is also likely
reflective of the level of forest degradation in this area due to illegal
and poorly managed logging practices (Kairo et al., 2002). The re-
gion with the highest estimate of mean AGB was Kiunga NMR
(199.6 Mg ha�1, 95% PI range 178.6–225.3 Mg ha�1). This level of
AGB is comparable to that reported for mangroves in Micronesia
(Donato et al., 2012; Kauffman et al., 2011) and mature coastal
mangroves in French Guiana (Fromard et al., 1998) and exceeds
the estimate by Donato et al. (2011) of 169.9 Mg ha�1 for oceanic
mangroves in the Indo-Pacific region.

Although the estimates of AGB produced in this study are statis-
tically robust, it is important to note the underlying assumption
that estimates at large spatial scales have been obtained using a
sample which is representative of the variability in forest compo-
sition and structure within the area in question (Chave et al.,
2004). The estimates of mean AGB in this study were derived using
all available current inventory data for each region. It seems rea-
sonable to assume that due to the sampling strategy employed
(stratified random) and the comparatively large sampling effort
(total number of plots sampled) that the mangrove areas in the
South of Kenya (Gazi Bay, Mwache, Mtwapa Creek, South Coast
and Vanga) have been adequately sampled. In addition, the large
within-region variability in estimates of median AGB at the plot le-
vel (Fig. 7) would suggest that there has been no sampling bias in
terms of plot location, for example by preferentially locating plots
in areas likely to yield high biomass and that the range of possible
biomass values within each region has been adequately captured.

The regional estimates for Mida Creek and Lamu District (South
Lamu and Kiunga) are based on relatively small inventory datasets
(n = 14 plots in Mida Creek, 25 in South Lamu and 16 in Kiunga)
due to the larger resource requirement and practical difficulties
(e.g. accessibility) associated with sampling areas in the North.
While the sampling strategies employed in these regions (random
and stratified random) are appropriate from a statistical point of
view; it is recommended that further data collection is undertaken
in order to increase sample size and ensure representivity in these
regions. This is particularly important in the case of Lamu District
which covers a large geographical area and is worthy of further
division into smaller sub-regions. For example, the mangroves of
Dodori Creek (Dodori National Reserve, Lamu District) were not
sampled in the current study but should probably be considered
as a distinct mangrove system.

In considering the regional and Kenya-wide estimates of total
AGB provided in Table 5 it is acknowledged that: (1) the estimates
of mean AGB (±95% PIs) used in up-scaling are assumed to be
regionally representative as discussed above and (2) the uncer-
tainty associated with the estimates of mangrove cover derived
from the remote sensing data has not been accounted for. Bearing
in mind these caveats the estimates (±95% PIs) shown in Table 5
can still be viewed as a useful comparative overview of the level
of total AGB stocks currently held within each region. There is
undoubtedly scope for large-scale estimates to be further refined
in the future. In particular there is a need for current inventory
data to be collected within the regions Kilifi and Tana River (as de-
fined in this study) not only to constrain the regional estimates but
also the Kenya-wide estimate of total AGB. In addition, if and when
future remote sensing work allows for the detailed mapping of
mangrove cover and structural characteristics in each region it
may become possible (and desirable) to produce large-scale esti-
mates of AGB based on up-scaling by forest strata.

The stratification of forest cover is recommended for the report-
ing of forest carbon pools (IPCC, 2006) and there are a variety of
stratification options still under consideration for future REDD
reporting (Maniatis and Mollicone, 2010). Mangroves are generally
considered to display species zonation and have traditionally been
stratified by such ‘zones’ (Hogarth, 1999). However, not all man-
groves display well-defined patterns of zonation (e.g. Mida Creek)
and other options for stratification for example based on structural
characteristics may be more appropriate in some situations. Vari-
ous remote sensing techniques have been used in recent years to
map mangroves at fine to large spatial scales (see review by
Kuenzer et al., 2011). Such techniques offer the potential for fast
and repeatable estimates of cover, and in the case of radar remote
sensing above-ground biomass to be made based on mangrove
structural parameters (Fatoyinbo et al., 2008; Held et al., 2003;
Lucas et al., 2007).

It is anticipated that if required and pending any further collec-
tion of new harvest data, the model and methodology for uncer-
tainty propagation presented in the current study could be used
to produce estimates of mean AGB for use in future up-scaling
exercises based on some stratification system with only minor
modification to the existing procedures.
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Appendix 2: Chapter 3 OLS model results  
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Table A2.1: Estimated fixed-effects parameters (± std. error) and associated regression statistics 

from the ordinary least squares regression model (OLS model) presented in chapter 3 section 3.2.4
a
 

a b1 b2 ɛ R
2
 P value 

2.68920  

(± 0.02345) 

1.77963  

(± 0.06327) 

0.63810  

(± 0.06423) 

0.4304 0.88 < 0.001 

a 
a is the fitted intercept, b1 and b2 are the coefficients for the predictive variables stem diameter and 

height respectively and ɛ is the residual variance.  Parameter estimates and std. errors are log values. 

 

 

Fig. A2.1:  Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) for an estimate of plot AGB at the regional scale obtained using the OLS 

model.  Numbers above bars represent the percentage decrease in the mean 95% PI under each 

uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs between 

uncertainty scenarios 2 to 4 are not additive. 
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Fig. A2.2: Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) obtained using the OLS  model for plots of low, medium and high 

estimated AGB.  Numbers above bars represent the percentage decrease in the mean 95% PI under 

each uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs 

between uncertainty scenarios 2 to 4 are not additive. 
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Fig. A2.3: Effect of removing components of uncertainty on the magnitude of the mean 95% 

prediction interval (95% PI) obtained using the OLS model for trees of low, medium and high 

estimated AGB.  Numbers above bars represent the percentage decrease in the mean 95% PI under 

each uncertainty scenario compared to scenario 1.  Please note that % changes in the mean PIs 

between uncertainty scenarios 2 to 4 are not additive. 
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