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Abstract

Accurate forest-carbon estimates are essential for climate mitigation, restoration planning and monitoring, reporting and
verification, yet conventional field inventories are expensive and spatially discontinuous. This study evaluated whether freely
available Sentinel-2 imagery combined with statistical and machine-learning models can estimate and map forest carbon across
the Mau Forest Complex, Kenya. Existing geo-referenced forest inventory data comprising 3,907 measured trees were linked to
seven Sentinel-2 vegetation indices: Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Soil-
Adjusted Vegetation Index (SAVI), Normalized Difference Moisture Index (NDMI), Normalized Burn Ratio (NBR), red-edge
Chlorophyll Index (Clre) and Red-Edge Normalized Difference Vegetation Index (RENDVI). Above-ground biomass was
estimated using a pan-tropical allometric equation; below-ground biomass, carbon stock and CO2 equivalent were subsequently
derived using IPCC factors. Ordinary linear regression, a linear mixed-effects model, Random Forest and Extreme Gradient
Boosting (XGBoost) were compared using a 70:30 training-test split, with five-fold cross-validation for machine-learning
hyperparameter tuning. All vegetation indices were positively associated with above-ground biomass (p<0.001), with Clre
(Pearson r=0.530), RENDVI (r=0.516) and NDMI (r=0.513) among the strongest correlates. On the independent test set,
XGBoost performed best (R?=0.473, RMSE=0.424, MAE=0.327), followed by Random Forest (R?=0.468, RMSE=0.426,
MAE=0.329), the mixed-effects model (R?>=0.454, RMSE=0.431, MAE=0.333) and linear regression (R?>=0.436, RMSE=0.438,
MAE=0.340). XGBoost reduced RMSE by 3.3% relative to the linear baseline. Residual spatial autocorrelation was negligible
(Moran’s 1=0.059). Spatial prediction identified higher carbon densities in western and south-western portions of the Complex
and lower values in more disturbed eastern blocks. The study contributes a reproducible, low-cost benchmark of linear, mixed-
effects and ensemble models for spatial forest-carbon monitoring in a heterogeneous African montane forest; the modest gain
from nonlinear models shows that optical indices alone limit accuracy, so future improvements will likely require structural
information from radar or LiDAR.
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1. Introduction

Forests are central to the terrestrial carbon cycle because
they remove atmospheric carbon dioxide through photosyn-
thesis and retain carbon in living biomass, dead organic matter
and soils. Tropical forests are especially important because of
their high productivity and large carbon pools, but their miti-
gation function is vulnerable to deforestation, degradation and
disturbance [8, 16, 17]. Reliable estimation of forest biomass
and carbon is consequently important not only for ecological
research but also for national greenhouse-gas inventories,
REDD+ programmes and Nationally Determined Contribu-
tions [11].

The Mau Forest Complex is Kenya’s largest indigenous
montane forest ecosystem and one of the country’s major wa-
ter towers. It supports biodiversity, regulates regional hydrol-
ogy and stores substantial quantities of carbon. At the same
time, agricultural encroachment, settlement, illegal logging
and other disturbances have altered forest condition across the
landscape. Earlier work in the Mau ecosystem has docu-
mented above-ground biomass through field inventory [18]

and examined forest-change detection and carbon trading [27].

Forest-cover area alone cannot fully describe these changes: a
forest may remain mapped as forest while losing biomass and
carbon through degradation. Management therefore requires
estimates of carbon condition and its spatial heterogeneity, not
only estimates of forest extent.

Traditional forest inventories remain the reference ap-
proach for estimating biomass at plot level. Diameter at breast
height, tree height and wood density can be combined through
allometric equations [4] to estimate above-ground biomass
with strong biological grounding. However, repeated field in-
ventories are labour-intensive, expensive and spatially sparse.
They are therefore difficult to use for frequent wall-to-wall
monitoring across large, heterogeneous and topographically
complex landscapes.

Satellite remote sensing offers a scalable complement to
field measurement. Sentinel-2 is particularly attractive for
tropical forest applications because it provides freely available
multispectral observations [9], including red-edge and
shortwave-infrared bands that are sensitive to chlorophyll,
canopy structure, moisture and disturbance. Conventional in-
dices such as NDVI remain useful indicators of greenness, but
they can saturate in dense canopies [13, 25]. Moisture-sensi-
tive and red-edge indices may therefore contain additional in-
formation relevant to biomass estimation [10, 13].

Machine-learning methods can further exploit satellite in-
formation by modelling nonlinear relationships and interac-
tions that are difficult to represent with conventional regres-
sion. Random Forest [3] is robust to noise and nonlinearities,
while XGBoost [5] combines sequential tree boosting with
regularisation and often provides strong predictive perfor-
mance. A recent review of machine-learning and remote-sens-
ing approaches to forest carbon-stock estimation found Ran-
dom Forest to be the most frequently applied algorithm and
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XGBoost to perform best in most studies in which it was com-
pared with other methods [26]. Nevertheless, the added value
of flexible algorithms depends on the information content of
the predictors. Comparing them directly with linear and
mixed-effects baselines is therefore important for determining
whether model complexity produces meaningful gains.
Evidence from Sentinel-2 studies in tropical and montane
forests is nevertheless mixed. In the Yayu afro-montane forest
of Ethiopia, Sentinel-2 red-edge and biophysical variables
predicted above-ground biomass well (R? of about 0.74) from
a small plot network [24], whereas in the Usambara mountains
of Tanzania Sentinel-2 models explained only about 20% of
the variance in above-ground biomass and generalized linear
models produced smaller prediction errors than Random For-
est [21, 22]. Elsewhere, Random Forest was selected as the
most suitable algorithm for aboveground carbon estimation in
Yunnan Province, China [6], and XGBoost has been used with
Landsat and national forest inventory data, with kriging of re-
siduals improving accuracy [19], and with Sentinel-2 to map
forest structure [14]. Global and pan-tropical biomass and car-
bon maps [1, 2, 17, 29] provide valuable context but are coarse
relative to plot and stand scales, and they can diverge substan-
tially from plot-based estimates [23]; relationships between
vegetation indices and above-ground biomass have also been
examined in Nepal [28] and Thailand [30]. Together, this lit-
erature shows that the value of Sentinel-2 indices and of flex-
ible algorithms depends strongly on forest structure, plot size
and sampling design, which motivates a like-for-like bench-
mark in a heterogeneous Kenyan montane forest complex.
Despite growing use of remote sensing for forest-cover
monitoring in Kenya, high-resolution carbon mapping that in-
tegrates Sentinel-2 vegetation indices, field-derived biomass
and modern machine learning remains limited for the Mau
Forest Complex. This study addressed that gap by linking ex-
isting forest inventory observations to Sentinel-2 predictors,
comparing four modelling approaches, and using the best-per-
forming model to generate spatially explicit carbon estimates.
The contributions of the study are fourfold. First, it links a
large tree-level inventory (3,907 trees) to seven Sentinel-2 in-
dices representing greenness, canopy background, moisture,
disturbance and red-edge responses in a heterogeneous mon-
tane forest complex. Second, it benchmarks linear, mixed-ef-
fects and ensemble models on a common independent test set,
which shows how much of the achievable accuracy is attribut-
able to algorithm choice rather than to predictor information.
Third, it applies a block-stratified offset correction and resid-
ual spatial-autocorrelation diagnostics to the plot-pixel link-
age and the predictions. Fourth, it separates spatial carbon
mapping from temporal inference by treating the 2020-2024
comparison explicitly as exploratory, and it documents a re-
producible open-data workflow relevant to REDD+ and MRV.
The objectives were to: (i) quantify relationships between
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above-ground biomass and satellite-derived vegetation indi-
ces; (i) fit linear, mixed-effects, Random Forest and XGBoost
models; (iii) compare their predictive performance and relia-
bility; and (iv) map spatial patterns and exploratory temporal
variation in carbon across the Mau Forest Complex.

2. Materials and Methods

2.1. Study Area

The study was conducted in the Mau Forest Complex in the
western highlands of Kenya, approximately between 0°10’S
and 0°45'S and 35°15'E and 36°00'E. The Complex covers
about 273,300 ha and spans rolling highlands, ridges and river
valleys at elevations of approximately 1,800-3,000 m above
sea level. The climate is humid tropical montane, with annual
rainfall of roughly 1,200-2,000 mm and a bimodal rainfall re-
gime. The forest comprises Afro-montane evergreen forest,
bamboo, secondary forest and restoration areas, creating sub-
stantial variation in canopy condition, disturbance history and
biomass.

2.2. Field Inventory Data and Carbon
Estimation

Field reference information came from an existing forest-
restoration monitoring dataset in the South-West Mau block
and related sampling strata. The dataset contained measure-
ments from 3,907 individual trees distributed across geo-ref-
erenced restoration plots. Recorded structural attributes in-
cluded diameter at breast height (DBH), total tree height and
species information. Species-specific wood-density values
were assigned using established reference databases.

Above-ground biomass (AGB) was estimated using the
pan-tropical allometric framework of Chave et al. [4], incor-
porating DBH, tree height and wood density. Below-ground
biomass (BGB) was calculated using a root-to-shoot ratio of
0.24. Total biomass was the sum of AGB and BGB. Carbon
stock was estimated as 47% of total biomass, and carbon di-
oxide equivalent (CO.e) was obtained using a molecular-
weight conversion factor of 3.67, consistent with IPCC guid-
ance [15]. Plot-level carbon estimates formed the response
used in predictive modelling.

2.3. Sentinel-2 Imagery and Vegetation Indices

Sentinel-2 surface-reflectance imagery [9] was processed in
Google Earth Engine [12]. Preprocessing included atmos-
pheric correction as represented in the surface-reflectance
product, cloud masking, harmonisation and resampling. Seven
vegetation indices were derived (Table 1): NDVI, EVI, SAVI,
NDMI, NBR, Clre and RENDVI. These indices were selected
to represent complementary dimensions of vegetation green-
ness, canopy background, moisture, disturbance, chlorophyll
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concentration and red-edge response [13, 25].

Table 1. Sentinel-2 vegetation indices used as predictors and their
primary sensitivities.

Index Primary sensitivity

NDVI Vegetation greenness and canopy density

EVI Greenness with atmospheric/background correction
SAVI Vegetation signal with soil-background adjustment
NDMI Canopy moisture status

NBR Moisture and disturbance/burn response

Clre Red-edge chlorophyll response

RENDVI Red-edge vegetation structure/chlorophyll

2.4. Spatial Harmonisation and Plot-pixel
Linkage

Satellite predictors were spatially linked to geo-referenced
field observations. To reduce systematic spatial bias associ-
ated with illumination, atmospheric and adjacency effects, the
study applied a block-stratified additive offset correction
aligned with forest stations, agro-ecological zones and resto-
ration-management blocks. For each block, an additive offset
was estimated from the mean difference between reference
and raw satellite-derived index values at plot locations. Blocks
with fewer than three reference plots borrowed information
from adjacent blocks using inverse-distance weighting. This
transparent correction was selected because it could be imple-
mented consistently within the Google Earth Engine work-
flow and because it preserved the ecological stratification of
the sampling design.

2.5. Statistical Analysis and Predictive
Modelling

Descriptive statistics were used to summarise structural
variables, carbon metrics, and Sentinel-2 vegetation indices.
Continuous variables were summarised using the mean, stand-
ard deviation, median, minimum, and maximum, as appropri-
ate. The arithmetic mean was defined as:

where x; represents the value of the variable for observation i
and n is the total number of observations.
The sample standard deviation was calculated as:

1 —
i (i —X)?

S =
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where s represents the standard deviation and X is the sample
mean.

Pearson and Spearman correlation coefficients were used to
quantify linear and monotonic relationships, respectively, be-
tween above-ground biomass (AGB) and the Sentinel-2 vege-
tation indices. Pearson's correlation coefficient was calculated
as:

20 Yi-y)

"= o220,

where x; and y; represent paired observations and X and y are
their respective sample means.
Spearman's rank correlation coefficient was calculated as:

_ 6xd’
nn2-1)

p=1

where d; represents the difference between the ranks of the

paired observations and n is the number of paired observations.

Variance inflation factors (VIFs) were calculated to charac-
terise multicollinearity among the Sentinel-2 predictors:

1
VIF; = =

where R is the coefficient of determination obtained by re-
gressing predictor j on all the remaining predictors. Higher
VIF values indicated greater multicollinearity among predic-
tors.

The modelling dataset was divided using stratified random
sampling into 70% training and 30% independent test data,
preserving representation across restoration stages and eco-
logical conditions. The training dataset was used for model
development and hyperparameter tuning, whereas the test da-
taset was reserved for independent evaluation of predictive
performance.

Four models were evaluated: ordinary least squares (OLS)
linear regression, a linear mixed-effects model with forest
block as a random intercept, Random Forest regression, and
XGBoost regression.

The OLS model was specified as:

Yi = Bo + B1Xin + BoXip + -+ BpXip + &

where Y; is the observed response for observation i, o is the

intercept, B4, ..., Bp are regression coefficients, Xii, ..., Xip rep-

resent the Sentinel-2 predictors, and ; is the random error term.

To account for potential differences among forest blocks,
the linear mixed-effects model included a forest-block-spe-
cific random intercept:

Yie = Bo + BiXink + -+ BpXipr + Uy + €5
where ux represents the random effect associated with forest

block k. The random effects and residual errors were assumed
to follow normal distributions:
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Uy ~ N(Ol O-‘l%)

~

g ~ N(0,0%)

Mixed-effects model parameters were estimated using re-
stricted maximum likelihood (REML).

Random Forest regression [3] was used to capture nonlinear
relationships and interactions among the vegetation indices.
Predictions were obtained by averaging predictions across T
regression trees:

5 1
YiRF =7 Z:lft(Xi)

where fi(Xi) is the prediction from tree t for observation i and
T is the total number of trees.

XGBoost [5] was implemented as a sequential ensemble of
regression trees. Its prediction can be represented as:

?i = 2115:1 fk(Xi)

where K is the number of boosting iterations and fi represents
the regression tree fitted at iteration k.

Random Forest and XGBoost hyperparameters were se-
lected using five-fold cross-validation within the training da-
taset. Variable importance was evaluated using permutation
importance for Random Forest and gain-based importance for
XGBoost.

Predictive performance was evaluated exclusively on the
held-out 30% test dataset using the coefficient of determina-
tion (R?), root mean square error (RMSE), mean absolute error
(MAE), and prediction bias.

The coefficient of determination was calculated as:

(vi=Pp?

2(ri-7)°

R?=1

where Y is the observed value, Y; is the predicted value, and
Y is the mean of the observed values.
RMSE was calculated as:

1 ~A\2
RMSE = /;z(y,- -%)
MAE was calculated as:
1 ~
MAE = -3, - 7|
Prediction bias was calculated as:
. 1 P
Bias = ;Z(Yi -Y)

Higher R? and lower RMSE and MAE values indicated bet-
ter predictive performance, while bias values closer to zero
indicated less systematic over- or under-prediction.
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Spatial dependence remaining in the residuals of the best-
performing model was assessed using Moran's | with inverse-
distance spatial weights:

[=n TYwijle;—e)(ej—e)
Tw Y(ej—e)?

where e; and e; are residuals at locations i and j, w;; represents
the spatial weight between the two locations, € is the mean
residual, and:

W =YYw;

A Moran's | value close to zero was interpreted as evidence
of little residual spatial autocorrelation.

2.6. Spatial Prediction and Exploratory
Temporal Assessment

The best-performing model was applied to the complete
Sentinel-2 predictor surfaces to generate continuous estimates
of forest carbon density. For a spatial location s, predicted car-
bon can be expressed generally as:

C(s) = F (Xa(5), Xx(), ., Xy (5) )

where C(s) represents predicted carbon density at location s, f
represents the fitted predictive model, and Xa(s), ..., Xy(s) rep-
resent the Sentinel-2 vegetation indices at that location.

The model was applied across the Sentinel-2 surfaces to
generate wall-to-wall predictions at 10 m spatial resolution.
Predicted carbon was subsequently summarised by forest
block to identify areas characterised by relatively high carbon
stocks and areas potentially requiring greater conservation or
restoration attention.

Temporal patterns from 2020 to 2024 were explored using
plot-year cohorts and interpolated carbon surfaces. The differ-
ence in predicted carbon between two periods was expressed
as:

AC(s) = étz(s) - ét1(5)

where Cu(s) and Cio(s) represent predicted carbon density at
location s during the earlier and later periods, respectively.

For descriptive purposes, the annualised rate of change was
expressed as:

Ct2(s)=Ce1(s)

1c(s) = P—
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Positive values indicated apparent carbon gains, whereas
negative values indicated apparent carbon losses.

Importantly, different plots contributed observations in dif-
ferent years rather than the same plots being repeatedly meas-
ured from 2020 to 2024. The temporal component was there-
fore interpreted as an exploratory space-for-time comparison
rather than a direct longitudinal estimate of carbon sequestra-
tion. Consequently, the calculated changes describe land-
scape-level temporal patterns and should not be interpreted as
definitive biological sequestration rates. Estimation of true
temporal sequestration would require repeated field measure-
ments at the same geo-referenced plots over time.

2.7. Ethics and Reproducibility

The study used open-access Sentinel-2 imagery and sec-
ondary forest-inventory data collected under applicable re-
search permissions and data-sharing arrangements. No pri-
mary human-subject data were collected. Satellite processing
and modelling workflows were implemented using reproduc-
ible scripts in Google Earth Engine and statistical software,
including R and Python.

3. Results

The results are presented in the order of the study objectives:
the structure and carbon distribution of the field data (Section
3.1), the distribution of the Sentinel-2 indices (Section 3.2),
their relationships with above-ground biomass (Section 3.3;
objective i), model performance (Section 3.4; objectives ii and
iii), spatial patterns (Section 3.5; objective iv) and the explor-
atory temporal comparison (Section 3.6).

3.1. Forest Structure and Carbon Distribution

The field measurements showed marked heterogeneity in
forest structure and carbon storage (Table 2). Mean DBH was
7.80 cm (SD 4.74; median 6.20; range 3.00-29.30), while
mean tree height was 7.20 m (SD 4.64) and mean wood den-
sity was 0.612 g cm™ (SD 0.175). Biomass and carbon varia-
bles were strongly right-skewed. Mean AGB per plot was
1,142.1 kg, whereas the median was only 291.6 kg; carbon
stock averaged 665.6 kg with a median of 169.9 kg. The skew-
ness of AGB, BGB, total biomass, carbon stock and CO»e was
5.56, indicating that a relatively small number of high-bio-
mass observations contributed disproportionately to total car-
bon storage.
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Table 2. Descriptive statistics of field-measured structural variables and derived biomass and carbon metrics.

Variable Mean SD Min Median Max Skew
DBH (cm) 7.80 4.74 3.00 6.20 29.30 1.69
Tree height (m) 7.20 4.64 1.50 6.36 20.34 0.55
Wood density (g cm™) 0.612 0.175 0.335 0.591 1.014 0.33
AGB per plot (kg) 1,142.1 2,666.1 6.3 291.6 31,148.0 5.56
BGB per plot (kg) 274.1 639.9 15 70.0 7,475.5 5.56
Total biomass (kg) 1,416.2 3,305.9 7.9 361.5 38,623.5 5.56
Carbon stock (kg) 665.6 1,553.8 3.7 169.9 18,153.1 5.56
CO2e (kg) 2,442.9 5,702.4 13.6 623.6 66,621.7 5.56

but also suggesting saturation in high-biomass areas. Mois-

3.2. Distribution of Sentinel-2 Vegetation ture-sensitive indices showed wider ecological variation:
Indices NDMI ranged from —0.156 to 0.536 and NBR from —0.074 to

0.786. Clre had the largest numerical dispersion (mean 2.756,
NDVI was high across the sampled forest (Table 3; mean ~ SD 0.671), reflecting strong variation in red-edge chlorophyll
0.814, SD 0.073), consistent with generally dense vegetation response.

Table 3. Descriptive statistics of the Sentinel-2 vegetation indices at the sampled locations.

Index Mean SD Min Median Max
NDVI 0.814 0.073 0.276 0.833 0.907
EVI 0.475 0.079 0.148 0.483 0.718
SAVI 0.448 0.065 0.160 0.456 0.618
NDMI 0.306 0.081 -0.156 0.324 0.536
NBR 0.586 0.101 -0.074 0.616 0.786
Clre 2.756 0.671 0.517 2.784 4.970
RENDVI 0.569 0.067 0.197 0.580 0.713

(r=0.513). The correlation matrix (Figure 1) also showed very
3.3. Relationships Between AGB and strong intercorrelation among several spectral predictors, in-
: - luding NDMI-NBR (1~0.98), CIre-RENDVI (r~0.98), EVI-

Vegetation Indices ¢ ’ ’
g SAVI (r=0.99) and NDVI-NBR (1=0.97). Correspondingly,
All seven indices were positively correlated with AGB at  VIF values were high (Table 4), ranging from 29.3 for NDVI
p<0.001 (Figure 2). Clre showed the strongest Pearson corre-  t0 107.8 for SAVI. This severe multicollinearity limits coeffi-

lation (r=0.530), followed by RENDVI (r=0.516) and NDMI cient-level interpretation in conventional regression but is less
problematic for tree-based prediction.
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Figure 1. Correlation matrix among above-ground biomass and Sentinel-2 vegetation indices.
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Figure 2. Bivariate relationships between above-ground biomass and the seven vegetation indices.
Table 4. Variance inflation factors (VIFs) of the Sentinel-2 vegetation indices.
Index VIF
SAVI 107.8
RENDVI 101.9
EVI 95.6
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Index

NBR
Clre
NDMI
NDVI

3.4. Model Tuning, Importance and Predictive
Performance

The tuned Random Forest used 500 trees, mtry=2, the ex-
tratrees split rule and a minimum node size of 10. The tuned
XGBoost model used eta=0.03, maximum depth=3, minimum
child weight=1, subsample=0.70, column subsample=0.85,
gamma=0, lambda=1 and 245 boosting rounds. In the mixed-

VIF

59.2
52.8
30.0
29.3

effects model, the between-block standard deviation was
0.146 and the residual standard deviation was 0.424, confirm-
ing non-negligible block-level variability.

Variable-importance rankings differed slightly by algo-
rithm but converged on the importance of moisture-sensitive
and red-edge information (Table 5). Random Forest ranked
NBR first, followed by NDMI, Clre and RENDVI. XGBoost
ranked NDMI first, followed by NBR, SAVI and Clre. NDVI
was the least important predictor in XGBoost, consistent with
saturation in dense forest.

Table 5. Variable importance of the Sentinel-2 indices in the Random Forest (permutation importance) and XGBoost (gain) models.

Rank Random Forest permutation importance

NBR (0.118)
NDMI (0.111)
Clre (0.098)
RENDVI (0.095)
NDVI (0.070)
SAVI (0.056)
EVI (0.048)

~N o o B~ W N

On the independent test set, all models produced moderate
predictive accuracy (Table 6). XGBoost achieved the best per-
formance (R?=0.473, RMSE=0.4237, MAE=0.3272), fol-
lowed closely by Random Forest (R?=0.468, RMSE=0.4258,
MAE=0.3286). The mixed-effects model (R?=0.454,

XGBoost gain

NDMI (0.278)
NBR (0.228)
SAVI (0.164)
Clre (0.107)

EVI (0.085)
RENDVI (0.081)
NDVI (0.057)

RMSE=0.4311) improved on the linear baseline (R?=0.436,
RMSE=0.4382). Relative to OLS, XGBoost reduced RMSE
by 3.3%, Random Forest by 2.8% and the mixed-effects
model by 1.6%. Bias was close to zero for all four models.

Table 6. Predictive performance of the four models on the independent test set (30% hold-out).

Model R2 RMSE
XGBoost 0.473 0.4237
Random Forest 0.468 0.4258
Linear mixed-effects 0.454 0.4311
OLS baseline 0.436 0.4382

MAE Bias RMSE change vs OLS
0.3272 +0.006 -3.3%

0.3286 +0.005 —2.8%

0.3334 +0.002 -1.6%

0.3395 —0.001 0.0%
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Moran’s I for XGBoost test-set residuals was 0.059, indi-
cating negligible residual spatial autocorrelation. This sug-
gests that the vegetation-index predictors together with the
block-stratified correction captured most of the systematic
spatial structure available in the modelling data.

3.5. Spatial Distribution of Predicted Carbon

Application of XGBoost produced a continuous predicted

carbon surface with pronounced spatial heterogeneity (Figure
3). High-carbon areas, commonly around 90-115 t C ha™®,
formed a broad belt along western and south-western portions
of the study landscape and occurred in additional localised
patches. Lower predicted carbon was more common in eastern
areas associated with greater historical disturbance.

Latitude

Predicted Above-Ground Carbon (t C/ha) tC/ha

100

T T
354 356

T
358 36

Longitude

Figure 3. Predicted above-ground carbon density across the Mau Forest Complex study landscape.

Block-level aggregation reinforced this west-east pattern
(Table 7). Transmara had the highest mean predicted carbon
per plot (0.96 t), followed by Southern Mau (0.85 t) and Ol

Pusimoru (0.84 t). Eastern Mau (0.68 t) and Mau Narok (0.66
t) ranked lowest. The landscape median carbon density was
approximately 85-90 t C ha™™.

Table 7. Mean predicted carbon by forest block (t per plot) and rank.

Forest block Mean predicted carbon (t per plot) Rank
Transmara 0.96 1
Southern Mau 0.85 2
Ol Pusimoru 0.84 3
Maasai Mau 0.81 4
South West Mau 0.81 5
Western Mau 0.80 6

214


http://www.sciencepg.com/journal/acm

Applied and Computational Mathematics

http://www.sciencepg.com/journal/acm

Forest block

Eastern Mau 0.68

Mau Narok 0.66

3.6. Exploratory Temporal Pattern, 2020-2024

Median predicted carbon density across plot-year cohorts
remained broadly stable at approximately 85-90 t C ha?, with
a shallow dip around 2022 and recovery by 2024. A simple
cohort-level trend was slightly negative (about —0.48 t C ha*
yrl; p=0.05), while differencing the interpolated 2020 and
2024 surfaces yielded a mean change of approximately —0.30
t C ha? yrt, with about 44% of the mapped area showing
gains. However, these estimates must not be interpreted as re-
peated-measurement sequestration rates because the yearly
cohorts comprised different plot locations. The most defensi-
ble conclusion is that landscape carbon was broadly stable
over the study window, with localised gains and losses.

4. Discussion

4.1. Principal Findings and Their Relation to
Previous Studies

This study evaluated whether open Sentinel-2 vegetation
indices and machine learning can estimate and map forest car-
bon in a heterogeneous montane forest complex. The results
show that the indices carry useful but incomplete information:
all seven were positively related to above-ground biomass, yet
the best model explained less than half of the variance in the
independent test data (R2 = 0.473). Three findings are partic-
ularly important: carbon storage was highly uneven and right-
skewed; moisture-sensitive and red-edge indices carried more
predictive information than broad-band greenness; and ma-
chine-learning models improved on linear baselines only mar-
ginally. Each finding is interpreted below in the light of pre-
vious work.

The strong right skew in AGB and carbon (skewness 5.56;
Table 2) is ecologically plausible. Tropical forest carbon is of-
ten concentrated in a small number of large stems, whereas
regenerating and disturbed stands contain many small stems;
the median DBH in this restoration-monitoring dataset was
only 6.2 cm. A skewed response is also difficult for any re-
gression model to reproduce at its extremes, because predic-
tions tend to regress toward the mean, over-predicting low val-
ues and under-predicting the highest values. A similar
smoothing effect was reported for Sentinel-2 mapping in Tan-
zanian montane forest, where the predicted biomass map
showed a lower standard deviation than the field data [21].
Such compression matters for carbon accounting because the

Mean predicted carbon (t per plot)
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Rank

few high-biomass observations contribute disproportionately
to total stocks.

4.2. Predictive Information in Sentinel-2 Indices

Clre, RENDVI, NDMI and NBR repeatedly emerged as in-
formative predictors in both the correlation and the variable-
importance analyses (Section 3.3 and Table 5). Red-edge in-
dices respond to chlorophyll concentration and canopy prop-
erties and are less prone to saturation in dense vegetation than
red/near-infrared indices such as NDVI [13, 25], while NDMI
and NBR incorporate shortwave-infrared reflectance that is
sensitive to canopy water content, disturbance and structural
condition. This agrees with Muhe and Argaw [24], who found
that a red-edge index (IRECI) was the only conventional veg-
etation index strongly correlated with above-ground biomass
in the Yayu afro-montane forest of Ethiopia, and with evi-
dence that narrow-band and red-edge indices reduce satura-
tion at high canopy density [25]. It differs in one respect:
Muhe and Argaw [24] reported their strongest correlations (r
= 0.65-0.74) for biophysical variables such as leaf area index
and the fraction of absorbed photosynthetically active radia-
tion, which were not tested here and should be evaluated in
the Mau Forest Complex. The correlations in the present study
were moderate (r of about 0.5), and differences in plot design,
sample size and forest structure between the two studies may
contribute to this contrast.

The predictor set was, however, severely collinear (VIF
29.3-107.8; Table 4), as expected because several indices are
transformations of overlapping Sentinel-2 bands. For explan-
atory regression this complicates the interpretation of individ-
ual coefficients; Muhe and Argaw [24], for example, excluded
collinear variables before fitting their regression model. Here
all seven indices were retained so that the four algorithms
could be compared on identical inputs. Tree-based ensembles
accommodate redundant predictors more readily than OLS,
but variable importance should be interpreted by spectral fam-
ily (red-edge, moisture/shortwave-infrared, greenness) rather
than as a causal ranking of individual indices. Variable selec-
tion or dimensionality reduction is a natural extension for fu-
ture work.

4.3. Model Performance and the Limits of
Optical Predictors

XGBoost achieved the lowest RMSE and highest R?, with
Random Forest close behind (Table 6). This ordering is con-
sistent with a recent review in which XGBoost outperformed
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other algorithms in most studies where it was compared [26],
with applications of XGBoost to biomass and carbon mapping
from Landsat and inventory data [19] and from Sentinel-2 [14],
and with the selection of Random Forest for aboveground car-
bon estimation in Yunnan Province, China [6]. However, the
3.3% RMSE reduction relative to OLS is much smaller than
the gains sometimes attributed to machine learning, and the
RMSE values of all four models lie within a narrow range
(0.424-0.438). Differences among models were not tested for-
mally for statistical significance, so the ranking should be in-
terpreted cautiously and the models regarded as broadly simi-
lar in accuracy.

The moderate accuracy is in line with other Sentinel-2-only
studies in East African montane forests, although reported val-
ues vary widely and are not strictly comparable because of
differences in metrics, plot size and validation design: pseudo-
R? values of about 0.20 with generalized linear models and
Random Forest in the Usambara mountains [21, 22] and an R?
of about 0.74 from a small plot network in Ethiopia [24]. In
Tanzania, generalized linear models produced smaller predic-
tion errors than Random Forest when only Sentinel-2 predic-
tors were used [22], which supports the view that algorithm
flexibility adds little when predictor information is limited.
The mixed-effects model here improved slightly on OLS, and
its between-block standard deviation (0.146) confirms non-
negligible block-level variability. The block-stratified offset
correction probably removed part of the systematic spatial
variation before model fitting, leaving a relationship that was
only moderately nonlinear, and residual spatial autocorrela-
tion was negligible (Moran’s I = 0.059). By contrast, Li et al.
[19] found that kriging of residuals improved XGBoost bio-
mass estimates, which suggests that residual spatial structure
can be important in other settings.

More fundamentally, all four models used the same seven
optical indices. Passive optical data are sensitive to canopy-
surface properties but provide limited direct information on
vertical structure, tree height and woody volume, so the mod-
erate R? values are consistent with an information ceiling im-
posed by the predictors rather than a failure of machine learn-
ing. Combining sensors is the most promising route: the re-
view by Nguyen and Saha [26] identified multi-sensor ap-
proaches combining Sentinel-1, Sentinel-2 and LiDAR as es-
pecially effective, and machine-learning retrieval of tree
height from SAR is being developed in preparation for the
ESA BIOMASS mission [7]. Integrating GEDI or other Li-
DAR measurements, Sentinel-1 SAR, topography, texture and
multi-temporal features is therefore likely to give larger gains
than further increasing model complexity on the same optical
indices.

4.4. Spatial Patterns, Monitoring Relevance and
Temporal Interpretation

Western and south-western blocks emerged as the principal
carbon reservoirs, while eastern blocks had lower predicted
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carbon (Table 7 and Figure 3). The east-west contrast is con-
sistent with the interpretation that disturbance and accessibil-
ity reduce carbon density, as reported for the Yayu forest,
where accessible buffer and transition zones held lower bio-
mass than the protected core zone [24]. These patterns are
model predictions, however, and the inventory used for cali-
bration comes from a restoration-monitoring programme cen-
tred on the South-West Mau block and related strata; its rep-
resentativeness for the eastern blocks should be verified with
independent field data before predictions there are used for
decisions. Existing global and pan-tropical carbon maps [1, 2,
17, 29] are much coarser than the 10 m surfaces produced here
and can diverge substantially from plot-based estimates [23],
which underlines the value of locally calibrated products with
explicit uncertainty. The predicted surfaces also complement
earlier forest-change and carbon-trading work in the Mau For-
est Complex [27] by describing carbon condition within forest
that remains mapped as forest. They are best used to prioritise
protection of carbon-rich forest, to target assisted natural re-
generation and enrichment planting, and to focus field verifi-
cation where predicted carbon is low or uncertain.

For REDD+ and MRV, the main contribution is not the
choice of XGBoost but the reproducible end-to-end workflow:
field-based biomass estimation, open Sentinel-2 imagery,
transparent preprocessing and bias correction, independent
model validation and wall-to-wall spatial prediction. Cheaper
and more transparent inventories can increase confidence in
forest-carbon projects [20], and because the imagery and ma-
jor analytical tools are openly accessible, the framework can
support periodic updates at lower cost than repeated full field
inventories. Field plots remain essential for calibration and
validation, and the current accuracy (R? = 0.47) is suitable for
screening and prioritisation rather than for stand-alone carbon
accounting.

The exploratory 2020-2024 analysis should be interpreted
cautiously. The yearly data represent different plot cohorts ra-
ther than repeated observations at fixed locations, so the small
negative central trend and the 2020-2024 difference surface
cannot establish net forest decline or a true annual sequestra-
tion rate. Change estimation of that kind requires repeated
measurements, as illustrated by the use of successive national
forest inventories to model biomass change in China [19]. A
defensible monitoring design for the Mau Forest Complex
would use fixed plots, repeated field measurements and satel-
lite extractions from identical locations and seasons. The pre-
sent analysis is best viewed as evidence of broad landscape
stability with localised gains and losses, and as a demonstra-
tion of the workflow required for future repeated monitoring.

4.5. Strengths and Limitations

A major strength of the study is the integration of a substan-
tial field dataset (3,907 trees) with freely available satellite im-
agery and multiple modelling paradigms evaluated on an in-
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dependent test set. The use of five-fold cross-validation, ex-
plicit linear and mixed-effects baselines, variable-importance
analysis and spatial residual diagnostics improves transpar-
ency and interpretability. The workflow is also reproducible
and operationally relevant.

Several limitations remain. Sentinel-2 is an optical sensor
and is vulnerable to cloud contamination and spectral satura-
tion in dense canopies. Structural predictors from LiDAR or
radar were not included. Model performance therefore reflects
the information available in optical vegetation indices. The
temporal analysis used different plot cohorts across years ra-
ther than repeated measurements at fixed locations, limiting
inference about true annual sequestration. Finally, model
quality depends on the accuracy, spatial coverage and repre-
sentativeness of the underlying field inventory and on the as-
sumptions used to convert field measurements into biomass
and carbon.

4.6. Implications for Policy and Forest
Management

1) Integrate routinely updated Sentinel-2 products into Mau
Forest monitoring to complement field inventories and
identify emerging degradation.

2) Prioritise protection of high-carbon western and south-
western forest blocks while targeting lower-carbon east-
ern blocks for restoration, assisted natural regeneration
and enrichment planting.

3) Use spatial carbon products as decision-support layers
within REDD+ and national MRV systems, with trans-
parent documentation of calibration, validation and un-
certainty, recognising that the current accuracy (R? of
about 0.47) supports screening and prioritisation rather
than stand-alone carbon accounting.

4) Develop a fixed-plot longitudinal monitoring network
and combine Sentinel-2 with Sentinel-1 SAR, GEDI/Li-
DAR and topographic predictors to improve structural
sensitivity and quantify true sequestration rates.

5. Conclusions

Combining field inventory data, Sentinel-2 vegetation in-
dices and machine learning provides a practical, reproduci-
ble approach for estimating and mapping relative forest car-
bon condition across the Mau Forest Complex. Red-edge and
moisture-sensitive indices were the most informative predic-
tors, and XGBoost gave the best held-out performance (R? =
0.473, RMSE = 0.424), but its advantage over linear regres-
sion (R?=0.436, RMSE = 0.438) was modest, indicating that
predictor information rather than algorithm choice limits ac-
curacy. The predicted surfaces identified carbon-rich west-
ern and south-western blocks and lower-carbon eastern
blocks that may warrant restoration attention, and residual
spatial autocorrelation was negligible. The 2020-2024 com-
parison was exploratory and does not provide sequestration
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rates. The findings support the use of open satellite data and
reproducible workflows as a low-cost complement to field
inventories for REDD+ and MRV, but the present accuracy
is not sufficient for stand-alone carbon accounting; substan-
tial gains will likely depend on integrating structural infor-
mation from radar and LiDAR and on repeated measure-
ments at fixed plots.

Abbreviations

AGB Above-Ground Biomass

BGB Below-Ground Biomass

Clre Red-Edge Chlorophyll Index

CO2e Carbon Dioxide Equivalent

DBH Diameter at Breast Height

EVI Enhanced Vegetation Index

GEDI Global Ecosystem Dynamics Investigation

IPCC Intergovernmental Panel on Climate Change

LiDAR Light Detection and Ranging

MAE Mean Absolute Error

MRV Monitoring, Reporting and Verification

NBR Normalized Burn Ratio

NDMI Normalized Difference Moisture Index

NDVI Normalized Difference Vegetation Index

oLS Ordinary Least Squares

REDD+ Reducing Emissions from Deforestation and
Forest Degradation

REML Restricted Maximum Likelihood

RENDVI Red-Edge Normalized Difference Vegetation
Index

RMSE Root Mean Square Error

SAR Synthetic Aperture Radar

SAVI Soil-Adjusted Vegetation Index

VIF Variance Inflation Factor

XGBoost  Extreme Gradient Boosting
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