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Abstract

Accurate aboveground biomass (AGB) estimation is critical for climate change mitigation and
carbon accounting in mountain regions, yet spatially explicit mapping remains limited by
reliance on conventional field methods and underexplored machine learning approaches in the
Himalaya. Bhutan, a carbon-negative nation maintaining 70% forest cover, faces urgent
demand to develop robust monitoring, reporting, and verification (MRV) systems for carbon
market participation under the Paris Agreement Article 6. This study developed a random forest
(RF) model that integrates Sentinel-2A multispectral imagery, nine vegetation indices,
topographic variables, and field-measured AGB from 99 plots across 244.6 hectares in the
Kyentshen Community Forest. Using recursive feature elimination, 10 key predictors were
1dentified from 27 candidate variables: Band 11, SLAVI, Band 12, WDRVI, NDVI, elevation,
NDWI, GNDVI, band ratio (r3), and Band 9. The optimized RF model achieved R? = 0.34 and
RMSE = 67.98 £ 19.79 t/ha on training data (Ntree = 500, Mtry = 3). However, test-set
performance declined substantially (R?= 0.42, RMSE = 86.14 t/ha), indicating overfitting and
reflecting limitations of spectral saturation in high-biomass stands (>300 t/ha). A Wilcoxon
signed-rank test revealed systematic overestimation (predicted median: 118.36 t/ha vs.
observed: 105.15 t/ha; p = 0.03). Despite moderate accuracy, this study demonstrates that freely
available Sentinel-2 data combined with machine learning offers a cost-effective, scalable
alternative to traditional field mapping for rapid AGB assessment across Bhutan's temperate
forests. Vegetation indices, particularly SLAVI and WDRVI, proved superior to raw spectral
bands, offering improved sensitivity to dense canopies. The spatial-transect methodology and
10-predictor framework provide a replicable foundation for advancing Bhutan's forest carbon
accounting systems. We recommend integrating synthetic aperture radar (SAR) or LiDAR to
overcome optical saturation, enabling higher accuracy for robust MRV compliance and carbon
credit monetization. This work directly supports the maintenance of Bhutan's carbon-neutral
status and establishes the technical baseline for scaling AGB monitoring across mountain
regions where engineered infrastructure capacity is limited, but climate action urgency is
paramount.
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Introduction

Forests are among the largest terrestrial carbon sinks (Yangka et al., 2019). They are crucial
for maintaining ecosystem services and, therefore, essential to ensuring the survival of life and
addressing climate change (Upadhyay & Singh, 2024). Trees in the forest provide vital
supporting and provisioning services (Singh et al., 2024) and play a significant role in
regulating the global climate (Bhandari et al., 2024). They serve as critical indicators of climate
change (Khandu et al., 2022).

To comprehend these dynamics, forest biomass is an important variable that enables us to
assess the ability of forest ecosystems to sequester and maintain their carbon balance capacity
(Y. Li et al., 2020). Bhutan’s forests exemplify this by storing 239.41 million tons of
aboveground carbon [AGC] with a density of 89.45 t/ha (97% is contributed by trees) (FMID,
2023). In nature, biomass exists in various forms, and as per the Intergovernmental Panel on
Climate Change [IPCC] (2006) the terrestrial carbon pool is classified into AGB, belowground
biomass [BGB], soil organic matter [SOM], dead wood [DW], and litter. Of which, 70%-90%
is credited to AGB (Houghton et al., 2009).

AGB underpins carbon stock calculations, as 47-50% of AGB constitutes AGC (IPCC,
2006). It also dominates the terrestrial carbon pool (Bhavsar et al., 2024) and regulates
atmospheric carbon through its dynamic fluxes (Houghton et al., 2009). Consequently, the
Global Climate Observing System [GCOS] designates AGB as an essential climate variable
[ECV] (Purohit et al., 2021). The ecosystem's structure is influenced by AGB (Wang et al.,
2023). Likewise, changes in vegetation health, forest succession, and ecosystem services are
often more readily detectable through AGB dynamics (Houghton et al., 2009), suggesting that
physical complexity and habitat diversity are directly proportional to AGB (Mensah et al.,
2020).

Research indicates that subtropical and temperate forests in the Eastern Himalaya possess
significant carbon sequestration potential (Devi & Lepcha, 2023), prompting interest in
biomass and carbon studies in the region (Sengupta, 2018). Moreover, Kumar & Mutanga
(2017) emphasised the need to quantify biomass as it enables us to better understand the
impacts of climate change. Accurate measurements of carbon sequestration rates enable the
commercialisation of carbon stocks, (Sasidharan et al., 2016), especially in Bhutan, a country
well known for its carbon-neutral status and its pledge to maintain forest cover of 60% for all
times to come (Yangka et al., 2019). Intriguingly, researchers have extensively studied

Bhutan’s biomass and carbon (Dorji et al., 2015; Tashi et al., 2017; Sengupta, 2018; Suberi et



al., 2018; Chhetri et al., 2021; Tshering & Rinzin, 2022; FMID, 2023; Tshering, 2024; Chhetri
et al., 2025). Except for the pilot study carried out by, Wangdi et al. (2018) in which they
employ a conventional linear model that fails to capture the complex non-linear relationship
between AGB and RS data (Li et al., 2020).

Hence, spatially explicit AGB mapping using Machine learning algorithms [MLAs] and RS
fusion remains unexplored in Bhutan. MLAs such as RF address the issue of linearity by
modelling non-linear patterns, thereby improving accuracy (Breiman, 2001). Additionally,
optical imagery, such as S2A multispectral optical imagery [MSI], is freely available from the
European Space Agency [ESA] and has proven effective for spatially estimating AGB (Y. Liu
et al., 2019; Bhatti et al., 2023; M. Singh et al., 2024).

This study, in particular, aims to lay down a foundational approach to spatially estimating
AGB in Bhutan by leveraging the potential synergy between S2A MSI, its bands, derived
vegetation indices (VIs), and band ratios, and topographic and geophysical variables with MLA
RF. This not only connects with the opportunities proposed by Phuntsho et al. (2015, 2016),
but also serves as a proactive measure to maintain our carbon-neutral status (Yangka &
Newman, 2019). This will directly support Bhutan’s recent commitment to Article 6 of the
Paris Agreement (Dolkar, 2024) and contribute to the development of a robust monitoring,
reporting, and verification [MRV] system. A relatively new perspective to AGB estimation that
covers large areas both economically and efficiently (Dahy et al., 2019) when compared to
TFM (Purohit et al., 2021). Studies have proven that AGB estimation is possible when RS data
is integrated with field inventory data (Yadav & Nandy, 2015; Tian et al., 2023). Therefore,
using KCF as a model system, this study aims to (1) assess and identify important predictors

in estimating AGB of KCF and (2) generate and validate an AGB map for KCF.



Materials and Methods

Study Area
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Figure 1: Forest types prevalent in KCF

The study was conducted at KCF located in Katsho Gewog under Haa Dzongkhag (Figure 1).
Within elevations of 2710 masl to 3693 masl, the CF boasts a selection of species such as Larix
griffithii Hook.F., the Himalayan larch (Zaa-shing), Picea spinulosa A.Henry Spruce
(Sayshing), Tsuga dumosa (D.Don) Eichler. Hemlock (Ba-shing), Pinus wallichiana A.B
Jacks. Blue pine (Tongphu shing), Juniperus recurva Buch.-Ham. Ex D.Don. Juniper (Shup
shing), and Quercus semecarpifolia Sm. Oak (Bji shing) is its dominant tree species. The forest
in the CF falls under the pole stage (63.3%), followed by the mature stage (30%), with the
remaining area classified as scrubland (1.7%). It was also reported that the CF comprises Blue
pine and mixed conifer forests covering areas of 122 ha and 149.6 ha, respectively (Figure 1).
It is an ideal site for timber production and has a secondary roadway connecting the two
Dzongkhags of Paro and Haa (Figure 2). While winter is cold and comparatively dry, summer

is wet, humid, and gloomy (DOFPS, 2023).



Study Design

The road falling within the CF was buffered 30 m on each side in ArcGIS Pro 3.1.0 using the
Buffer tool to avoid edge effects (Qasim et al., 2023). This reduced the study area from 271.6
ha to 244.6 ha. A stratified systematic random sampling using the equation n = (¥ x CV%?)/SE’
(where n = number of sample plots, #* = confidence level of 95% (1.96), CV = coefficient of
variation, SE = Allowable error of 20%) was adopted to compute the number of plots required
(DoFPS 2018). This resulted in 71 sample plots; however, to increase sampling intensity, the
number was increased to 99 sample plots (45 for blue pine and 55 for mixed conifer), with a
plot-to-plot distance of 156.2 m, yielding a sampling intensity of 3.28% (Figure 2). A circular
design for the sample plots was adopted with a radius of 16.92 m, covering an area of 900 m?

that represents 9 pixels of a 10 m resolution S2A imagery.
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Figure 2: Map showing the plots laid out in the study area utilising the fishnet tool in ArcGIS
Pro. Plot to plot distance is 156.2 m and the plot radius is 16.92 m.

Forest Inventory

From inside each sample plot, the geo-coordinates (Degrees Minutes Seconds [DMS]) using
Garmin GPS that assures accuracy of =15 m 95% of the time and generally between £5 m to
+10 m under normal conditions (Garmin, 2023), height (m) employing Suunto clinometer and
trigonometric relationships (West, 2004) with errors between 0.1 m and 0.5 m, and diameter at
breast height [DBH] (>5 cm) of each living tree were recorded using a diameter tape along

with other geophysical parameters following Kopio & Samanta (2024). The DBH threshold



was adopted in line with the recommendations of Searle & Chen (2017). Subsequently, data
sheets were used to record all information from each plot and were later compiled in Microsoft

Excel (2013).

Satellite Data Acquisition

The digital elevation model (12.5 m) was obtained from NLCS, forest type map from (DOFPS,
2023), canopy height (10 m) from the global tree canopy height model developed by Lang et
al. (2023), and the Sentinel 2 series Harmonised Sentinel 2 MSI: MultiSpectral Instrument,
Level-2A product that has 13 bands in the visible, near-infrared [NIR], and shortwave-infrared
[SWIR] regions of the spectrum (Kirches et al., 2024) were the RS datasets for this study. All
of these datasets were uploaded/sourced/accessed and pre-processed in Google Earth Engine
(GEE) (Gorelick et al., 2017). The S2A imagery acquisition dates were aligned with the field
data collection dates (01/10/2024 to 31/01/2025) to avoid discrepancies (Bhandari et al., 2024).
Then, cloud masking was performed using Google’s Cloud Score+ [CS+] to filter out scenes
with cloud cover greater than 10% (Pasquarella, 2024), resulting in a composite image ready
for analysis. Pixel values were converted to reflectance values. All the datasets were resampled

to 10 m using GEE's reduceRegion function (Chaaouan, 2025) and projected to EPSG:5266.

Predictor Variables

Vegetation indices [VIs] are effective metrics for assessing vegetation vigour and productivity
(Steven et al., 2003). AGB estimation using VIs has proven to give good results (Kerebeh et
al., 2024). Similarly, S2A spectral bands (Pandit et al., 2018) and band ratios (Tran et al., 2023)
also exhibit good relationships with AGB. On the other hand, some studies reported that
topography influences microclimate, affecting species composition and AGB (Ensslin et al.,
2015). Forest canopy height is directly proportional to AGB and hence an important variable
in AGB calculations (X. Liu et al., 2024). Therefore, a total of nine VIs (NDVI, GNDVI, EVI,
AVI, SAVI, SLAVI, NDWI, VARI, and WDRVI), four S2A derived band ratios (rl
SWIR1/SWIR2, r2 Red/NIR, r3 NIR/Green, r4 NIR/SWIR) and ten spectral reflectance bands
(Blue, Green, Red, Red edge 1, 2, and 3, NIR, SWIRI, and 2), elevation, slope, aspect, and tree
canopy height were added were used in the study, making a total of 27 predictor variables
(Figure 10 and Table 2 & 3). All of the above-mentioned variables were computed in GEE.
Finally, GEE was called into R via the rgee package (Aybar, 2023) to develop the model
(Figure 4).



AGB Calculation

The compiled inventory data were fed to the allometric equation developed by Chave et al.
(2005), following the methodology of Suberi et al. (2018), to compute the observed AGB. It is
expressed as AGB = 0.0509 x p x D? x H (where H is the height of the tree, DBH is the
diameter of the tree at 1.3 m above the ground, and p is the wood specific gravity (FSI, 1996;
Donegan et al., 2014; Chhetri et al., 2025).). These were then converted to shapefile [shp.] and
raster via the XY Table to Point tool at EPSG:5266 and the Point to Raster tool, using sum as
the cell assignment type, at 10m resolution, in ArcGIS Pro 3.1.0, respectively. To address
spatial autocorrelation in the dataset (Ploton et al., 2020; Roberts et al., 2016), the dataset was
spatially and environmentally separated by randomly assigning 5 folds overlaid with a 100 m
resolution grid for each block using the blockCV package (Valavi et al., 2019) in R (Figure 3).
This provides an unbiased estimate of model generalization, mitigates spatial overfitting, and
ensures high methodological quality in AGB estimation (Roberts et al., 2016). Following best
practices, the dataset was randomly split into a training and test set (70/30) to train and validate

the model (Freeman et al., 2016; Gholamy et al., 2018).
AGB Prediction

The importance of careful predictor selection in enhancing model performance is well
documented in the literature (Ibrahim et al., 2024). Prior to model development, 27 key
predictors were selected using recursive feature elimination [RFE] via the caret package in R
(Kuhn, 2024). It is a wrapper-based feature selection method that pinpoints the most relevant
predictor variables for modelling by systematically removing those that contribute the least
(Theng & Bhoyar, 2024). Hyperparameter tuning for the model was done to determine the best

number of trees and variables (Ntree, Mtry, and min.node.size). RF internally ranked the
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Figure 3: Spatial and environmental separation of samples, performed leveraging blockCV, R

package

selected predictors based on the permutation [%/ncMSE], it is stronger and predictive loss-
based (Strobl et al., 2007). These predictors were then employed to train the RF model via the
ranger package in R (Wright & Ziegler, 2018) to extract the final predicted AGB map. 10-fold
spatial CV was employed throughout the modelling process to maintain a strict separation

between validating and training data at all times (Valavi et al., 2019).

Model Validation

R? represents the proportion of variance in observed AGB explained by the model (values
closer to 1 indicate a better fit), while RMSE measures the average prediction error in the same
units as AGB (lower RMSE indicates higher accuracy) (Gao, 2024). While predictor ranking
was based on %/ncMSE, predictor selection and model validation were quantified based on the
highest coefficient of determination [R’] and the lowest root mean squared error RMSE,
following best practices in ML and forestry studies (Chicco et al., 2021). Finally, a Wilcoxon
signed-rank test was performed to assess systematic bias between the predicted and observed
AGB values (Seely et al., 2025). All the results for this study were reported at a significance
level o = 0.05.
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The inventory results from 99 plots recorded 10 tree species in the CF, with P wallichiana, Q
semecarpifolia, and P spinulosa emerging as the most dominant, followed by 4 densa, J
recurva, L griffithii, R arboreum, Populus sp., Lyonia ovalifolia (Wall.) Drude, and Eurya sp.
(Figure 5). This dominance describes the Himalayan mixed conifer forests, where Pinus and
Quercus species often prevail due to their ecological adaptability and competitive advantages
in nutrient-poor soils (Naudiyal & Schmerbeck, 2017). Additionally, the inferior nature of L
ovalifolia and Eurya sp. illustrates their adaptability in unique ecological niches (Dhyani et al.,
2019). Tree height ranged from 0.6 m to 46.6 m (M = 14.6 £7.36 m), while diameter at breast
height (DBH) varied between 5.50 cm and 151.30 cm (M = 32.50 +£19.00 cm) (Table 1).

Table 1: Descriptive statistics of height and DBH of the tree along with the observed and

predicted AGB
Variables Min Max Mean Median StdDev
Height (m) 0.6 46.6 14.6 13 7.36
DBH (cm) 5.50 151.30 32.50 28.00 19.00
Observed AGB (t/ha) 3.90 541.10 126.19 105.19 96.6
Predicted AGB (t/ha) 48.28 275.10 129.20 118.39 45.89

The wide DBH range, including exceptionally large trees (>150 cm), suggests a multi-aged
forest with remnant old-growth individuals, a characteristic feature of less disturbed Himalayan
forests (Singleton, 1999). Such structural heterogeneity supports diverse microhabitats and
carbon storage potential (Aponte et al., 2020). Based on the forest inventory data, KCF
accumulates AGB ranging from 3.90 to 541.10 t/ha, with an average of 126.19 £ 96.6 t/ha. A
high standard deviation (SD) indicates spatial heterogeneity in AGB distribution, which can be
attributed to microtopographical variations or species-specific allometric differences. AGB
accumulation was higher in KCF than in studies conducted in similar forest types (Sengupta,
2018; Tshering, 2024). This may be due to the presence of diverse dominant species with
varying wood densities (Coomes et al., 2014; Chhetri et al., 2025), highlighting the influence
of species composition on AGB accumulation. The presence of open canopies with scattered
regeneration, fuelled by a sanitation program (bark beetle infestation) that harvested a total of

30, 000 cft over the last decade, has also contributed to the heterogeneity (DOFPS, 2023).
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Selecting the Key Predictors with RFE
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Figure 6: Variable importance selection based on the least RMSE for tenfold cross-validation

incorporating ten predictors yielded R? = 0.28 and RMSE = 72.63 + 28.49 t/ha, and the key
predictors emerged (Table 4). These key predictors, Elevation, Band 11, Band 12, NDVI,
SLAVI, WDRVI, GNDVI, NDWI, Band 9, and r3, were iteratively selected from an initial
pool of 27 (Table 3). The selection of VIs such as NDVI and elevation is endorsed by Fan et
al. (2022) as it has proven to boost model performance. WDRVT has also been shown to provide
more accurate characterization of vegetation biophysical properties and land surface conditions
under high biomass scenarios (Gitelson, 2004). In a similar vein, the NDWI exhibits high
sensitivity to water content in closed canopies, particularly at elevated leaf area index [LAI]
levels (Purohit et al., 2021). Moreover, SLAVT is less susceptible to cloud shadows, making it
a valuable predictor variable in numerous studies focused on AGB prediction (Karlson et al.,
2015; Koju et al., 2019; Li et al., 2019).

The inclusion of B9, 11, and 12 is comparable with the findings of Li et al., (2020), further
reinforcing the selection of key predictors in this study. In addition, band ratios are widely used
for AGB estimation and monitoring, particularly in areas with dense vegetation cover (Xue &
Su, 2017; Shen et al., 2019; Luo et al., 2024). Although the R? value may appear low, prior
research Bhatti et al., (2023) and Luo et al. (2024) demonstrates that models emphasizing
strategic feature selection can still generate meaningful spatial predictions, particularly in
heterogeneous forests. These studies affirms that, by integrating elevation data, reflectance
bands, band ratios, and VIs can help mitigate the variability introduced by multispectral data,

ultimately enhancing the robustness of biomass estimation models (Zurqani, 2025).
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Ranking key predictors and model optimisation
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Figure 7: Visualising best predictors ranking based on %/ncMSE

Configuring RF with Ntree = 500 and Mtry = 3 produced the best combination for AGB
prediction, yielding R? = 0.34 and RMSE = 67.98 + 19.79 t/ha (Table 5). The key predictors
arranged in descending importance are B11 > SLAVI > B12 > WDRVI > NDVI > Elevation >
NDWI > GNDVI > 13 > B9 (Figure 7). Consistent with our results, Chrysafis et al. (2017)
reported B11 as the top predictor in their study. The placement of WDRVI above NDVI
supports its sensitivity to moderate-to-high vegetation densities (Gitelson, 2004). Contrary to
expectations (Wang et al., 2007; Otsu et al., 2019), NDVI outperformed GNDVI despite
GNDVT's known sensitivity to high chlorophyll (Gitelson, 2004), likely due to NDVTI's stronger
response to low chlorophyll levels (Gitelson et al., 1996).

Elevation was ranked as the fifth most important variable, highlighting its notable role in
shaping AGB distribution patterns (Ensslin et al., 2015). NDWI can detect changes in
vegetation content across both broadleaf and coniferous species (Brown et al., 2022). Seasonal
variation in photosynthetic activity may also have influenced the results (Zhang et al., 2023).
The inclusion of both NDVI and GNDVI in the model, however, enables capture of chlorophyll
variability across a broader range of concentrations. While established relationships and several
studies (Kumar et al., 2017; Adam et al., 2020; Bhandari et al., 2024) have emphasized the
relevance of tree height in AGB modelling, it was not a significant predictor in the current

analysis. Finally, these predictors were fed to the RF algorithm to produce the final AGB map.
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Model Validation and its implications

£
300 — P N
Training: R? = 0.84, RMSE = 39.5
i
Testing: R? = 0.42, RMSE = &
i
_
=
=
= S
g 200
Q
-
=
]
Sl
=
T
pi: 100 —&- Testing
& Training

0 200 400
Observed AGB (t/ha)
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The RF algorithm exhibited strong predictive capabilities during the training phase, achieving
R?=0.84, RMSE = 39.52 t/ha. These metrics indicate that the model effectively captured the
complex relationships among spectral indices, spectral bands, band ratios, and topographic
variables in estimating AGB. However, its performance dropped substantially on the test
dataset, with R? falling to 0.42 and RMSE rising to 86.14 t/ha (Figure 8). This notable decline
reflects difficulties in model generalization to previously unseen data (Raschka, 2020). The
significant difference between training and testing results (AR? = 0.42; ARMSE = 46.62 t/ha)
indicates potential overfitting, in which the model may have captured noise specific to the
training data rather than learning broader, transferable patterns (Song et al., 2022; Wei et al.,
2024).

The result aligns with findings by Barrefiada et al. (2024), who highlighted overfitting as a
common issue in complex models applied to ecologically diverse forest landscapes. While the
high training R? value indicates the model’s effectiveness within the known data boundaries,
the decline in testing performance highlights challenges in applying optical data to unfamiliar
environments, especially where spectral saturation is prominent (Aliferis & Simon, 2024). To
address overfitting, techniques such as regularization or the use of less complex models should
be considered (Aliferis & Simon, 2024). Moreover, studies by Ali et al. (2024) and Bhandari
et al. (2024) emphasize the value of incorporating texture variables to enhance model

performance.
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The findings are similar to those of Sainuddin et al. (2023), who recorded R? = 0.46 and
RMSE = 42.56 t/ha and highlighted spectral saturation as a limitation in optical-based biomass
models. The primary reason could be the limited penetrative capacity of optical imagery, which
captures only surface features (Myneni et al., 2001). Employing non-saturating spectral indices,
including WDRVI and SLAVI, alongside texture metrics, improves sensitivity to biomass
variability (Gitelson, 2004). Sainuddin et al. (2023) Further suggest integrating synthetic
aperture radar [SAR] or light detecting and ranging [LiDAR] to capture vertical forest structure
and mitigate saturation issues. By evaluating the potential of optical data for RF modelling,
this research also addresses the gap highlighted by Wangdi et al. (2018) regarding the
applicability of optical remote sensing to Bhutan’s unique forest ecosystems. These findings
lay a foundation for enhancing Bhutan’s forest carbon accounting systems and support

evidence-based forest management and policy development.

Final AGB Map

The Wilcoxon signed-rank test revealed a statistically significant discrepancy between
observed and predicted AGB values (V= 1797, p = .03, Z = -2.08), with a small effect size (»
= 0.21). The predicted AGB Mdn of 118.36 t/ha exceeded the observed Mdn of 105.15 t/ha,
suggesting systematic overestimation in the model outputs. This may be due to spectral

saturation in high-biomass temperate forests, a well-documented limitation of optical remote
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sensing (Kumar & Mutanga, 2017). These findings carry important implications for Bhutan's
carbon monitoring systems. This foundational approach aligns with Phuntsho et al.'s (2016) the

call for developing more robust geospatial information systems for Bhutan. Furthermore, it
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Figure 9: (A) AGB map of KCF along with (B) AGC, and (B) Aboveground CO2 Equivalent
[AGCOz2] maps derived based on the predicted AGB where, AGC (AGB x 0.47) and AGCO2
(AGB x 3.67).

underscores the urgency of Yangka et al. (2019) the recommendation for proactive measures
to maintain Bhutan's carbon-neutral status. The demonstrated need for model refinement
supports Bhandari et al. (2024) the assertion that iterative improvement is fundamental to
successful ML applications in ecological research. Further, the carbon and CO2-equivalent

map was derived as shown in Figure 9.
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Conclusion and Recommendations

Reliable AGB quantification is fundamental for evidence-based forest management and
climate change mitigation at regional to global scales. This study demonstrates the potential of
Sentinel-2 data combined with RF modelling to estimate AGB in Bhutan's temperate forests,
using field-measured data as reference. While the model achieved moderate explanatory power
(R? = 0.42) Using 10 key predictors derived from 27 candidate variables, the systematic
difference between observed and predicted values highlights both the promise and the
limitations of optical remote sensing in the complex Himalayan terrain.

Our findings establish three critical insights: First, integrating moisture-sensitive spectral
indices (NDWI, SLAVI) with topographic variables can effectively capture biomass patterns
despite the challenges posed by spectral saturation in dense canopies. Second, ML approaches
offer a cost-effective alternative to TFM, reducing fieldwork requirements while leveraging
freely available satellite data. Third, the developed framework provides a foundational baseline
for advancing AGB estimation in Bhutan, though higher accuracy is needed to fully support
robust MRV systems for REDD+ and Article 6 implementation.

These results carry important implications for climate policy and research: (1) Policymakers
can utilize such spatially explicit AGB maps not only to inform mitigation strategies and carbon
market participation but also for efficient forest resource management, and (2) researchers
should prioritize multi-sensor fusion such as LIDAR/SAR with optical data, continuous field
validation, and model optimization to address current accuracy limitations. Future work must
focus on overcoming topographic complexity and high-biomass saturation effects - challenges
particularly relevant to Himalayan ecosystems.

As Bhutan works to maintain its carbon-neutral status, this study contributes to the growing
scientific foundation for monitoring forest carbon stocks. The methodology demonstrates how
ML can enhance national carbon accounting systems while highlighting the need for ongoing
refinement to meet international reporting standards. This work ultimately advances our
capacity to quantify ecosystem services in Bhutan, where accurate biomass assessment remains
both critically important and technically challenging. The following are some of the
recommendations that arose from this study:

1. Future studies may address spectral saturation by integrating LIDAR or SAR to capture

vertical forest structure.

ii.  Integrate regional species-specific allometric models to reduce biases in different forest

types.
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iii.  Scaling this approach nationwide and validating it across different forest types could
enhance Bhutan’s forest carbon MRV.
iv.  Assess how species-specific spectral reflectance patterns correlate with AGB across

different forest types.
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Annexes:
ANNEX A: Spatial Distribution of Predictor Variables
Contains: Figure 10 (maps of all 27 predictor variables)
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ANNEX B: Predictor Variable Specifications and Descriptive Statistics
Contains: Table 2 (predictor catalog) + Table 3 (descriptive statistics)

Table 2: List of predictors that were used to compute forest AGB

Predictors Name Specifications References

Topographic Variables (3)

Elevation Metre (NLCS)

Slope Degrees (NLCS)

Aspect Cardinal direction (NLCS)
Geophysical Variables (4)

Canopy cover Percentage

DBH Centimetre

Tree height Metre (Lang et al.,

2023)

Figure 10: Maps of the predictor variables used in the study
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Geo-coordinates of Degrees-minutes-seconds
individual tree (DMS)
Sentinel-2A band reflectance (10)
Band 2 (Blue) 10m, 490 nm (Kirches et
al., 2024)
Band 3 (Green) 10m, 560 nm
Band 4 (Red) 10m, 665 nm
Band 5 (Red edge 1) 20m, 705 nm
Band 6 (Red edge 2) 20m, 749 nm
Band 7 (Red edge 3) 20m, 783 nm
Band 8 (Near Infrared) 10m, 842 nm
Band 8A (Red edge 4) 20m, 865 nm
Band 11 (Shortwave 20m, 1610 nm
Infrared)
Band 12 (Shortwave 20m, 2190 nm
Infrared)

Sentinel-2A derived Spectral Indices’ (9)

Normalised Differenced (NIR - Red) / (NIR + Red) (Rouse et al.,
Vegetation Index (NDVI) 1973)

Green Normalised (NIR—Green)/ (NIR + Green) (Gitelson et
Difference Vegetation Index al., 1996)
(GNDVI)

Enhanced Vegetation Index 2.5 x (NIR-Red)/(NIR + 6 x (Huete ef al.,
(EVI) Red 7.5xBlue) + 1 2002)
Advanced Vegetation Index 2.5 * (B8 —B4)/(B8+ 6 * B4 (Gitelson,
(AVI) -7.5*B2+1)) 2004)

Soil Adjusted Vegetation (1+L)((NIR-Red)/ (NIR +Red (Hute, 1988)
Index (SAVI) + L))

Specific Leaf Area (NIR/Red) + SWIR (Lymburner
Vegetation Index (SLAVI) et al., 2000)
Normalised Difference (Green—NIR)/ (Green + NIR) (Gao, 1996)
Water Index (NDWI)
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Visible Atmospherically (Green—Red)/ (Green + Red— Gitelson

Resistant Vegetation Index Blue) (2002)

(VARI)

Wide  Dynamic  Range ((0.1 x NIR)—Red/ (0.1 x NIR) Gitelson

Vegetation Index (WDRVI)  + Red) (2004)
Sentinel-2A derived Band Ratios (4)

rl SWIR1/SWIR2 (Purohit et

2 Red/NIR al., 2020)

3 NIR/Green

4 NIR/SWIR

Table 3: Descriptive statistics of all the predictor variables

Predictors Min Max Mean Median StdDev
Aspect (°) 0.000 359.862 250.256 253.520 47.285
AVI 0.082 0.489 0.265 0.263 0.057
B11 0.041 0.394 0.113 0.103 0.041
B12 0.022 0.352 0.063 0.052 0.032
B2 0.003 0.423 0.019 0.017 0.011
B3 0.006 0.452 0.032 0.030 0.015
B4 0.005 0.430 0.030 0.024 0.020
BS5 0.014 0.244 0.061 0.057 0.021
B6 0.033 0.302 0.130 0.126 0.035
B7 0.042 0.309 0.150 0.145 0.038
B8 0.028 0.467 0.158 0.153 0.047
B8A 0.048 0.332 0.167 0.163 0.040
B9 0.109 0.287 0.172 0.168 0.031
Elevation (masl) 2712.000 3634.000 3217.731 3271.577 564.088
EVI -0.050 0.621 0.265 0.260 0.086
GNDVI 0.032 0.827 0.663 0.682 0.086
Height (m) 5.000 47.000 32.430 32.000 4.753
NDVI -0.014 0.890 0.687 0.736 0.144
NDWI -0.827 -0.032 -0.663 -0.682 0.086
rl 1.101 2.497 1.851 1.848 0.239
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r2

3

r4

SAVI
SLAVI
Slope (°)
VARI
WDRVI

0.115
1.067
0.513
-0.006
1.393
0.000
-0.359
-0.823

1.502
10.556
6.924
0.276
17.252
89.717
0.432
0.263

0.445
5.270
2.800
0.143
6.660
24.218
0.091
-0.245

0.433 0.115
5.280 1.420
2.733 1.139
0.144 0.042
6.657 2.805
23.820 13.165
0.123 0.173
-0.207 0.216

ANNEX C: Recursive Feature Elimination Model Performance

Contains: Table 4 (RFE optimization results for 5-28 variables)

Table 4: Model summary of the RFE for selecting the most important predictors for AGB

estimation
No. of Variables RMSE (t/ha) R’ MAE (t/ha)

5 76.11 0.26 59.64

6 73.4 0.28 57.13

7 73.73 0.26 57.79

8 72.99 0.27 57.44

9 72.98 0.27 57.21

10* 72.63* 0.28* 56.72*

11 74.69 0.25 58.24

12 73.65 0.26 57.67

13 74.02 0.27 58.29

14 74.12 0.26 58.39

15 74.21 0.26 58.4

28 75.36 0.27 60.31

*Selected
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ANNEX D: Random Forest Hyperparameter Tuning Results
Contains: Table 5 (RF optimization with different Mtry, splitrule, min.node.size)

5: Model summary of RF based on the permutation importance

My splitrule min.node.size RMSE (t/ha) R? MAE (t/ha)
3 variance 5 68.17 0.34 52.81

3* variance* 10* 67.98* 0.34* 52.31*

3 extratrees 5 70.60 0.34 55.19

3 extratrees 10 70.66 0.33 55.92

10 variance 5 70.86 0.32 57.06

10 variance 10 69.13 0.33 54.15

10 extratrees 5 69.27 0.35 53.73

10 extratrees 10 69.48 0.35 53.87

*Selected

ANNEX E: Tree Species and Wood Density Reference Database

Contains: Table 6 (KCF tree species with wood density values)

Table 6: Tree species found in KCF along with their wood densities

Species Wood Density

Abies densa 0.50
Euyria sp 0.62
Juniperus recurva 0.30
Larix griffithii 0.46
Lyonia ovalifolia 0.50
Picea spinulosa 0.39
Pinus wallichiana 0.48
Poplus sp 0.40
Quercus semecarpifolia 0.86
Rhododendron aroboreum 0.64
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