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Abstract

Estimating carbon stocks in semi-urban ecosystems remains challenging due to spatial
heterogeneity and the scale limitations of conventional datasets. This study aims to es-
timate and analyse the spatial and temporal distribution of carbon stocks at Universitas
Padjadjaran using high-resolution remote sensing imagery and to support sustainable
campus and green campus initiatives. Multi-temporal data from WorldView-2 (2015, 2017),
WorldView-3 (2021), and Legion-03 (2025) were used to derive vegetation indices, followed
by aboveground biomass (AGB) modelling through regression analysis. Carbon stock was
calculated using a standard conversion factor of 0.5. The results show a consistent increase
in vegetation density and carbon stock, with average values rising from 20.381 tonnes/ha
in 2015 to 29.160 tonnes/ha in 2025. The use of the MSAVI produced an accurate model
for predicting AGB (R? = 0.987-0.993). This study introduces a novel integration of high-
resolution imagery using MSAVI to improve AGB estimation at the campus scale, providing
a more detailed and reliable approach for carbon assessment in heterogeneous semi-urban
environments and contributing to the implementation of sustainable, environmentally
friendly campus management strategies.

Keywords: above ground biomass; carbon stock; high-resolution satellite imagery;
vegetation indices; sustainable campus

1. Introduction

Climate change is still considered one of the most serious environmental problems
today, mainly because of the increasing concentration of greenhouse gases that affect
atmospheric processes and ecosystem functions. Terrestrial ecosystems help reduce these
impacts by acting as carbon sinks, storing carbon in vegetation biomass [1,2]. Consequently,

Sustainability 2026, 18, 6240

https://doi.org/10.3390/su18126240


https://crossmark.crossref.org/dialog?doi=10.3390/su18126240&domain=pdf&date_stamp=2026-06-17
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0009-0004-1701-2312
https://orcid.org/0000-0003-3382-2855
https://orcid.org/0000-0002-1962-7511
https://orcid.org/0000-0002-9322-7815
https://orcid.org/0000-0003-4589-3706
https://doi.org/10.3390/su18126240

Sustainability 2026, 18, 6240

2 of 22

understanding how much carbon vegetation stores is important for understanding the
global carbon cycle and the role of ecosystems in climate regulation. Monitoring is also
needed to assess how ecosystems change over time and to evaluate the effectiveness of land-
based mitigation efforts [3-5]. In addition, at a local scale, such information is increasingly
important for supporting sustainability initiatives, including the implementation of green
campus programmes that aim to reduce carbon footprints and enhance environmental
management in university settings.

Aboveground biomass (AGB) is all living biomass above the soil, including stem,
stump, branches, bark, seeds and foliage (IPCC Good Practice Guidance for LULUCF).
AGB is often used as an indicator of carbon stock in vegetation because a large portion
of the carbon absorbed through photosynthesis is stored in aboveground parts such as
stems, branches, and leaves [1]. Therefore, accurately estimating AGB is important for
understanding how carbon is distributed and how the balance between carbon sources and
sinks operates across different areas. On university campuses, accurate AGB estimation
can also provide a scientific basis for planning and evaluating green infrastructure and
sustainability strategies [6].

In general, AGB can be estimated using field measurements or remote sensing ap-
proaches [7]. Field-based methods usually involve measuring tree diameter, height, and
sometimes wood density, which are then used in allometric equations [5]. These methods
can give quite accurate results, especially at small scales. However, they are not always
practical when the study area is large or highly heterogeneous, mainly because they re-
quire significant time, effort, and cost. Increasing the number of samples to achieve a
better spatial representation can also be quite challenging logistically. In contrast, remote
sensing offers a more practical means of estimating AGB over larger areas. It allows data
to be collected consistently and repeatedly without direct field measurements in every
location. Different types of remote sensing data, such as optical imagery, SAR, and LiDAR,
have been widely used for biomass estimation. For example, LIDAR systems like GEDI
can capture the vertical structure of forests, which is very useful for improving biomass
estimation accuracy [8].

Among these approaches, optical vegetation indices are still commonly used because
they can represent vegetation greenness and photosynthetic activity [9,10]. NDVI is one of
the most widely used indices and is often applied as a proxy for leaf area and vegetation
productivity [11]. However, these indices also have some limitations. NDVI, for instance,
tends to saturate in areas with dense vegetation, making it less sensitive in high-biomass
conditions. In addition, optical data are quite sensitive to clouds, atmospheric effects, and
lighting conditions, which can affect the results [12]. Therefore, estimating biomass in
complex vegetation structures remains challenging. Huete [13] proposed the soil-adjusted
vegetation index (SAVI) to reduce soil-reflectance interference in sparsely vegetated areas;
Qi et al. [14] subsequently refined it into the modified soil-adjusted vegetation index
(MSAVI), which incorporates a self-adjusting correction factor and maintains sensitivity to
canopy structure under variable understory conditions. The enhanced vegetation index
(EVI) of Huete et al. [15] introduces an atmospheric-resistance term and retains sensitivity in
dense canopies where NDVI saturates. The leaf area index (LAI), derived from these indices
through empirical or physical formulations [16], is widely used as an intermediate variable
linking reflectance to biomass. Ratio-based indices, including the red-green ratio (RGR)
and the ratio vegetation index (RVI), have also been applied to characterise vegetation in
structurally complex landscapes [17].

In an early review of optical AGB methods, Lu [18] identified vegetation-index re-
gression as the most accessible operational approach while noting saturation in dense
canopies as its principal limitation, which has since been mitigated through narrow-band
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and soil-adjusted indices [19]. Forkuor et al. [20] combined Sentinel-1 and Sentinel-2 in-
dices to map AGB in West African dryland forests, and Muhe and Argaw [21] developed
empirical AGB models for Afro-Montane tropical forests on the basis of LAI alone. Another
issue is related to scale. Many global biomass datasets provide broad coverage, but their
spatial resolution is often too coarse for smaller or more detailed study areas; by contrast,
studies that use high-resolution data are usually limited to specific locations [5]. In smaller,
more complex areas, such as university campuses, aboveground biomass (AGB) is com-
monly estimated using field-based measurements or a combination of field data and remote
sensing. These approaches often rely on vegetation indices, such as NDVI, to develop
carbon-stock models [22-24]. This situation creates a critical gap, particularly on university
campuses, which are relatively small yet characterised by highly heterogeneous vegetation.
Consequently, such environments require more detailed and site-specific assessment ap-
proaches to effectively support sustainable campus planning and the development of green
campus frameworks.

Based on this, the use of high-resolution satellite imagery with vegetation indices
still needs further exploration, particularly in semi-urban environments such as campus
areas. Therefore, this study aims to estimate carbon stocks on a university campus, specif-
ically at Universitas Padjadjaran (Unpad), by integrating high-resolution satellite data
with vegetation indices. This approach is expected to provide AGB estimates and a better
understanding of carbon-stock patterns in semi-urban ecosystems without recourse to
species-specific field inventories, while also supporting the implementation of sustainable
campus and green campus initiatives through improved carbon monitoring and environ-
mental management [8,12].

2. Materials and Methods
2.1. Study Area

This study was carried out at the Unpad Jatinangor Campus in Jatinangor District,
Sumedang Regency, West Java, Indonesia (Figure 1). The campus is situated at around
107°46'28" E and 6°55'33" S, at elevations of between 725 and 810 metres above sea level.
Covering approximately 180 hectares and home to 18 faculties, it ranks among the largest
university campuses in Indonesia in terms of land area.

The campus exhibits heterogeneous land cover, characterised by a blend of academic
infrastructure and preserved green spaces. The western zone is predominantly an Arbore-
tum, while the northern area includes the Ciparanje experimental field, which serves as a
site for agricultural and ecological research. Academic facilities and supporting infrastruc-
ture are mainly concentrated in the central and southern regions, creating a complex spatial
mosaic of built-up surfaces interspersed with vegetated areas. This structural diversity and
spatial heterogeneity position the Unpad Jatinangor Campus as a representative model of
an urban campus forest system, making it a suitable study site for examining spatial and
temporal variations in carbon stock using high-resolution remote sensing data.

This heterogeneity extends to the species composition of the vegetation itself. Within
the Western Arboretum, Aswada et al. [25] documented five named zones, such as rare
species, identity tree, industrial medicinal, and fruit-tree, each built around a different mix
of tropical hardwoods, native species and horticultural taxa. The most common species
recorded across these zones include Tectona grandis, Swietenia macrophylla, Hura crepitans,
Pterocarpus indicus, Cedrela odorata, Enterolobium cyclocarpum, Durio sp., Annona muricata and
Averrhoa carambola. The wider campus carries a canopy of native hardwoods, fast-growing
legumes, ornamental shade trees, and fruit tree species planted under institutional greening
programmes since 2016 [26].

https://doi.org/10.3390/su18126240


https://doi.org/10.3390/su18126240

Sustainability 2026, 18, 6240

4 0f 22

= Boundary
Ciparanje Area

Academic Building Area

Arboretum Area

Figure 1. Study area: the Unpad Campus (107°46/28" E, 6°55'33"' S; ~180 ha; elevation 725-810 m.a.s.l.)
in West Java, Indonesia, showing the Arboretum (west), Ciparanje experimental field (north), aca-
demic building (centre—south), and embung retention pond (centre).

2.2. Data

This study utilised high-resolution satellite imagery acquired from WorldView-2
for the years 2015 and 2017, WorldView-3 for 2020, and WorldView Legion 3 for 2025.
Specifications regarding the acquisition dates and spatial resolution of each sensor are
provided in Table 1. All datasets were sourced from Maxar Technologies and were chosen
for their sub-metre spatial resolution, which allows for the detection of fine-scale variations
in urban vegetation despite the comparatively small extent of the study area. The imagery
was provided as Ortho Ready Standard (Level 2A) products, which have undergone
radiometric correction and been georeferenced to the WGS 84 coordinate system.

Table 1. Summary of satellite data used in this study.

Satellite Acquisition Date Panchromatic (m) MultlsPectral
Resolution (m)
WorldView-2 15 June 2015 0.46 1.84
WorldView-2 20 July 2017 0.46 1.84
WorldView-3 10 July 2020 0.31 1.24
WorldView Legion3 18 May 2025 0.30 1.20
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To support vegetation-indices calculation, visible bands (blue, green, and red), Red
Edge, and near-infrared (NIR) bands were employed. The full spectral configuration of the
WorldView sensors is presented in Table 2 [27].

Table 2. Spectral characteristics of the WorldView satellites [27].

Band Spectral Range (um)
Coastal 0.400-0.450
Blue 0.450-0.510
Green 0.510-0.580
Yellow 0.585-0.625
Red 0.630-0.690
Red Edge 0.705-0.745
NIR-1 0.770-0.895
NIR-2 0.860-1.040

2.3. Methodology

The overall methodological workflow is presented in Figure 2. Data processing was
conducted using Google Earth Engine and QGIS. Google Earth Engine, a cloud-based
platform widely used for processing large-scale satellite imagery and land suitability
mapping [28], was employed in this study..Initially, the acquired imagery underwent pre-
processing, including atmospheric correction, delineation of the area of interest (AOI) and
image preparation. The preprocessing steps comprised defining land cover classes, apply-
ing pan-sharpening to enhance spatial resolution, and performing geometric correction to
improve positional accuracy [27]. Subsequently, vegetation indices were computed. The
initial aboveground biomass (AGBy) was estimated using the leaf area index (LAI). Each
derived index was then subjected to linear regression analysis to generate an improved
AGB estimation model. Carbon stock was calculated by multiplying the estimated AGB
values by a carbon conversion factor. The developed AGB model was further cross-sensor
validated using imagery from the Landsat 8. Linear regression analysis was performed
to evaluate the relationship between AGB estimates derived from WorldView Legion
3, WorldView-3, and WorldView-2 (independent variables, x) and those obtained from
Landsat 8 (dependent variable, i), with model performance assessed using the coefficient
of determination (R?).

2.4. Preprocessing

To enhance the accuracy and reliability of subsequent analyses, the raw satellite
imagery underwent a series of preprocessing steps. All WorldView-2, WorldView-3, and
WorldView Legion 3 images underwent atmospheric correction using the Dark Object
Subtraction (DOS) method [29] to reduce the influence of atmospheric scattering and
absorption on surface reflectance. In this approach, the atmospheric haze for each band
is estimated from dark targets within the scene, such as deep water or shadows, which
are assumed to have negligible reflectance, and the corresponding path radiance is then
subtracted before the top-of-atmosphere values are converted to surface reflectance. DOS
was preferred because it is computationally simple and requires no in situ atmospheric data
at the time of acquisition, yet has proven reliable for high-resolution imagery in vegetation
and carbon-stock studies [30-32].

Pan-sharpening was applied by integrating high-resolution panchromatic bands with
lower-resolution multispectral bands to improve spatial detail without compromising
spectral information [33]. Before image fusion, the multispectral bands were resampled to
match the panchromatic band’s spatial resolution using cubic spline interpolation, ensuring
precise pixel alignment and minimising spectral distortion. The Brovey transform was
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subsequently employed to fuse the spatial detail of the panchromatic data with the spectral
characteristics of the multispectral bands, producing a high-resolution dataset suitable for
campus-scale analysis. This approach was selected due to its ability to preserve spectral
relationships while enhancing spatial detail, making it particularly effective for urban
vegetation mapping.

Input Data

WorldView-2 (2015, 2017), WorldView-3 (2021),
Legion-03 (2025)

h 4

Pre-processing

Atmospheric correction (DOS)

Area of Interest (AOI) delineation
Pan-sharpening (Brovey transform)
Geometric correction (GCPs)
Resolution downscaling (WV-3 & Legion-03)

A4

Land Cover Classification

Object-Based Random Forest (OBIA-RF)
Masking of non-vegetated objects

A 4

Vegetation Indices Computation
NDVI, LAI, MSAVI, EVI, RGR

v
Initial AGB Estimation (AGBo)
AGBo = 0.1334 x LAl + 0.2044

A4

AGB Regression Modelling

Linear regression: AGBo vs each vegetation index
MSAVI selected as best predictor
Year-specific AGB equations

v
Model Validation
Adjusted R2, RMSE, MAE, MAPE

F-test, t-test, Durbin-Watson
K-fold cross-validation (k=5)

4

Carbon Stock Estimation
C = AGB x 0.5 (IPCC GPG-LULUCF)

A4

Cross-Sensor Validation

AGB compared against Landsat 8
Linear regression (R?)

A4

Spatial-Temporal Analysis

Spatial maps and box plots
Decadal carbon stock trajectory

Figure 2. Methodology research flow.

Following this, geometric correction was performed to align image pixels with their
correct geographic coordinates and to ensure spatial consistency across multi-temporal
datasets. This step is essential for enabling accurate comparison of land cover changes
over time [34]. The geometric correction was performed in QGIS to ensure that all imagery
was properly aligned and spatially consistent within the study area. In this study, the
correction was carried out using Ground Control Points (GCPs) extracted from permanent
features such as road intersections and the corners of stable buildings; the number and
spatial distribution of GCPs are well established as primary factors controlling the geo-
metric accuracy of corrected very-high-resolution (VHR) satellite imagery, in conjunction
with the chosen transformation model [35,36]. A polynomial transformation was then
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applied in combination with a cubic B-spline resampling kernel, which yields a smooth
interpolated reflectance surface and is recognised for its good frequency response and
reduced interpolation error compared with simpler kernels [37].

The WorldView-3 and WorldView Legion 3 imagery were down-sampled to a
50 c¢m spatial resolution using cubic B-spline interpolation to match the resolution of
the WorldView-2 imagery, ensuring spatial consistency across all datasets prior to further
analysis. With this procedure, all images were integrated into the projection system adopted
for the study and were therefore ready for vegetation-indices analysis.

2.5. Land Cover Masking

To restrict the AGB modelling and carbon-stock estimation to vegetated surfaces, each
annual image was further classified into vegetated and non-vegetated categories using the
object-based random forest framework previously developed for the same campus [27]. The
classification was performed by first partitioning the imagery into spectrally homogeneous
objects through segmentation and subsequently assigning each object to one of six land
cover classes, namely dense vegetation, sparse vegetation, buildings, roads, bare soil, and
water, on the basis of its combined spectral and geometric properties within a random forest
classifier trained on manually labelled reference samples. The dense and sparse vegetation
classes were then combined into a single vegetation mask, which was applied during the
AGB and carbon-stock estimation to ensure that only vegetated pixels contributed to the
final outputs. Non-vegetated surfaces, comprising buildings, roads, bare soil, and water,
were therefore excluded from the analysis.

2.6. Data Processing and Analysis

The vegetation indices computed in this study are summarised in Table 3. A total of
five vegetation indices were analysed. The normalised difference vegetation index (NDVI)
is widely used to represent vegetation density and distribution, with values ranging
from —1 to 1. Higher NDVI values indicate dense, healthy vegetation, whereas lower
values indicate sparse vegetation [38,39]. The enhanced vegetation index (EVI) provides
improved sensitivity to canopy structure by reducing atmospheric noise and minimising
soil background effects [40]. The modified soil-adjusted vegetation index (MSAVI) is a
variant [14]. The leaf area index (LAI) is the ratio of total leaf area to the ground surface area
it occupies and is an important biophysical parameter of vegetation [41,42]. The red-green
ratio (RGR) is utilised to estimate the extent and quality of vegetation cover within the
study area [16].

Table 3. Vegetation indices and chlorophyll indices are applied for the estimation of AGB.

Indices Equation Source Eq
Normalised Difference (NIR _ RED)

Vegetation Index (NDVI) NDVI = (NIR + RED) [15] @
Enhanced Vegetation 2.5 (NIR—RED)

Index (EVI) EVI = (NIR +6xRED—7.5xBLUE+1) [43] @)

Leaf Area Index LAI = (3.618 x EVI — 0.118) [16] )

Red Green Index (RGR) RGR = RERG [16] (4)

Modified Soil Adjust 0.5 (2><NIR+17\/ (2XNIR+1)’—8(NIR—RED)

Vegetation Index (MSAVI)

MSAVI = S [14] (5)
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2.7. Above-Ground Biomass (AGB) Modelling Using Remote Sensing

Regression modelling was employed to estimate AGB using the derived vegetation
indices. The initial AGB (AGBy) was calculated using a simple linear regression model
based on the LAI, expressed as: AGBy = 0.1334 LAI + 0.2044 [16]. This equation pro-
vides a species-agnostic biomass proxy calibrated in tropical canopies and has recently
been validated by Thinley et al. [16] in a subtropical urban Arboretum with multi-species
composition comparable to the Unpad campus area.

Following the estimation of AGBy, further regression analyses were conducted to
examine the relationships between AGB and the remaining vegetation indices. The LAI
and EVI were excluded from this stage because they had already been incorporated into
the initial modelling framework. Simple linear regression models were applied to develop
improved AGB estimation models. Model accuracy was evaluated using the coefficient
of determination (R?) and its adjusted form, the root-mean-square error (RMSE), mean
absolute error (MAE) and mean absolute percentage error (MAPE). The significance of each
regression and of its coefficients was tested with the F- and t-statistics at oc = 0.001, and resid-
ual autocorrelation was assessed with the Durbin—Watson statistic. Model generalisability
was confirmed by five-fold cross-validation.

1Z .
RMSE = |2} (vi = 5)° (6)
i=1
1Z .
MAE = — } |y; — il )
i=1
o, n L a7,
MAPE — 100% y % )
i=1 i

2.8. Carbon-Stock Estimation

The selected AGB model was subsequently applied to estimate carbon stock across
the study area. AGB was converted to carbon using a factor of 0.5, the IPCC GPG-LULUCF
default for the carbon fraction of aboveground biomass, defined as all living biomass above
the soil, including stem, stump, branches, bark, seeds, and foliage [44]. The same factor
has been widely used in urban green-space carbon studies on heterogeneous canopies,
including Nowak and Crane [45] for urban trees in the United States, Sun et al. [46] for
Beijing and Wu et al. [47] for Lishui. As the Unpad campus is dominated by living biomass
above soil, such as trees, seeds and foliage, the 0.5 factor is appropriate and ensures
comparability with these studies.

3. Results
3.1. Temporal and Spatial Variation in Vegetation Indices

The temporal analysis demonstrated a consistent increase in median values across all
vegetation indices from 2015 to 2025 (Figure 3), indicating a progressive improvement in
vegetation cover and condition. NDVI increased from 0.711 to 0.819, with its interquartile
range contracting substantially (from 0.206 to 0.042) by 2025. Although this indicates denser
and more spatially uniform vegetation, the marked compression of the distribution also
suggests NDVI saturation in the later years, as the index becomes less sensitive under
closed-canopy conditions. EVI, by contrast, retained a broader distribution and a steady
increase (0.284 to 0.502), demonstrating greater sensitivity in densely vegetated areas.
MSAVI followed a similar increasing trend (0.234 to 0.431) while maintaining a stable
spread, consistent with its reduced susceptibility to soil background effects. LAI showed
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the most substantial change, with its median nearly doubling (0.911 to 1.698), in agreement
with the increasing leaf density and structural complexity of the canopy over time.

2015 2017 2021 2025 2015 2017 2021 2025
(a) (b)
: i 0.8 g 5 4
: e
. 0.6
L
-0.2 .
2015 2017 2021 2025 2015 2017 2021 2025
(c) (d)

Figure 3. Box plot showing variation in vegetation indices at Unpad from 2015 to 2025: (a) NDVI,
(b) MSAVI, (c) LAI and (d) EVL

The spatial distribution of LAI across the study area underwent a substantial trans-
formation over the 2015-2025 observation period (Figure 4). The LAI maps use a colour
scale that runs from pale blue at the lowest values (0) to dark teal-green at the highest (3.5).
Masked non-vegetation surfaces, including buildings, roads, and water bodies, are shown
in white and were excluded from the analysis. The pattern of LAI matched the land-use
zoning of the study area closely. The densest and most continuous canopy was found in
the Ciparanje Area to the north and the Arboretum Area to the southwest. In contrast, the
Academic Building Area in the central-to-southern part was mostly masked, with only thin
strips of vegetation remaining along its streets and courtyards. The embung in the central
part of the site was also excluded as open water. The temporal trend was equally clear. In
2015, the vegetated zones, particularly Ciparanje and the Arboretum, were dominated by
pale to light-blue shades, which indicate a relatively sparse canopy. These tones deepened
to medium blue through 2017 and 2021 as leaf area increased across both zones. By 2025,
most of the vegetated surface had turned darker teal-blue and was spread more evenly,
giving the highest and most uniform LAI of all the years observed. This gradual darkening
of the blue points to a clear gain in canopy density and greenness between 2015 and 2025,
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with Ciparanje and the Arboretum forming the green core of the campus and holding most
of its leaf area throughout the period.

@)

(b) () (d)

Figure 4. Spatial distribution of leaf area index (LAI) across Unpad: (a) 2015, (b) 2017, (c) 2021,
and (d) 2025.

3.2. Temporal and Spatial AGBy Value

AGBy represents the amount of biomass stored in vegetation. The temporal trend in
median AGBy values follows a pattern consistent with that of the vegetation. The AGB,
values across the study area increased progressively over the 2015-2025 observation period,
as illustrated in Figure 5. The AGB, values across the study area increased progressively
over the 2015-2025 observation period, with their median values increasing from 0.326
in 2015 to 0.431 in 2025. A slight decline in 2017 (0.311) preceded a steady rise through
2021 (0.340) and a pronounced increase in 2025. The interquartile range narrowed in
the final year (from 0.110 in 2021 to 0.071 in 2025), indicating that biomass became not
only higher but also more spatially uniform as the canopy matured. This highlights
spatial heterogeneity in vegetation structure, which may persist despite overall biomass
growth. These findings are consistent with the spatiotemporal recovery of vegetation cover
identified in the LAI analysis, collectively suggesting a sustained increase in carbon stock
throughout the observation period.

0.6 °

0.5 —

0.4

0.3

0.2{ ——
2015 2017 2021 2025

Figure 5. Box plot showing variation in AGBy in ton/pixel at Unpad from 2015 to 2025.
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The spatial distribution of AGB, presented in Figure 6, clearly illustrates the temporal
dynamics of biomass across Unpad. The AGBy maps use a colour scale that runs from
yellow at the lowest values (0) to dark red-maroon at the highest (0.6713). Overall, AGBy
increases progressively from 2015 to 2025. As with LAI, the distribution of biomass matched
the land-use zoning of the study area. Deep red dominated the vegetated zones every year,
and the Ciparanje Area to the north and the Arboretum Area to the southwest held the
most extensive and continuous high-biomass cover. The Academic Building Area in the
central-to-southern part was mostly masked, with only narrow vegetated strips between
the buildings, and the embung was excluded as open water. The temporal trend was
equally clear. The main departure from the otherwise stable pattern occurred in 2017,
when scattered orange-to-yellow patches appeared within the Ciparanje Area, marking
pockets of lower biomass. These lighter patches had largely disappeared by 2025, when the
deep-red cover across Ciparanje and the Arboretum became more continuous and even.
This gives the widest and most uniform biomass distribution of all the years observed, with
Ciparanje and the Arboretum holding most of the area’s above-ground biomass throughout

the period.

Figure 6. Spatial distribution of AGBy values (tonnes/pixel) across Unpad: (a) 2015, (b) 2017, (c) 2021,
and (d) 2025.

3.3. AGB Modelling Using Vegetation Indices

To develop an improved AGB estimation model, each vegetation index was plotted
against the estimated AGBy values. In this framework, the vegetation indices were treated
as independent variables x, while the estimated AGBy served as the dependent variable
(y). LAI and EVI indices were excluded from this analysis because they were already
incorporated into the initial AGBy model. Each remaining vegetation index (NDVI, MSAVI,
RGR) was regressed against AGBy as a simple linear model. MSAVI achieved the highest
RZ in every year (0.991 in 2015, 0.987 in 2017, 0.998 in 2021, and 0.992 in 2025), well above
NDVI (0.132 to 0.780) and RGR (0.019 to 0.471), and was therefore selected as the final AGB
model. Intercept (a), slope (b) and R? values for the three indices are summarised in Table 4.
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Table 4. Model coefficients and R-square values with high-resolution remote sensing data to
predict AGB.

2015 2017 2021 2025
Index
b R? a b R? a b R? a b R?
MSAVI  0.200 0.529 0.991 0.201 0.520 0.987 0.187 0.622 0.988 0.183 0.578 0.993
RGR 0.521 —0.204  0.458 0.321 —0.005 0.019 0.546 -0.227  0.458 0.652 —-0.275 0472
NDVI 0.172 0.241 0.648 0.200 0.225 0.780 0.133 0.348 0.532 0.108 0.398 0.132
For the selected MSAVI model, adjusted R? matched R? to three decimal places (0.991,
0.987, 0.988, and 0.993 for 2015, 2017, 2021, and 2025, respectively). RMSE ranged from
0.004 to 0.008 tonnes/pixel, MAE from 0.003 to 0.006 tonnes/pixel, and MAPE from 0.76%
to 2.07%. The regression was significant at p < 0.001 in every year, as confirmed by both
the F-test and the t-test of the slope coefficient; the Durbin-Watson statistic stayed within
1.974-2.013, indicating no residual autocorrelation. The slope coefficient varied only be-
tween 0.520 (2017) and 0.622 (2021) within tight 95% confidence intervals, confirming strong
stability across the four years. K-fold cross-validation (k = 5) reproduced the in-sample fit
(R? = 0.987-0.993), indicating no overfitting. Full diagnostics are reported in Table 5.
Table 5. Model selected diagnostics and cross-validation results.
Year R2 adjRZ RMSE MAE  MAPE (%) F DW K-Fold R? (Mean =+ SD)
2015 0.991 0.991 0.006 0.005 1.45 7.46 x 10° 1.99 0.991 £ 0.0007
2017 0.987 0.987 0.008 0.006 2.07 5.35 x 10° 1.97 0.987 £ 0.0007
2021 0.988 0.988 0.008 0.006 1.63 5.93 x 10° 2.01 0.988 £ 0.0002
2025 0.993 0.993 0.004 0.003 0.76 9.86 x 10° 2.01 0.993 + 0.0004

The final AGB estimation equations derived from the multiple regression analysis are
presented as follows in Table 6.

Table 6. Model coefficients for new AGB models.

Year Sensor Models Equation

2025 WV-2 AGB =0.200 + 0.529MSAVI )
2021 WV-2 AGB =0.201 + 0.520MSAVI (10)
2017 WV-3 AGB =0.187 + 0.622MSAVI (11)
2015 WYV Legion 3 AGB =0.182 + 0.578MSAVI (12)

To validate the developed AGB model, it was applied to predict AGB using Landsat
8 imagery acquired at the same location and during the same observation periods for
cross-sensor validation. A linear regression approach was employed, with AGB derived
from high-resolution satellite imagery as the independent variable (x) and AGB estimated
from Landsat 8 as the dependent variable (y). The regression results are presented in
Figure 7. The coefficients of determination (R?) for 2025, 2021, 2017, and 2015 are 0.0.667,
0.246, 0.490, and 0.546, respectively. These values indicate a moderate level of agreement
between AGB estimates derived from high-resolution imagery and those from Landsat
8. The variation in R? across years suggests that consistency between datasets is not
uniform, with stronger agreement in 2025 and weaker in earlier years. These differences
are likely influenced by sensor-specific characteristics at the time of image acquisition.
Overall, the results indicate that while Landsat 8 data can provide a general representation
of biomass patterns, high-resolution imagery captures spatial variability more effectively,
particularly in heterogeneous landscapes such as campus environments. Differences in
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spatial resolution and spectral sensitivity between the datasets likely contribute to the
observed discrepancies, although the moderate correlation confirms that both datasets
exhibit comparable trends in AGB distribution.

0.6 055
0.50
0.5
0.45
0.4
0.40
0.3 0.35
0.30
0.2
0.36 0.38 0.40 0.42 0.44 0.46 0.48 0.50 0.26 0.28 0.30 0.32 0.34 0.36 0.38 0.40 0.42
@) (b)
0.50 0-35
0.45
0.40
0.35
0.30
0.25

0.225 0.250 0.275 0.300 0.325 0.350 0.375 0.400 0.26 0.28 030 032 034 036 038 0.40
(c) (d)

Figure 7. Scatter plots comparing AGB estimates derived from Landsat 8 and high-resolution satellite
imagery: (a) Landsat 8 vs. Legion-03 (2025), (b) Landsat 8 vs. WorldView-3 (2021), (c) Landsat 8 vs.
WorldView-2 (2017), and (d) Landsat 8 vs. WorldView-3 (2015).

3.4. Temporal and Spatial Carbon-Stock Value

Carbon stock was estimated by multiplying AGB values by a carbon conversion factor
of 0.5. The average carbon-stock values for 2015, 2017, 2021, and 2025 are 20.381 tonnes/ha,
19.754 tonnes/ha, 22.281 tonnes/ha, and 29.160 tonnes/ha, respectively, with a substantial
increase in 2025. The carbon-stock values across the study area exhibited a progressive
stabilisation trend over the 2015-2025 observation period, as seen in Figure 8. In 2015,
the median distribution reflected high spatial heterogeneity in carbon stocks, attributable
to the fragmented vegetation cover characteristic of this period. A marginal decline in
median value was observed in 2017, suggesting continued spatial variability in carbon
accumulation. By 2021, both the outlier magnitude and distribution spread contracted
considerably, indicative of a more spatially homogeneous carbon-stock landscape consistent
with the progressive vegetation recovery identified in the LAl and AGB analyses. The 2025
distribution demonstrated the most stabilised pattern across all observed years, suggesting
a landscape-wide convergence toward more uniform and marginally improved carbon-
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stock accumulation. Collectively, these findings indicate that the study area underwent
a sustained transition from a spatially heterogeneous, disturbance-driven carbon stock
regime in 2015 to a more ecologically stable, spatially consistent carbon accumulation
pattern by 2025.

0.30

0.25] ——

0.20

0.15

0.10

2015 2017 2021 2025

Figure 8. Box plot showing variation in carbon stock in tonnes/pixel at Unpad from 2015 to 2025.

The spatial distribution of carbon stock is presented in Figure 9. The spatial distri-
bution of carbon stocks across the study area showed a gradual improvement over the
2015-2025 observation period. In 2015 and 2017, the vegetated zones carried a mix of
medium-green and yellow-green tones, with the lighter, lower-carbon patches most visi-
ble across Ciparanje in 2017. The green deepened from 2021 onward, and by 2025, both
Ciparanje and the Arboretum had turned almost uniformly dark green, giving the highest
and most evenly spread carbon stock of all the years observed. This gradual shift toward
darker green points to a steady increase in carbon storage between 2015 and 2025, with
Ciparanje and the Arboretum forming the green core of the campus and holding most of its
carbon throughout the period. Collectively, these findings indicate a sustained landscape-
scale transition from a heterogeneous, low-carbon stock in 2015 to a more homogeneous,
high-carbon stock distribution by 2025, corroborating the positive trajectories identified in
both the LAI and AGB analyses throughout the observation period.

Carbon Stock

(a) (b)

Figure 9. Spatial distribution of carbon stock (tonnes/pixel) across the Unpad area: (a) 2015, (b) 2017,
(c) 2021, and (d) 2025.
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4. Discussion
4.1. Index-Based Characterisation of Unpad

Based on the results, EVI, LAI, and MSAVI show a consistent increasing trend from
2015 to 2025, indicating a substantial expansion of canopy cover within the Unpad area.
NDVlincreased from 0.711 to 0.819, although its interquartile range narrowed considerably
from 0.206 to 0.042. This contraction suggests that NDVI began to saturate as the canopy
closed, reducing its ability to distinguish dense vegetation in the later years. EVI], in
contrast, increased from 0.284 to 0.502 while retaining a broad distribution, confirming that
it remained sensitive in densely vegetated areas where NDVI levelled off. MSAVI showed
a similar upward trend, rising from 0.234 to 0.431, but with a stable spread across all years.
This narrow and consistent distribution indicates that MSAVI was largely unaffected by soil
background effects, which is the main reason it was selected as the principal predictor in
the AGB model. The most pronounced change was observed in LAI, whose median nearly
doubled from 0.911 to 1.698, consistent with the increasing leaf density and structural
complexity of the canopy over the decade.

Furthermore, MSAVI provides a reliable approach for vegetation analysis in hetero-
geneous environments. It is a modified version of the original soil-adjusted vegetation
index (SAVI) [13], improved through a self-adjusting soil-correction factor that adapts to
local canopy and soil conditions [14]. This design effectively reduces soil background
interference while preserving sensitivity to canopy structure, an advantage that is also
reported in previous reviews of vegetation indices [17,48]. These characteristics are partic-
ularly important in heterogeneous environments such as the Unpad campus, where the
proportion of exposed soil, paved surfaces, and built-up areas varies substantially across
the landscape and where accurate differentiation of vegetation conditions is required [49].
MSAVL is also less affected by the saturation effects that commonly occur in broadband in-
dices such as NDVI under dense canopy conditions [19]. Previous studies have shown that
this property translates into better AGB estimation compared to NDVI in heterogeneous
urban Arboretum settings [16], and more generally, that soil-adjusted indices outperform
soil-unadjusted indices for above-ground green biomass estimation across various vege-
tation cover types [50]. The stable distribution of MSAVI observed across the World View
and Legion acquisitions also suggests that the index is not sensitive to minor inter-sensor
radiometric differences.

4.2. Modelling Aboveground Biomass

Among the three vegetation indices tested (NDVI, MSAVI, RGR), MSAVI consistently
achieved the highest coefficient of determination with AGB across the four acquisition
years, with R? values ranging from 0.987 to 0.993 (Table 4). NDVI produced R? values
between 0.132 and 0.780 and RGR between 0.019 and 0.471, indicating that MSAVI provides
the most informative single predictor of AGB in this study. The advantage of MSAVI is
attributable to its self-adjusting soil-correction term, which minimises the influence of the
soil background on the vegetation signal. NDVI is known to be unstable in scenes with
exposed soil because variations in soil colour, brightness, and moisture produce red-NIR
contrasts that are unrelated to canopy biomass; the soil-adjusted vegetation index (SAVI)
corrects for this effect through a fixed adjustment factor, while MSAVI derives the factor
directly from the image data and therefore adapts to the variable proportion of exposed
soil across the scene. MSAVI is also less susceptible than NDVI to saturation in dense
canopies, allowing it to discriminate biomass differences in the more vegetated parts of
the mosaic. These properties make MSAVI particularly well suited to mixed-species and
mixed-cover landscapes. Comparable performance has been reported by Thinley et al. [16]
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in a subtropical urban Arboretum, by Forkuor et al. [20] in West African drylands, and by
Pandit et al. [51] in subtropical community forests.

The accuracy and stability diagnostics support this choice. RMSE ranged from 0.004
to 0.008 tonnnes/pixel, MAE from 0.003 to 0.006 tonnes/pixel, and MAPE from 0.76%
to 2.07% across the four years, representing low error for vegetation-index-based AGB
estimation. The adjusted R? matched R? in every year; all regressions were significant at
p <0.001, and the Durbin—-Watson statistic stayed within 1.97-2.01, indicating no residual
autocorrelation. RMSE and MAE are reported jointly because each metric describes a
complementary aspect of the prediction error distribution [52]. K-five-fold cross-validation
reproduced the in-sample R? (0.987-0.993) with standard deviations below 0.0007, giving
no evidence of over-fitting and confirming that the model is consistent from year to year.
Collectively, these diagnostics conform to the validation framework recommended for
remote-sensing regression in heterogeneous landscapes [53] and support the interpretation
that the high R? reflects a genuine structural relationship between MSAVI and AGB.

Across the four years, the resulting models showed stable coefficients, with the in-
tercept (a) ranging from 0.182 to 0.202 and the slope (b) from 0.529 to 0.622. This stability
indicates that the annual AGB maps, along with the carbon-stock layers derived from the
satellite data, form a temporally consistent series suitable for analysing the spatial and
temporal dynamics of carbon stocks across the Unpad campus.

Model performance declined substantially when projected onto Landsat 8 OLI imagery.
After area-weighted resampling of the high-resolution AGB to the 30 m grid, the per-pixel
regression yielded R? values between 0.246 and 0.667 across years. This decline does
not reflect a deficiency in the MSAVI model itself but rather two distinct cross-sensor
effects. The first is the mixed-pixel effect: each 30 m Landsat 8 pixel aggregates radiometric
contributions from canopy, understory, and impervious surfaces, attenuating the MSAVI
signal that underpins the AGB estimate. An offset of similar magnitude has been reported
by Gu and Congalton [54] for biomass comparisons among PlanetScope, Sentinel-2, and
Landsat 8 over heterogeneous landscapes. The second is the difference in spectral band
centres and bandwidths between Landsat 8 OLI and the commercial high-resolution sensors
used here, which propagates through MSAVI into the derived AGB estimate. This effect
has been quantified by Astola et al. [55] for Sentinel-2 versus Landsat 8 and documented
more broadly in the Landsat cross-sensor continuity literature [56]. The MSAVI-AGB
equations developed in this study are therefore reliable at sub-metre resolution but cannot
be transferred directly to Landsat-class imagery without sensor-specific recalibration. This
limitation, together with the absence of in situ biomass measurements at the Unpad campus
area required for absolute-scale validation, represents the principal limitation of the present
study. Future work will address both, including the development of sensor-specific MSAVI
normalisation coefficients to extend the MSAVI-AGB framework to medium-resolution
imagery for landscape-scale carbon monitoring in tropical Indonesia [57,58].

4.3. Analysis, Spatial and Temporal Carbon-Stock Unpad

Carbon stock was estimated by multiplying the carbon conversion factor by AGB
values derived from the newly developed model based on high-resolution satellite imagery.
The results indicate a consistent increase in carbon stock within the Unpad area from
2015 to 2025, but there was a decline in 2017. This is relevant to a study conducted by
Dharmawan et al. [38] regarding Unpad’s urban green space, where there was a 12.71%
decrease in vegetation area from 2015 to 2017. The most substantial increase is observed in
2025, with an average carbon-stock value reaching 29.160 tonnes/ha.

This upward trend in carbon stock is directly proportional to increases in AGB, vege-
tation indices reflecting enhanced vegetation growth and biomass accumulation across the
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study area. The increase in carbon stock is also consistent with the expansion of vegetation
cover within the campus. In 2015, the combined area of dense and sparse vegetation
was 1,243,174 m? (68.69%), increasing to 1,348,497 m? (74.69%) in 2025. The most notable
growth occurred in sparse vegetation, which expanded from 732,570 m? (40.59%) in 2015 to
803,243 m? (44.49%) in 2025. This was followed by an increase in dense vegetation, from
459,702 m? (25.48%) in 2017 to 545,254 m? (30.20%) [27].

This increase is strongly supported by large-scale tree-planting initiatives under-
taken by Unpad, as reported by the campus sustainability and environmental safety unit.
A continuous tree-planting programme was implemented from 2016 to 2026. Between 2016
and 2017, approximately 4936 trees were planted in academic building areas, dominated
by fast-growing legumes and native hardwoods. This was followed by the planting of
268 trees of mixed hardwood and fruit-tree species in the Ciparanje Area during 2017-2018,
and 950 trees in academic zones during 2018-2019, including a substantial share of coffee
and mixed fruit-tree seedlings. Additional planting activities were carried out between
2020 and 2021, with 175 trees planted around the rectorate area and 100 ornamental shade
trees added in academic zones during 2021-2022. Subsequent efforts included the plant-
ing of 301 fruit-tree seedlings in the embung (retention pond) area, and most recently,
200 trees were planted in 2025 in the northern and southern embung zones [26]. Tropical
fast-growing legumes have been shown to accumulate above-ground carbon at high rates,
reaching stocks of 193-314 tonnes per hectare in 3—6-year-old stands [59], while mature
Indonesian fruit-tree collections store tens to more than one hundred Mg C per hectare [60].
Slower-growing native hardwoods develop high per-tree carbon densities that account
for much of the legacy biomass observed in the Arboretum [61]. These findings highlight
the significant impact of sustained greening programmes on increasing vegetation cover,
biomass accumulation, and carbon sequestration within an urban campus environment.

Based on Figure 9, the spatial distribution of carbon stocks indicates that the highest
values are concentrated in the northern part of the campus and the Arboretum. These areas
serve as research zones encompassing campus biodiversity, as well as experimental land
and plantation sites. The average carbon stock in these areas is recorded at 8.602 tonnes/ha
and 2.612 tonnes/ha in 2025, respectively. The remaining zones, including the academic
precinct and the embung (retention pond) catchment, have been the focus of progressive
institutional reforestation since 2016; the embung surroundings in particular were left with
bare and degraded soils after pond construction and have since been intensively replanted,
accounting for much of the 2017-2025 increase observed at the campus mean. The campus
vegetation is predominantly planted rather than natural, with only fragmentary natural
phytocenoses potentially preserved at the northern margin [62].

The carbon-stock estimate of 2.293 tonnes/ha obtained from remote sensing in this
study is comparable to the value of 2.10 tonnes/ha reported by Aswada et al. [25] for the
Arboretum area. Their study estimated carbon stock in July 2022 using non-destructive
sampling and the pantropical allometric equation across five land-use types within the
Arboretum. The small difference between the two values can be attributed to the different
estimation methods and the different time of data acquisition. However, the two results are
still in good agreement, indicating that the remote sensing approach used in this study can
be applied to estimate carbon stock across the Unpad campus area as a practical alternative
to field-based inventory.

When compared with other campus-scale studies, the Unpad mean of 29.16 t C/ha
exceeds the 19.7 t C/ha reported by Lavista et al. [62] for IPB Darmaga in Bogor, while re-
maining lower than the 46.77 t C/ha weighted mean reported by Anantsuksomsri et al. [24]
for six universities in the Bangkok Metropolitan Region, where the difference is mainly
attributable to site geometry and reporting convention rather than to climate. The val-
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ues of 23-27 t C/ha reported by Vicharnakorn et al. [23] for Savannakhet, Lao PDR, and
28-35 t C/ha obtained by Thinley et al. [16] for a sub-tropical Arboretum in Queensland
indicate that Unpad falls within the upper portion of comparable tropical and sub-tropical
campuses, exceeding the Savannakhet range and approaching the lower bound of the
Queensland range. The Indian literature reflects a wider spectrum: 5-8 t C/ha were re-
ported for Maharshi Dayanand University, Rohtak [63] and Amity University, Noida [22]
in drier sub-tropical settings, both of which Unpad exceeds by a factor of four to five,
whereas Cotton University, Guwahati [64] recorded 346 Mg C ha~! for a small, densely
planted footprint that lies well outside the typical campus range. The estimated annual
sequestration rate of 0.88 t C/ha/yr at Unpad over 2015-2025 likely reflects the combined
influence of the tropical climate and the sustained planting programmes implemented over
the past decade and points to the central role of management decisions in shaping the
future evolution of the campus carbon stock.

4.4. Implications of Carbon Stock for Campus Sustainability Management

The 2025 campus-mean carbon stock of 29.160 tonnes/ha provides a quantitative
baseline for sustainability management at the Unpad Jatinangor Campus. The largest share
of the stock is concentrated in the Northern Ciparanje Area and the Western Arboretum,
consistent with urban-forest studies in which a small number of mature trees and dense
patches hold the majority of the carbon. Construction within these zones therefore has a
disproportionate impact on the campus stock, and vegetation stocks have been shown to
decline substantially when mature stands are removed without compensation in rapidly
urbanising regions [65]. Designating both areas as no-build conservation zones, with a
tree-replacement ratio calibrated to any converted footprint, can preserve the existing stock
and reduce future losses. The canopy further regulates the local climate: shading and
evapotranspiration attenuate the urban heat-island effect and lower the cooling-energy
demand of surrounding buildings [61,65,66], and the leaf surfaces intercept particulate
matter and absorb gaseous pollutants, improving local air quality [67].

At the institutional scale, the measured stock provides an empirical basis for integrat-
ing the environmental, economic, and social dimensions of campus operation. Continued
growth of the stock contributes to localised climate mitigation and to habitat connectivity
between the Arboretum, the Ciparanje stand, and the riparian corridor; the associated
canopy-mediated cooling and air-quality benefits lower recurring operational costs and
indirect emissions; and the dataset itself can be incorporated into teaching activities related
to remote sensing, ecological modelling, and sustainability assessment [68,69].

These outcomes map directly to several United Nations Sustainable Development
Goals (SDGs). Continued growth of the campus stock contributes to SDG 13 (Climate
Action) through localised mitigation and a replicable monitoring approach for higher-
education institutions. Protection of the Arboretum, the Ciparanje stand, and the riparian
bamboo corridor supports SDG 15 (Life on Land) by preserving ecological corridors within
a semi-urban landscape. Embedding carbon-aware planning into the campus master
plan contributes to SDG 11 (Sustainable Cities and Communities), while the use of the
dataset in teaching and student-participatory monitoring aligns with SDG 4 (Quality
Education), particularly target 4.7 on education for sustainable development. Finally,
methodological alignment with international reporting standards supports SDG 17 (Part-
nerships for the Goals) through collaboration with universities engaged in comparable
carbon-accounting frameworks.

https://doi.org/10.3390/su18126240


https://doi.org/10.3390/su18126240

Sustainability 2026, 18, 6240

19 of 22

4.5. Study Limitations

Several limitations were identified in this study. The primary limitation lies in the
validation and accuracy of the developed AGB model. The absence of field-based measure-
ments restricts the robustness of model validation. Therefore, integrating remote sensing
approaches with in situ data is recommended to improve model reliability. Field-based
carbon-stock estimation can be enhanced by incorporating biophysical tree parameters,
such as diameter at breast height (DBH), tree height, and wood density, which are essential
for accurate aboveground biomass calculations.

Another limitation is that the developed model can only be applied to high-resolution
satellite imagery (WorldView and Legion-03). When transferred to medium-resolution
satellites (Landsat 8), the model is less accurate in predicting AGB and requires radiometric
adjustment of the sensor.

5. Conclusions

This study aimed to estimate and analyse the temporal and spatial distribution of
carbon stock in the Unpad area using high-resolution remote sensing imagery. The results
indicate a consistent increase in carbon stock from 2015 to 2025. The average carbon
stock values for 2015, 2017, 2021, and 2025 were 20.381 tonnes/ha, 19.754 tonnes/ha,
22.281 tonnes/ha, and 29.160 tonnes/ha, respectively, with an increase in 2025.

Carbon stock was derived from AGB estimates using a carbon conversion factor of 0.5.
The improved AGB model was developed by integrating vegetation indices, MSAV], resulting
in the following year-specific models: AGB = 0.182 + 0.578 MSAVI (2025), AGB = 0.187 +
0.622 MSAVI (2021), AGB = 0.201 + 0.520 MSAVI (2017), and AGB = 0.200 + 0.529 MSAVI
(2015). These models achieved high R? values of 0.993 (2025), 0.988 (2021), 0.987 (2017),
and 0.991 (2015). The resulting carbon-stock values were also comparable to field-based
measurements collected in the Arboretum area, where the remote-sensing approach yielded
2.293 tonnes/ha, and the field method yielded 2.10 tonnes/ha. The increase in AGB is
strongly correlated with the rising values of vegetation indices, particularly NDVI, LAI,
and EV], indicating enhanced vegetation density and canopy structure. Furthermore, the
observed increase in carbon stock is closely associated with extensive greening initiatives
undertaken by the university from 2015 to 2025, which have contributed to the expansion
of vegetation cover and biomass accumulation across the campus.
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The following abbreviations are used in this manuscript:

AGB Above-ground biomass

EVI Enhanced vegetation index

LAI Leaf area index

MSAVI  Modified soil adjust vegetation index
NDVI  Normalised difference vegetation index
RGR Red green index
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