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Abstract Above ground biomass (AGB) estimation is vital for monitoring carbon
storage and ecosystem fluxes, especially in tropical forests for climate mitigation in
the Global South. The Global Ecosystem Dynamics Investigation (GEDI) instrument
offers high resolution forest monitoring; however, field measurements are crucial
to enhance spatial accuracy. This study assessed the limitations of using machine
learning models trained on GEDI data to estimate AGB for two distinct forest
ecosystems in Kenya: Kakamega National Forest Reserve (KNFR) and Karura Forest
Reserve (KFR). Our specific objectives were (i) developing Random Forest (RF)
machine learning model using GEDI data for training, (ii) comparing GEDI estimates
with field measurements, and (iii) quantifying the limitations of using integrated
GEDI-RF model. Plots were coincided with GEDI beams for comparison to assess
variability and bias in AGB estimates. The p-value of 0.005 for heteroskedasticity
in KNFR indicated high variability and bias of the GEDI-RF model relative to
the field measured model. In contrast, p-value of 0.195 for heteroskedasticity in
KFR indicated low variability and bias of the GEDI-RF model relative to the field
measured model. 55% of plots which coincided with GEDI had less than 10% relative
difference in AGB estimates between models. Plots outside of GEDI had a relative
difference in AGB estimates between models greater than 10%. Relative to the field
measured model, the GEDI-RF model overestimated AGB values less than 100 Mg
ha™' and underestimated greater than 200 Mg ha™'. This study contributes to effective

forest monitoring, carbon accounting, and conservation in heterogeneous forests.
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Introduction

Accurate predictions of Above Ground Biomass
(AGB) in forests ecosystems are relevant for
predicting terrestrial carbon changes (Feitosa
et al. 2023) and implementing climate change
mitigation programs, such as carbon trading
schemes (Chirici et al. 2022). For instance, climate
mitigation programs like reducing emissions from
deforestation and forest degradation (REDD+)
in the Congo basin and Amazon rainforest
heavily relies on credibility and accuracy of AGB
predictions (Demarchi et al. 2023, Morgan et
al. 2023). Similarly, the European Union (EU)
transition towards renewable energy in some
member states highlights forest biomass as a
necessary precursor to a successful bioeconomy
(Kikuchi et al. 2018). Therefore, AGB estimations
allow optimization of forest resources and
improve our understanding of vital forest functions
(Augusto & Boca 2022).

Assessments  providing AGB  estimations
facilitate the evaluation of ecosystem services
(ES) and ecological monitoring, which are vital
for determining the state of forest ecosystems with
reference to biodiversity and productivity on a
spatial-temporal scale (Schneider et al. 2021).

Approaches in AGB estimation have favoured
remote sensing methods because they offerrelative
accuracy in prediction in the context of spatial-
temporal dynamics for large and inaccessible
forest ecosystems (Rodrigues et al. 2023, Ma et
al. 2024). Within the tropics, traditional methods
for biomass estimation that utilize allometric
equations (Adinugroho et al. 2023), which
typically involve individual tree measurements
of tree diameter at breast height (DBH), wood
density (WD) and tree height (H), are expensive
especially for those requiring periodic monitoring
in forest research. Sebrala et al. (2022a) similarly
identified the high costs of data acquisition at plot
level as a key limiting factor in forest monitoring
within the Global South.

Research highlighting changes in carbon
levels through the monitoring of forest biomass
are more comprehensive in the Global North as
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opposed to the Global South (Tetere & Zeverte-
Rivza 2023, Munteanu et al. 2024).

Inthe Global South, where tropical forests play
a critical role in climate mitigation (Nesha et al.
2021), few countries have established National
Forest Inventories (NFI). The NFI consist of
temporary and permanent plots established in
different forest ecosystems to assist in the long-
term monitoring and systematic assessments of
forest stock at national level (Tomppo 2004).

While remote sensing approaches have
several advantages with evolving technologies
to reduce uncertainty of AGB predictions,
many studies have highlighted the variations
in spatial, spectral reflectance, and temporal
resolutions (Osewe et al. 2022), which affect
quality of optical data for processing (Dutca et
al. 2019, Osewe & Dutca 2021).

Complex stand structures and species
variability found in dense tropical rainforest
ecosystems contribute to the uncertainties
associated ~ with  prediction of AGB
(Moundounga Mavouroulou et al. 2014).

Approaches that heavily rely on remote
sensed data without plot data validation have yet
to fully capture the critical ecological functions
essential for maintenance of global biodiversity
(Hemingway & Opalach 2024), and climate
regulation (Francini et al. 2023).

Integration approaches seeking to avert
collinearity using allometric biomass models
and remote sensed radar data are also influenced
by signal saturation (Joshi et al. 2017), which
limit their ability for accurate predictions
(Hansen et al. 2013).

High acquisition costs associated with airborne
lidar technologies (Shannon et al. 2022), and
field surveys methods which provide detailed
measurements of tree biometrics and stand
structure with relatively lower standard of error,
prohibit their widescale application within the
Global South (Ramachandran et al. 2023).

To address the gap of improving forest canopy
observations by providing comprehensive
details on forest and vegetative structure, the
Global Ecosystem Dynamics Investigation
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(GEDI) instrument offers a practical and
convenient alternative (Silva et al. 2021).

GEDI is a spaceborne high-resolution lidar
instrument on the international space station (ISS)
that uses pulses of laser light to measure three-
dimensional structures on the earth’s surface
(Dubayah et al. 2020). From GEDI, the observable
waveforms provide information on canopy height,
vertical structure, topography, and canopy cover
(Bruening et al. 2023, Magruder et al. 2024).

The expansive coverage of GEDI between
51.6° N to 51.6° S over tropical and temperate
forest avails the much-needed information on
canopy height, canopy cover and tree vertical
profiles which could be integrated with data
from high-resolution satellites like Landsat and
MODIS to carry out modelling of dense forest
ecosystems (Narin et al. 2024).

The detailed analysis of forest structure
infers information about suitability of habitats,
which is an indicator for biodiversity and
species distribution (Osewe et al. 2022, Brodie
et al. 2023).

In the comparative analysis between
spaceborne lidar instruments of GEDI and
the Ice, Cloud, and Land Elevation Satellite-2
(ICESat-2), Urbazaev et al. (2022) concluded
that both instruments exhibited a high level
of accuracy for estimation of terrain elevation
measurements in most of the major forest types
except for tropical upland forests, where GEDI
performed relatively better owing to the signal
threshold (Hancock et al. 2019a).

Furthermore, Mohite et al. (2024)
established that data fusions which incorporate
species- and site-specific forest aspects in India
improved predictor accuracy of GEDI when
integrated with other satellite data sources
for AGB estimation. In Spain, Quiros et al.
(2021) highlighted efficiency of combined
model approaches to avert limitations of point
sampling resolution grids from the GEDI.
Similar studies (Gelabert et al. 2024, Stan et
al. 2024) have also suggested integration of
ground validation data to improve the accuracy
of AGB estimations using GEDI.
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Previous studies (Murrins Misiukas et al.
2021, Fassnacht et al. 2024), using remote
sensing approaches to estimate AGB for
tropical forest ecosystems, have highlighted
the limitations associated with the lack of plot
level measurements which could provide the
local context, existing ecological variations,
and data for validation.

This research addresses the gap by
incorporating individual tree measurements
i.e., DBH, H, and species obtained at plot level
using the Arboreal-digital calliper (Lindberg
2020) to compare with measurements from
GEDI. The Arboreal digital calliper is an
alternative to traditional methods of field
data collection in forest research which are
typically laborious, expert dependent and
expensive. Other studies have also concluded
that Arboreal-digital calliper is an accurate
alternative in the assessment of three similar
applications i.e., Trestima app, Katam app and
Arboreal (Sandim et al. 2023).

Our approach leverages on GEDI to provide
high quality details on the canopy cover and
vertical structures (Pascual et al. 2023) for
two different forest ecosystem types (tropical
unmanaged rainforest versus urban managed
forest) and to reference them with sample plot data
that are positioned along a line transect to coincide
with GEDI sensor beams for accurate comparison.

This study builds on ongoing research
seeking to improve methodologies for AGB
estimations using GEDI for tropical regions in
the Global South that lack NFI data (Calders et
al.2023, Wang et al. 2024a). This study assessed
the limitations of using machine learning
models trained on GEDI data to estimate AGB
for two distinct forest ecosystems in Kenya:
Kakamega National Forest Reserve (KNFR)
and Karura Forest Reserve (KFR).

Our specific objectives were (i) to develop
Random Forest (RF) machine-learning model
using GEDI data for training, (ii) to compare
GEDI estimates with field measurements,
and (iii) to quantify the limitations of using
integrated GEDI-RF model.
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Materials and Methods
Study area

Our study areas consist of two different forest
ecosystems in Kenya detailed in Figure 1,
KNFR with a current size of 19,792.4 ha,
which is the last remaining intact tropical
rainforest in Kenya (Bleher et al. 2006, Osewe
et al. 2022) and KFR with the size of 1,041 ha,
which is an important urban forest ecosystem
in the capital city of Nairobi (Manji 2017).

This comparative assessment of two different
forest ecosystems provides insights into the
impact of forest type variations on AGB
estimates i.e., the effect of species composition
and diversity (Yao et al. 2022), the effect of
forest structure and stand density (Ullah et al.
2021), the effect of tree age and succession
stages (Rozendaal et al. 2022) and the impact
of disturbance and management regimes on
AGB estimation (Shi et al. 2021).

The sampling regime for KNFR
accommodated the heterogeneity of species
amongst the three national reserves (Kakamega
Forest Reserve, Kakamega National Reserve
and Kisere National Reserve) and two
nature reserves (Isecheno and Yala) (Osewe
et al. 2022). In KFR, the plot sampling
accommodated the heterogeneity of species
by capturing the silvicultural treatments i.e.,
undisturbed indigenous sections, planted
sections which were cleared and replanted
under various regimes and undisturbed old-
growth forest sections (Keige 2019).

Figure 1 Map of study areas in Kenya.
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Data

This study leveraged on data from GEDI
by creating a region of interests (ROI) with
coordinates to provide relevant information on
canopy cover, height, and vertical tree profile
metrics for KNFR and KFR. The data products
based on the ROI were accessed from GEDI
Level 2B canopy cover and vertical profile metrics
product (Dubayah 2021). To obtain high quality
data, only GEDI waveforms with fidelity greater
than 0.95 were selected (Zhang et al. 2022), which
had footprints transecting respective study areas.

The dataset was further filtered by applying
a maximum allowable difference of 50 meters
between the lowest elevation detected by GEDI and
the actual terrain elevation (Pascual et al. 2025).

The downloaded data from GEDI Level
2B product in hierarchical data format was
converted to a spatial points data frame using
a customised R-script based on Silva et al.
(2018) in R-studio software.

The spatial points data frame variables were
exported as shapefiles compatible with open-source
geographic information system software (QGIS).

Using QGIS software (QGIS Project, 2023),
the shapefiles were analysed to provide visual
representation of the forest canopy cover, vertical
structure, precise references for latitude and
longitude along the path of GEDI laser beams of
25 meters footprint (Hancock et al. 2019b).

Coordinates of sample plots in both KNFR
and KFR were determined based on the precise
latitude and longitude references to coincide
with the path of GEDI laser beam on QGIS
software as shown in Figure 2.

Plot sampling regime were established to
accommodate the heterogeneity of species,
disturbance and stand development stages i.e.,
stand initiation stage to old growth stages for
KNFR and KFR.

To capture ecosystem variability of the
two different forest types, sample plots
were evenly distributed at consecutive 60 m
intervals coinciding with the GEDI path in a
line transect format progressing inwards from
the forest edge as detailed Figure 2.
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(a) Excerpt of plots (PT) aligned with GEDI laser beam path
in Karura Forest Reserve
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(b) Excerpt of plots (PT) aligned with GEDI laser beam
path in Kakamega National Forest Reserve

Figure 2 Excerpt of plot sampling regime aligned with GEDI laser beam path.

We overlaid required specifications on a
lidar-enabled handheld device to establish
circular plots of size 500 m?, with the centre
determined using coinciding coordinates
and the boundary extent on a real-world
environment through an augmented reality
(AR) platform (Tom Dieck et al. 2021) created
by the Arboreal application (Lindberg 2020).

With the generated perceptual information,
we identified individual trees as shown in
Figure 3 within each plot and measured their
diameters > 10 cm at 1.3 meters (DBH).

The Arboreal application offers high
accuracy with negligible difference compared
to traditional methods of using calliper or tape.
For instance, Borz et al. (2024) statistically
compared accuracy in measurement of DBH
using Arboreal application with callipers in
forest survey and determined a high degree

‘t Common name/ Local name is “Siala™

English name is the Nile tulip

Scientific name is Markhamia litos

Diameter estimate from tipe measurement,
Circumference =2 (L r
105 em=21Lr
1599 cm=r

Diameter = 2.1 = Tocm

Diameter = 32cm

Figure 3 Field measurement of DBH using Arboreal
digital calliper.

RENR R

of concurrence. Sandim et al. (2023) similarly
highlighted reliability of the Arboreal
application towards averting limitations of
cost in data acquisition and time spent in the
field plots during measurements.

Within the AR environment, measured trees
were virtually tagged to avoid duplication in
measurement, to show species and the fixed
positions of trees within each plot. Arboreal
application estimated the average H measurement
per species within every plot based on the DBH
measured. In KFR and KNFR, we identified a
total of 47 unique tree species and measured the
DBH for a total of 1445 trees in KNFR (34 plots)
and 1603 trees in KFR (32 plots). A minimum of
three plots per GEDI path were selected based on
footprint distribution across major forest types in
KNFR and KFR, ensuring representativeness of
the ecosystem.

Data Processing

Estimating AGB using a machine-learning
model with GED/ data as training

The data was processed using a series of steps:
indices were first extracted from Sentinel-2
satellite imagery and elevation data from the
Shuttle Radar Topography Mission (SRTM).
These indices were used to extract predictors
for developing a machine-learning model. The
model was trained using GEDI data.
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Image and auxiliary data processing

To process the data, images within the
ROI with less than 5% cloudy pixels were
filtered, creating a median composite. This
composite was reprojected to the specified
projection system (EPSG: 4326) and rescaled
to a 10-meter pixel size (Wen et al. 2024). We
also incorporated the dataset from the SRTM
mission version 4 to provide accurate elevation
information and high-resolution information
about the terrain, allowing for detailed
measurements of elevation within the study
areas. Moreover, the SRTM dataset enhanced
our understanding of the topographical features
and characteristics in the study area’s terrain
(NASA Jet Propulsion Laboratory 2024).

Predictors extraction

Predictors emerged as a refined dataset after
applying filtering and processing techniques to
a range of band combinations and indices from
Sentinel-2 satellite images. These images were
only used in the extraction of predictors for
developing the machine-learning model. They
included the NDVI (Normalized Difference
Vegetation Index) which facilitated the
identification of vegetated areas by contrasting
near-infrared and red-light reflectance (Basak
et al. 2023), the Shadow Index (SI) excels that
detected shadows, and the SAVI (Soil-Adjusted
Vegetation Index) which assessed vegetation by
adjusting for soil brightness (Fadl et al. 2024).

The EVI (Enhanced Vegetation Index)
improved  sensitivity in  challenging
environmental conditions, whereas the BI
(Bare Soil Index) highlighted areas devoid
of vegetation, such as bare soil or mineral
surfaces (Wang et al. 2024b).

Finally, the NDII (Normalized Difference
Infrared Index) evaluated plant moisture
levels through infrared light analysis (Alados
et al. 2022). These indices augmented the
band information and enhanced the analysis
of vegetation and shadow characteristics,
expanding the analytical capabilities of the
image processing approach (Boali et al. 2024).
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Machine-learning modelling

A machine-learning algorithm model was
developed using GEDI data as input (Vrtac
et al. 2024). Specifically, we used the RF
algorithm (Khajavi & Rastgoo 2023). Breiman
(2001) highlighted the effectiveness of RF as an
algorithm in supervised learning to minimize
prediction variance by combining multiple
decision to generate random subsets of data
(Zhang et al. 2024). Each tree in the forest was
trained on a random subset of the training data
and features. At test time, the random forest
took the average (for regression) or majority
vote (for classification) of the predictions from
each of the individual trees to make its final
prediction (Cha et al. 2021).

The hyperparameters of the RF algorithm,
including critical parameters, such as the
number of trees, maximum depth, minimum
samples per split, and the number of features
considered for splitting at each node, were
meticulously optimized using a grid search
approach (Bischl et al. 2023). This method
systematically  evaluated the  model's
performance by exhaustively testing all
possible combinations of hyperparameter
values within a predefined range (Niu et al.
2020). This approach ensured the selection
of the configuration that not only maximized
predictive accuracy, but also minimized
overfitting (Probst et al. 2019), enabling the
model to generalize effectively unseen data.

Previous studies have stated the effectiveness
of the RF algorithm when dealing with
intricate and nonlinear decision boundaries,
making it suitable for both categorical and
continuous target variables (Nieto et al.
2024, Sarkar et al. 2024). It has also proven
capabilities in managing datasets with noise
and high dimensionality (Divason et al. 2023),
showcasing resilience against overfitting
and enhancing the overall generalization
performance of the model (Ramampiandra et
al. 2023, Vuillod et al. 2024).
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The RF incorporates randomization techniques
in feature selection and training data for each tree,
minimizing the correlation among trees (Sun
et al. 2024), and enhancing model accuracy
(Lei et al. 2024). Therefore, RF performs well
when handling large datasets characterized by
numerous variables and intricate interactions
(Mellor et al. 2015), which makes it suitable
for our two study areas (Lee et al. 2024).

To check our model performance relative to
the field measured AGB estimates, we tested
heteroskedasticity to assess bias using the
Bland-Altman analysis (Giavarina 2015).

Estimating AGB based on field

measurements
To estimate AGB based on the field
measurements, we used non-destructive

approaches (Krause et al. 2023) by exploring
available literature for species-specific
allometric equations (Appendix, Table Al) for
the most abundant species.

For the less occurring species, we used
site-specific allometric equations (Kuyah et
al. 2012, Nyamukuru et al. 2023), and used
the same allometric equations for trees with
similar growth rates when species-specific
equations were unavailable (Sebrala et al.

GEDI L2B Gridded Aboveground Biomass Density
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2022b). Similar studies have established that
species and site-specific allometric equations
reduce levels of uncertainty associated with
ecotype variations in AGB estimation (Pati et
al. 2022, Mulatu et al. 2024).

All the allometric equations incorporated in
the R-studio script relied on DBH as the only
variable with specie-specific coefficients to
account for the uncertainty (Picard et al. 2012).
Within the R-studio, we defined functions
based on the allometric equations to calculate
the biomass for each species.

The results were compiled into a list
corresponding to each of the tree species. The
AGB estimate for each tree species was added as
a new column to the dataset, and a total estimate
was calculated for each plot in the study areas.

Using the Shapiro-Wilk Test in R Studio (Das
& Imon 2016), we checked the normality of
the distribution of the differences between the
AGB estimate from field measurements and the
AGB estimate from the integrated GEDI-RF
to determine the appropriate statistical test. For
a normal distribution of data, a paired t-test is
appropriate (Krzywinski et al. 2014). For data not
normally distributed, a Wilcoxon Signed-Rank
Test is appropriate (Rey & Neuhduser 2011).

GEDI-RF model Aboveground Biomass Density

Kakamega Forest

+ B

o 300 b

Figure 4 Estimating AGB with wall-to-wall coverage from integrated GEDI-RF model.
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Results

Estimating the AGB using GEDI with the
RF machine-learning model

The GEDI beams provided extensive coverage

of the country, with available footprints of spatial _

resolution 25 metres in a gridded format resulting
in gaps in certain areas as shown in Figure 4.

The aggregation of data to a 1 km resolution
in GEDI product smoothed out spatial variability
and missed finer scale landscape features because
of the 600 m spacing footprints across track. This
meant that some areas within each 1 km lacked
direct GEDI measurements. This was averted
by integrating the RF machine-learning model
trained on GEDI data to generate continuous
wall-to-wall AGB estimates at 10 m resolution,
effectively filling in the gap within gridded areas
where GEDI footprint was absent to provide a
complete spatial coverage in all areas.

At a 10-meter resolution, the integrated GEDI-
RF model captured finer details within the study
areas by filling the gaps from GEDI data to
produce continuous AGB estimation. Based on
the integrated GEDI-RF model, the total AGB
estimate for the county was 2.36 billion Mg,
which is equivalent to 1,108 Mt COze according
to the Intergovernmental Panel on Climate Change
(TPCC) conversion factor (Clarke & Wei 2023).

Regional AGB estimates in Kenya

Atregional level, there were high estimates of AGB
between 117.4 to 2454 Mg ha' and 94.3 to 1174
Mg ha in the Western, Southwestern and Central
regions of Kenya as detailed in Figure 5. Moderate

Table 1 AGB estimates for the study areas in Kenya.
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Figure 5 AGB estimates for the different regions in Kenya.

estimates of AGB ranging from 63.7 t0 82.9 Mgha™!
were in the Central region, while moderate to high
estimates ranging from 49.2 to 94.3 Mg ha™ were
in the Southeastern region. Low AGB estimates
ranging from 19.4 to 33.9 Mg ha™' were noticeable
to Northern and Northeastern Kenya.

Estimates for KFR (managed urban forest)
versus KNFR (unmanaged rainforest)

AGB estimates for the study areas of KFR and
KNFR were extracted and summarised in Table
1. KNFR, which is in the Western region of
the county, had higher AGB and AGB density
compared to KFR, found in the Central region. The
standard deviation (SD) for both areas represented
variability in AGB estimates, where KNFR had a
greater range in AGB values compared to KFR.

Comparing integrated GEDI-RF model
with field-measured AGB estimates

Out of the total 65 plots across both study areas,
40 coincided with the GEDI path (Table 2), while
25 were outside of the GEDI path (Table 3).

Sum of
::3:3’ AGB (1\/?1: Efl) (SD) Carbon (COze) Monetca;rybgf]lue of
(Mg)
KNFR 4,381,877 177 62 2,059,482 123,568,920
KFR 114,307 106 36 53,724 3,223,440
Total net values for study areas > 2,113,206 > 126,792,360

Carbon (CO:e): Carbon (CO:e) equivalent in metric /tons IPCC conversion factor (Clarke & Wei 2023), AGB x 0.47
Carbon = (COz¢); Monetary value of Carbon: Estimated monetary value of Carbon in US$ per metric ton of
(COze) according to the EU Emission Trading Scheme (EU, 2024).

104



Osewe et al.

Table 2 Comparing AGB estimates from GEDI-RF
model with field data for coinciding plots.
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Table 3 Comparing AGB estimates from GEDI-RF model
with field data outside of GEDI path.

AGB field AGB Relative

GEDI- .
RE model difference

D Mehay @
GEDI - RF 100*[(2)-

Study el plots

areas eq.
GEDI path (Mg ha

© Unique plot Field

AGB

Study Field Plots ~CB  ggp).  Refative
field eq. difference
areas GEDI path (Mg ha?) RF model (%)
EM) (Mg ha)

(0)  Unique plot Field AGB GEDI - RF 100*[(2)-

codes (1) AGB(2) AGB(3) (3)]/2) codes (1) (2) AGB(3) (3)/2)
81347 98 101 3.06 81355 313 393 25.56
81348 188 200 6.38 81391 142 174 22.54
81349 234 238 1.71 81588 374 454 21.39
81353 299 349 1672 KNR 81501 188 253 3457

KNFR 81356 379 390 2.9 81600 81 105 29.63
81671 171 218 27.49
81393 205 237 1561 81672 227 291 28.19
81589 343 396 15.45
81889 71 96 35.21
81590 325 347 6.77
81891 132 175 32.58
81592 174 206 18.39
81593 268 310 15.67 81894 80 o 21.25
: 73520 98 124 2653
81595 183 208 13.66 74084 121 183 5124
81596 361 409 13.3 74092 54 79 463
81666 283 330 16.61 kR 74161 82 102 24.39
81667 263 304 15.59 74294 44 55 25
81668 281 312 11.03 74295 147 197 34.01
81670 177 189 6.78 74309 49 70 42.86
81887 356 368 3.37 74520 165 197 19.39
81888 225 259 15.11 74567 54 65 20.37
81890 236 273 15.68 74604 44 58 31.82
81892 188 206 9.57 74654 126 163 29.37
81893 93 103 10.75 74660 68 110 61.76
81895 272 287 551 74661 45 9 3L
22817 92 100 87 75536 62 79 2142
75550 21 27 28.57
72823 185 204 10.27 - - —— :
Field Plots GEDI path: Field Plots coinciding with
74115 39 40 2.56 : , .
GEDI path; AGB field eq.: AGB estimate from
74133 68 80 17.65 . . .
KFR 24262 213 220 329 field measurements with allometric equations
742 4 1 17' 4 (Appendix, Table Al); AGB GEDI-RF model: AGB
98 143 68 48 estimate from integrated GEDI-RF model; Relative
74308 112 121 8.04 Difference: Relative difference between models
74544 123 133 8.13 in AGB estimation (%) (values are presented as
74577 106 113 6.6 absolute percentages).
74635 71 72 141
74636 112 124 10.71 AGB estimates from field measurements
74642 138 144 4.35 . . . .
75130 290 307 586 with allometric equations were compared in
75137 101 115 1386 both cases to assess the relative differences
75164 58 59 1.72  between the two estimation models. The relative
75183 125 133 6.4  differences between AGB estimates from the field
75543 272 287 5.51

Field Plots GEDI path: Field Plots coinciding with
GEDI path; AGB field eq.: AGB estimate from
field measurements with allometric equations
(Appendix, Table Al); AGB GEDI-

RF model: AGB estimate from integrated GEDI-RF
model; Relative Difference: Relative difference
between models in AGB estimation (%) (values are
presented as absolute percentages).

measurements of plots coinciding with the GEDI
path compared to the integrated GEDI-RF model
had low to moderate variability, ranging from
1.41% to 18.39% relative difference across both
study areas. The two models showed alignment
in AGB estimates in both study areas where 55%
of plots which coincided with the GEDI path had
a relative difference of < 10% between models.
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The relative differences between the AGB
estimates from field measurements outside of the
GEDI path compared with the integrated GEDI-
RF model had high variability, ranging from
19.39% to 61.76% across both study areas in Table
3. Compared to the findings in Table 2, the plots
outside of the GEDI path in both study areas had
relative differences with all values falling > 10%,
indicating discrepancies in the AGB estimation
associated with non-alignment with the GEDI.

In both scenarios of plotting, the Shapiro-
Wilk test p-value of 0.025 indicated that the
differences between field measurements and
GEDI-RF estimates were not normally distributed.
Furthermore, the Wilcoxon Signed-Rank Test
p-value less than 0.001 indicated that the GEDI-
RF model had higher estimates of AGB compared
to field-measured estimates in both plot scenarios.

Relative difference in AGB estimates under
two scenarios of plot measured data

The median relative difference at 9.57% was
smaller for plots coinciding with the GEDI path
compared to plots outside the GEDI path at
29.37% as shown in Figure 6. The AGB estimates
from both models aligned when field plots
coincided with the GEDI path. The interquartile
range was smaller for plots coinciding with the
GEDI path at 7% compared to plots outside at
11%, indicating less variability. Further, Figure 6
(a) had fewer outliers and shorter whisker length
compared to Figure 6 (b) which meant that the
integrated GEDI-RF model was consistent in
estimating AGB for plots coinciding with the
GEDI path compared to those outside the path.

=

Relative Difference (%)

==

{a] Plots coinciding with GEDI (1) Plots cutside of GEDI path

Figure 6 Comparing relative differences in AGB estimates
under two scenarios of plot data.
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Observed limitations in the AGB
estimation

This study identified four major limitations:
exclusion of individual tree height as a variable
in the field-measured allometric model, field
measurements restricted to DBH > 10 cm,
substitution of species-specific and site-specific
allometric equations, and the limitation of
GEDI-RF model relative to the field-measured
allometric model.

Exclusion of individual tree height
variable in the field-measured allometric
model

Individual tree height variable from trees within
plots was not captured by the Arboreal digital
calliper, rather an average of height measurement
per species within the plots was captured.
Therefore, only individually measured tree
diameters > 10 cm at 1.3 meters (DBH) were used
as a single parameter in the allometric equations
for AGB estimation (Appendix, Table AI). DBH
is a strong predictor of AGB, 55% of the plots
that coincided with the GEDI path displayed a
relative difference in AGB estimates between
models of < 10%. Plots outside of the GEDI path
and had a relative difference in AGB estimates
between models from 19.39% to 61.76% with
many outliers as detailed in Figure 6.

Held measurement of tree DBH = 10cm

Only trees with DBH > 10 cm were measured per
plot, excluding small trees of < 10 cm in DBH, which
also collectively contribute to the overall AGB. The
GEDI-RF model in Figure 4 captured finer details
within the study areas to produce continuous AGB
estimation, which contrasts with the underestimation
of AGB from the field-measured model in Table 2
and Table 3. Although this threshold is a practical
consideration of field-measurement time and effort,
the p-value less than 0.001 from the Wilcoxon
Signed-Rank Test indicated that the GEDI-RF
model had higher estimates of AGB compared to
field-measured estimates. Therefore, it results a bias
towards younger forests and regenerating stands
which were captured by the GEDI RF model as
detailed in Figure 7.
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GEDI-RF Model

Field Measureme: nts.

Figure 7 Comparing AGB estimates from field
measurements versus GEDI-RF model.

Limitations of the GEDI-RF model relative
to the field-measured AGB estimates

The Bland-Altman plot demonstrates the
systematic tendency of the GEDI-RF model
performance depending on the range of AGB
values based on the levels of agreement between
mean AGB estimates from the field-measured
model and the GEDI-RF model. In both KNFR
and KFR, the GEDI-RF model relative to the
field-measured model had overestimated AGB
values < 100 Mg ha™' and underestimated >
200 Mg ha! as shown in Figure 8.

(a) KNFR Bland-Altman Plot
P-value for Heteroskedasticity: 0.005091618

Assessing spatial dynamics of GEDI biomass prediction....

The p-value of 0.005 was statistically
significant for heteroskedasticity in KNFR,
which indicated high variability and bias of the
GEDI-RF model relative to the field-measured
model across the range of AGB values. In
contrast, the p-value of 0.195 was not statistically
significant for heteroskedasticity in KFR, which
indicates low variability and bias of the GEDI-
RF model relative to the field-measured model
across the AGB values.

Substitution of species-specific and site-
specific allometric equations in biomass
prediction

For the identified species in both KNFR and
KFR, we used species-specific allometric
equations in estimating the AGB from field
measurements (Appendix, Table AI). In KNFR,
the species endemic to this ecosystem lacked
tested allometric equations. The p-value of
0.005 for heteroskedasticity in KNFR indicated
high variability and bias of the GEDI-RF model
relative to the field-measured model. While
this approach allowed us to estimate the AGB,
it entailed biases in estimation, particularly for
endemic species with unique traits not captured
by the substituted equations.

(b) KFR Bland-Altman Plot
P-value for Heteroskedasticity: 0.1954275

80 . °

Difference (GEDI_RF_AGB - Field_AGB)
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60
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-
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Figure 8 Heteroskedasticity test between the GEDI-RF model and field-measured model.
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Discussion

The differences of forest stand structure in
managed (KFR) compared to unmanaged
(KNFR) forest ecosystems influenced GEDI
waveform penetration and affected AGB
estimates (Navarro et al. 2019, Ullah et al.
2021). The GEDI-RF model relative to the
field measurements from 34 plots had a p-value
0f 0.005 for heteroskedasticity which exhibited
high variability and low precision in AGB
estimates in KNFR, an unmanaged tropical
rainforest ecosystem (Fayad et al. 2022).

For KFR, a managed urban forest ecosystem
with silvicultural treatments, GEDI-RF model
relative to the field measurements from 32 plots
had a p-value of 0.195 for heteroskedasticity
which demonstrated low variability and high
precision (Hakkenberg et al. 2023). Tian et al.
(2023) similarly found that factors like the error
propagation, stand structure and the uncertainty of
remote sensing greatly impact the AGB estimation.

Other studies have also integrated GEDI with
multispectral synthetic aperture radar (SAR)
(Nandy et al. 2021, Liu et al. 2024) to produce
an end-to-end spatially continuous resolution
of study sites.

RF machine learning models have also been
used to improve performance and avert negative
variability in AGB estimates (Zhu et al. 2020).

Our study provided insight on biomass
prediction variability by leveraging on field-
measured estimates from managed (KFR)
and unmanaged (KNFR) forest ecosystems to
assess bias and variability in AGB estimation
when using the GEDI-RF model. 55% of field-
measured estimates which coincided with GEDI
path had < 10% relative difference in AGB
estimates between GEDI-RF model relative
to the field data-based model. Therefore,
improvements in full spectral coverage and
AGB estimation in both study areas occurred
because of the integrated GEDI-RF model.

Tropical rainforests classified as old-growth
forest with dense structure and mature stands,
characteristically made up of tall, closed
canopies obscure the understory and affect
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waveform penetration for satellite instruments
estimating AGB (Fagua et al. 2021, Gongalves
et al. 2017). These factors contributed to the
high variability and bias of the GEDI-RF model
relative to the field-measured model (Baban &
Nita 2023). Moreover, KNFR maintains a dense
closed canopy resulting from its protected status
and the absence of silvicultural management
practices (Republic of Kenya, 2016).

However, it also faces threats from land use
changes, such as agricultural expansion along
the forest edge (Osewe et al. 2022). Hunka et
al. (2024) similarly find that GEDI has high
variance in AGB estimation for closed canopy
old growth forest which contributes towards
high levels of uncertainty. In contrast, we find
that in KFR, the GEDI-RF model estimates were
comparable relative to field-measured estimates
with negligible differences in accuracy. This is
because KFR mainly comprises pure stands and
mixed stands in a managed secondary forest set
up (< 20 years), that did not present waveform
hindrances (Pretzsch et al. 2017).

Further, other studies using remote sensing

hyperspectral instruments also reported effective
capture of stand structures for urban forest
ecosystems without waveform obstruction
(Ferreira et al. 2024). The p-value less than
0.001 from the Wilcoxon Signed-Rank Test
indicated that the GEDI-RF model had higher
estimates of AGB relative to field measured
estimates across both study areas owing to the
full capture of all stands (young stands and
regeneration strands), with few hindrances in
dense multilayered canopies (Dorado-Roda et
al. 2021, Potapov et al. 2021).
The GEDI-RF model improved the accuracy of
AGB estimates by filling the gaps in areas where
gridded GEDI footprints were absent (Kellner
et al. 2023). At a national level, the GEDI-RF
model generated continuous wall-to-wall AGB
estimates at a 10-meter resolution and captured
finer details to estimate AGB with comparable
accuracy (Jia et al. 2024, Li et al. 2024). Similar
approaches have integrated GEDI with machine
learning models to improve prediction accuracy
(Singha & Sahoo 2024).
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We find high AGB density estimates in the
Western, Southwestern and Central regions
of Kenya. These regions are predominantly
montane forests, like the Mau Forest complex
(Tarus & Nadir 2020), and western tropical
rainforest, such as Nandi North, Nandi South
and KNFR (Obonyo et al. 2023). Moderate AGB
density estimates were found in the Southeastern
region which consist of mangrove forest like
Mida creek (Biswas & Biswas 2019), coastal
mixed forest like Arabuko Sokoke (Mbuvi et al.
2018), and dryland forest such as Kibwezi Forest
(Mwendwa Mugambi et al. 2020).

Low AGB estimates were found in the
Northern and Northeastern part of Kenya which
are primarily desert and semi-desert regions
consisting of shrubs (Adoyo et al. 2024). In
the study areas, the estimated monetary value
of the carbon stored was US$ 123 million
for KNFR and for US$ 3.2 million for KFR,
which further underscored the effect forest
ecosystem type and management practices on
carbon storage potential (Cheng et al. 2024).

At low AGB values, the GEDI-RF model
provided close estimates to field-measured
estimates. Lahssini et al. (2024) also had similar
results, highlighting the effectiveness and higher
accuracy of AGB estimates from machine-
learning models integrated with GEDI compared
to direct measurements. We find significant
variation between the two models at higher
values, with the GEDI-RF model overestimating
values < 100 Mg ha™' and underestimating >
200 Mg ha!, which were more pronounced in
unmanaged tropical forest (KNFR).

Zadbagher et al. (2024) similarly reported
high variation of AGB at higher values in
tropical peat forest using the RF machine-
learning model. On average, the GEDI-RF
model estimates were higher than the field-
measured estimates, owing to factors like
exclusion of individual tree height as a variable
in the field-measured allometric model, field
measurements restricted to DBH > 10 cm,
and substitution of species-specific and site-
specific allometric equations for endemic
species (Dutca et al. 2022). Chere et al. (2023)

Assessing spatial dynamics of GEDI biomass prediction....

in Ethiopia, across similar ecosystem types,
also used the RF model with Sentinel-1 and
Sentinel-2 to achieve high accuracy of AGB
using height and canopy cover predictions.

The RF machine-learning model provided a
more consistent estimation of AGB compared
to using GEDI alone. Further, its stable
variance also suggested its reliability as a tool
for predicting AGB across different forest
ecosystems and improvements by integrating
more predictors to refine the model under
complex stands like in KNFR.

Conclusion

Our findings highlight the effect of using
integrated remote sensing approaches like the
GEDI-RF model relative to field-measured
model across distinct forest ecosystems in
terms of forest age, stand structure dynamics
and management practices.

AGB estimates from the GEDI-RF model
compared to the field-measured model
showed high variability with low precision in
unmanaged, old-growth tropical rainforests like
KNFR, and low variability with high precision
in managed, urban forest ecosystems like KFR.

The integrated GEDI-RF model improved the
AGB estimation accuracy by filling gaps within
gridded areas where GEDI footprint was absent
and provided continuous wall-to-wall spatial
coverage. On average, the GEDI-RF model
estimates were closer to the field measurements.

This study quantified the limitations of the
GEDI-RF model relative to field-based estimates
where NFI data is lacking or outdated, offering a
replicable and cost-effective approach to carbon
stock estimation in tropical forests monitoring.
It also serves as a benchmark to support national
forest policies in tropical countries that are at various
stages of implementing forest carbon monitoring
programs under REDD+ compliance mechanism.

Future research should explore the
integration of more predictors in the RF
machine-learning model to enhance the AGB
estimation accuracy under different forest
stand structures at large scale.
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