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Introduction

Abstract: Natural forests within the concession area of PT Bharinto Ekatama are critical
for carbon storage and ecosystem service provision, yet efficient methods to quantify
stand biophysical parameters at scale remain limited. This study developed spatial
models to estimate stand density and aboveground biomass using the Forest Canopy
Density (FCD) approach. Field data were collected from 30 plots (50 x 50 m) between
January and June 2025, complemented by Landsat 8 OLI/TIRS imagery. FCD was
derived from the integration of Advanced Vegetation, Bare Soil, Shadow, and Thermal
indices. Relationships between FCD and field-based measurements were evaluated
using linear regression. The forest community comprised 47 species across 21 families,
dominated by Dipterocarpus. FCD values ranged from 49.05% to 85.22%, while
aboveground biomass and stand density ranged from 37.36-331.65 ton ha™ and 660-
2,224 trees ha™, respectively. The models demonstrated strong explanatory power (R? =
0.8335 for stand density; R? = 0.8317 for biomass; p < 0.05). Validation yielded RMSE
values of 151.662 trees ha™ and 29.695 ton ha™, corresponding to normalized errors of
12% and 22%. These findings indicate that the FCD approach provides a robust and
scalable framework for estimating forest structure, with greater predictive accuracy for
stand density than biomass.
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In Indonesia, particularly in East Kalimantan,
mining-driven land cover change has resulted in

Global climate change has positioned carbon-
related environmental services as a central issue in
natural resource management. Tropical forests function
as major carbon sinks, storing substantial carbon in
aboveground biomass and regulating the global climate
system (Dasrizal et al.,, 2019). From a forest ecology
perspective, stand structure — particularly stand density
and canopy cover—plays a key role in determining
biomass accumulation and carbon storage capacity
(Chave etal., 2014). Changes in canopy structure directly
influence  microclimatic  conditions, regeneration
processes, and overall ecosystem functioning.
Consequently, disturbances such as open-pit coal
mining not only remove vegetation but also disrupt
forest structure and carbon dynamics, leading to
significant CO: emissions (Xu et al., 2024).
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substantial forest loss and carbon emissions. Kartikasari
et al. (2019) reported 12,663.28 ha of land conversion
associated with mining activities, contributing to 0.60
Mton CO:-eq emissions. Similarly, Dwiyanto et al. (2021)
identified a continuous decline in forest area alongside
mining expansion based on Landsat analysis from 2009
to 2019. Reductions in canopy density are associated
with declining biodiversity, altered microclimates, and
reduced ecosystem resilience (Judijanto & Adiwijaya,
2024), highlighting the importance of monitoring forest
structural attributes as key indicators of ecosystem
condition.

Within mining concessions, some forest fragments
are retained because they carry biodiversity and
ecosystem—service value, and recent conservation
planning studies show that mining concessions can still
drive substantial forest loss and fragmentation.
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Fragments of natural forest are often retained based on
ecological and regulatory considerations, including
biodiversity value, hydrological function, slope stability,
and conservation priorities (Fiqa et al., 2018; Siqueira-
Gay et al,, 2020; Williams et al., 2022). These remnant
forests play a strategic role as carbon reservoirs and
reference ecosystems for evaluating ecological recovery.
Studies in East Kalimantan show that natural forests
surrounding mining areas can store significant carbon
stocks, ranging from 161.93 ton/ha (Fiqa et al., 2025) to
296.8-ton C/ha (Fauziah et al., 2021). In addition,
proximity to natural forests enhances regeneration
processes in degraded areas (Morales-Parra et al., 2020).

At the same time, reclamation and revegetation
efforts are implemented to restore ecosystem functions
in post-mining landscapes. Reforestation has been
recognized as an important strategy for climate change
mitigation (Asum et al., 2025). Empirical studies show
that revegetation can recover up to 70% of baseline
carbon stocks within a decade (Farosandi et al., 2024),
with continued increases over time (Arifin, 2025).
However, carbon recovery trajectories are often non-
linear, as some reclamation areas exhibit low carbon
stocks despite increasing age (Figa et al., 2025),
emphasizing the need for systematic and spatial
monitoring,.

Conventional field-based inventories provide
accurate estimates of stand density and biomass but are
constrained by time, cost, and accessibility limitations.
Remote sensing offers an efficient alternative for large-
scale monitoring. The Forest Canopy Density (FCD)
model integrates spectral indices Advanced Vegetation
Index (AVI), Bare Soil Index (BSI), Shadow Index (SI),
and Thermal Index (TI) to estimate canopy density and
its relationship with forest structure (Rikimaru et al,,
2002). Previous studies have demonstrated the
applicability of FCD in estimating forest biophysical
parameters, with varying levels of correlation (Hartoyo
et al., 2019; Sukarna et al., 2021). Aguswan et al. (2022)
further reported strong relationships between FCD
values and stand structural attributes (R = 0.87-0.97).

Despite its application, several research gaps
remain. Existing studies generally focus on single
variables, such as canopy density, stand density, or
carbon stock, without developing integrated models. In
addition, FCD applications are predominantly
conducted in protected forests or reclamation areas, with
limited focus on natural forest fragments within active
mining concessions (Rosikin et al., 2023). Furthermore,
most studies are descriptive and lack predictive
modeling frameworks suitable for periodic monitoring.

Therefore, this study aims to develop spatial
models for estimating stand density and aboveground
biomass using the FCD approach in natural forests
within the concession area of PT Bharinto Ekatama. This
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study provides a site-specific and scalable framework
for monitoring forest structure and carbon-related
ecosystem services in mining landscapes.

Method

The study was conducted within the concession
area of PT Bharinto Ekatama, located in Damai and
Teweh Timur sub-districts. Field data collection was
carried out from June to November 2025. Primary data
were obtained through field measurements in 30 sample
plots, each measuring 50 x 50 m. Within each plot,
diameter at breast height (DBH) was recorded and
classified into three growth stages: saplings (DBH < 10
cm), poles (DBH 10-20 c¢m), and trees (DBH > 20 cm).
Additional parameters recorded included the number of
individuals, species composition, and plot coordinates.
These data were subsequently used to calculate stand
density and aboveground biomass. The study area map
is presented in Figure 1.
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Figure 1. Study area of PT Bharinto Ekatama concession

The analytical procedure commenced with the
processing of Landsat 8 imagery to derive Forest
Canopy Density (FCD) values. Image preprocessing
involved atmospheric correction, cloud masking, and
the computation of the spectral indices constituting the
FCD model, namely the Advanced Vegetation Index
(AVI), Bare Soil Index (BI), Shadow Index (SI), and
Thermal Index (TI). These indices were then
transformed using Principal Component Analysis
(Komara et al., 2023; Rosikin et al., 2023).

Subsequently, the transformed indices were
integrated to generate spatially explicit FCD values
representing variations in canopy density across the
study area. Field-based measurements, including stand
density and tree diameter, were collected from
vegetation plots and used to estimate aboveground
biomass through established allometric equations. The
relationship between FCD values and field-derived
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parameters was then analyzed using linear regression to
develop predictive models. Model performance was
evaluated using the coefficient of determination (R?) and
Root Mean Square Error (RMSE), followed by
normalization (NRMSE) to assess model accuracy.

The overall workflow of the research,
encompassing image processing, field data collection,
model development, and validation, is illustrated in the
following figure 2.

Figure 2. Research workflow

As illustrated in Figure 2, the analytical workflow
integrates image processing and field data analysis to
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derive FCD-based models. Following this framework,
the spectral indices comprising the FCD model were
calculated using the following formula:

Advanced Vegetation Index (AVI)
J(Band 5 + 1) x (65536 - Band 4) x (Band 5 - Band 4) (1)

Bare Soil Index (BI)
((Band 6 + Band 4) - (Band 5 + Band 2)) / ((Band 6 +
Band 4) + (Band 5 + Band 2)) x 100 +100 2

Shadow Index (SI)
¥(256 - Band 2) x (256 - Band 3) ®)
x (256 - Band 4)

Thermal Indeks (TI)
TI=K2 / Ln(K1/L A+1) (4)

Principal Component Analysis (PCA) was
performed using the Principal Components tool in
ArcGIS 10.8. Once Vegetation Density (VD) and Scaled
Shadow Index (SSI) were obtained, normalization was
applied using the equations proposed by Danoedoro et
al. (2022) and Falensky et al. (2020).

Normalisasi = (B1- min) x (max'-min')/max-min ’)

Forest Canopy Density (FCD) was subsequently
calculated by integrating VD and SSI into a single
percentage scale representing canopy cover density,
following the equation described by Sediyo et al., (2024).

FCD = (SVDxSSI+1)1/2-1 (6)
Aboveground biomass for each plot within the

natural forest sites was estimated using the following
allometric equation shown in Table 1.

Table 1. Allometric Equations for Different Vegetation Types

Species Allometric Equation R2 Source
Meranti Merah (Shorea leprosula) Y = 0.067*D"2.859 0.98 Manuri et al. (2016); Huy (2016)
Meranti Kuning (Shorea acuminata)  In(TAGB)=-2.193+2.371In(DBH) 0.98 Huy (2016)
Meranti Putih (Shorea bracteolata) In(TAGB)=-2.193+2.371In(DBH) 0.98 Huy (2016)
Medang (Litsea firma) In(TAGB)=-1,201+2,196In(DBH) 091 Karyati et al. (2023)
Mahang (Macaranga giganten) In(TAGB)=-1,201+2,196In(DBH) 091 Karyati et al. (2023)
Jabon (Anthocephalus cadamba) Y = 0.035*D"2,600 0.95 Werdana et al. (2024)
Jambu (Syzygium polyanthum) In(TAGB)=-1,201+2,196In(DBH) 091 Karyati et al. (2023)
Pulai (Alstonia scholaris) In(TAGB)=-1,201+2,196In(DBH) 091 Karyati et al. (2023)
Keruing (Dipterocarpus gracilis) In(TAGB)=-1.232+2.178In(DBH) 0.96 Manuri et al. (2016); Huy (2016)
Nyatoh (Palaquium gutta) In(TAGB)=-1.098+2.142In(DBH) 091 Karyati et al. (2023)
Sengon (Paraserianthes falcataria) Y=0.148D"2.39 0.95 Hossain et al. (2023); Werdana et al. (2024)
Jenis pohon lainnya In(TAGB)=-1,201+2,196In(DBH) - Karyati et al. (2023)

To characterize the stand structure and species

composition within each sample plot, a vegetation

analysis was conducted encompassing the following
aspects:
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KT = (Number of Individuals of a Species)/(Sampling
Plot Area) @)

Statistical analyses were performed, including a
normality test, a heteroscedasticity test, and regression
analysis. In this study, simple linear regression analysis
was employed to examine the relationship between one
variable and another, using the following equation
(Pandey et al., 2021).

9=a + bX ®)
Model validation was subsequently conducted to

assess the accuracy of the predictive model using the
following equation (Burt et al., 2020).

g, — Iy,
SA — =1 };n . i=1 yl (9)
i=1Yi
A . 2
i — Yl
zp, Gizyd)
SR = Vi
n
E(yi—i'i)z
RMSE = +x100%

_ SV — 2Ly
n

Results and Discussion

Vegetation Composition

The vegetation analysis identified 43 species
belonging to 21 families, indicating relatively high
species richness within the study area. The family
Dipterocarpaceae was the most dominant, comprising
11 species, followed by Fabaceae with five species. The
dominance of Dipterocarpaceae observed in this study is
consistent with findings reported in tropical lowland
forests of Kalimantan, where dipterocarp species form
the upper canopy layer and contribute substantially to
forest biomass and carbon storage. This dominance
reflects  the  important ecological role  of
Dipterocarpaceae in maintaining stand structure and
regulating ecosystem stability within tropical natural
forests.

The presence of Fabaceae species also indicates the
contribution of pioneer and secondary vegetation
groups, particularly through nitrogen fixation processes
that improve soil fertility and support forest
regeneration (Batterman et al., 2018). Similar vegetation
dynamics have been reported by Susanto et al. (2016),
who found that canopy openings in disturbed tropical
forests promote the establishment of light-demanding
pioneer species such as Macaranga spp. and Syzygium
spp. In this study, the coexistence of pioneer species and
late-successional species such as Shorea laevis and
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Eusideroxylon zwageri suggests that the forest is
undergoing an active successional recovery process
while still retaining characteristics of mature forest
stands. The distribution of vegetation families in the
study area is presented in Figure 3.
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Figure 3. Vegetation distribution by family in the natural
forest of PT BEK

The relatively balanced distribution among
dominant and non-dominant species further indicates a
heterogeneous forest structure with relatively stable
ecological interactions. Such species evenness is
commonly associated with greater ecosystem resilience
and adaptive capacity against environmental
disturbances. Similar patterns were also observed by
Marjenah et al. (2023), who reported that heterogeneous
stand composition in tropical forests contributes
positively to regeneration continuity and long-term
ecosystem stability. In addition, the Dipterocarpaceae
group plays a major role in shaping canopy structure,
which directly influences canopy density and
contributes to higher biomass estimates observed in this
study.

The relatively high proportion of non-dominant
species also highlights substantial species richness
within the community. These species play important
roles in filling ecological niches, maintaining nutrient
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cycling, and supporting overall ecosystem functioning.
The presence of intermediate species groups, including
Macaranga gigantea, Syzygium spp., and Litsea spp.,
further indicates active regeneration processes,
particularly within canopy gaps.

Vegetation Structure

Based on growth stages, 43 species were recorded
at the sapling level, 39 at the pole level, and 31 at the tree
level. The decreasing trend from sapling to tree stage
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reflects a typical inverted J-shaped stand structure
commonly found in tropical natural forests. Similar
patterns were reported by Sukarna et al. (2022) and
Marjenah et al. (2023), who explained that continuous
regeneration and progressive competition among
individuals lead to reduced density at larger growth
stages. This condition indicates that natural regeneration
within the study area is still actively occurring and that

B Pancang & Tiang :*Pohon

Figure 4. Stand density distribution across growth stages

As shown in Figure 4, saplings consistently
exhibited the highest stand density compared to poles
and trees. This pattern demonstrates strong regeneration
potential, particularly in areas experiencing canopy
openings and increased light availability. Comparable
findings were reported by Susanto et al. (2016), who
observed that disturbed tropical forests often contain
high sapling densities due to the rapid establishment of
pioneer species following canopy disturbance.

Variations in stand density among plots also
indicate differences in disturbance history, stand age,
and site conditions. Plots dominated by pioneer species
generally exhibited lower canopy closure and lower
FCD values, while plots containing mature dipterocarp
species showed denser canopy structures and higher
biomass accumulation. This finding supports the study
of Hartoyo et al. (2019), which demonstrated that canopy
cover exerts a stronger influence on FCD values than tree
density alone. Therefore, the observed heterogeneity in
stand structure reflects the combined influence of
regeneration processes, environmental conditions, and
canopy complexity within mining-associated tropical
forest landscapes.

In Class 2, the stand is dominated by saplings with
limited canopy closure, likely due to young vegetation
age and suboptimal soil conditions, including low pH
and nutrient availability (Agus et al., 2014). In addition,

the forest maintains relatively stable structural
dynamics.
] -
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heterogeneity and canopy gaps. These conditions
influence FCD values, as the model is sensitive to canopy
cover and openings (Chandrashekhar et al., 2005; Wang
et al., 2022). Consequently, the relatively low FCD value
in Class 2 (49.05%) reflects the combined effects of young
stands, edaphic limitations, and canopy heterogeneity.

Forest Canopy Density Index

The integration of AVI, BSI, SI, and TI within the
Forest Canopy Density (FCD) model provides
significant advantages compared to single vegetation
indices such as NDVI. Unlike NDVI, which primarily
reflects vegetation greenness, the FCD model
incorporates thermal characteristics, shadow intensity,
and bare soil exposure, enabling a more comprehensive
representation of forest structure (Rikimaru et al., 2002).
Similar conclusions were reported by Ashaari et al.
(2018), Atmojo et al. (2024) and Tian et al. (2023), who
demonstrated that multi-index approaches generally
produce higher accuracy in estimating canopy density
and forest structural conditions.

In this study, AVI values range from 55.49 to 121.64,
indicating vegetation conditions from moderate to
relatively dense canopy cover. AVI values increased
proportionally with canopy density and biomass,
indicating that near-infrared reflectance effectively
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captured variations in vegetation cover. Comparable
results have been reported by recent remote-sensing
studies, where satellite-based canopy-density methods
and near-infrared vegetation metrics were shown to
capture tropical forest canopy structure and
heterogeneity effectively (Abdollahnejad et al.,, 2017;
Merrick et al., 2021; Ashaari et al., 2018) who reported
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Figure 5 Results of the Forest Canopy Density (FCD) index processing: (a) Advanced Vegetation Index (AVI); (b) Bare Soil
Index (BSI); (c) Shadow Index (SI); (d) Thermal Index (TI)

Higher AVI values correspond to areas with well-
developed canopy structures and strong near-infrared
(NIR) reflectance, which is closely associated with
higher biomass and vegetation density (Roy et al., 1997;
Rikimaru et al., 2002). Conversely, lower AVI values
represent areas with reduced canopy density. This
variation reflects the heterogeneity of tropical forest
canopy structure (Chandrashekhar et al, 2005). The
sensitivity of NIR-based indices to vegetation structure
has been widely reported, although it tends to saturate
at high canopy densities (Gao et al, 2023). The
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strong relationships between NIR-based indices and
tropical forest canopy characteristics. However, spectral
saturation remains a limitation in dense tropical forests,
particularly in areas with highly closed canopies
(Mutanga et al., 2023; Zhao et al., 2016). The processed
FCD index results are presented in Figure 5.
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integration of AVI within the FCD framework has been
shown to effectively estimate vegetation density, with
comparable or higher accuracy than alternative indices
(Ashaari et al., 2018; Fahmi et al., 2025).

In contrast, BSI values range from 58.28 to 104.43,
indicating variability in the proportion of exposed soil
and vegetation cover. Higher BSI values represent areas
dominated by bare soil or sparse vegetation,
characterized by higher reflectance in red and SWIR
bands. Lower BSI values indicate denser vegetation with
stronger NIR reflectance. Within the FCD model, BSI
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functions as an inverse indicator of vegetation density,
complementing AVI in distinguishing vegetated and
non-vegetated surfaces (Rikimaru et al., 2002). This
relationship has been confirmed in recent studies
showing that higher BSI values correspond to lower
vegetation cover (Andini et al., 2024).

The SI values, ranging from 222.07 to 251.78,
represent variation in canopy shadow intensity, which is
closely related to vertical forest structure. Higher SI
values indicate dense vegetation with complex canopy
stratification and higher biomass, while lower values
correspond to more open canopy conditions. Unlike
spectral vegetation indices, SI provides additional
information on vertical canopy complexity, which is
essential for accurately representing forest structure
within the FCD model (Rikimaru et al., 2002).

Meanwhile, TT values range from 293.43 K (20.28°C)
to 299.28 K (26.13°C), reflecting variations in land
surface temperature associated with canopy cover.
Higher temperatures are observed in open areas, while
lower temperatures are associated with dense
vegetation due to the cooling effect of
evapotranspiration. This inverse relationship between
surface temperature and vegetation density has been
widely documented (Mildrexler et al., 2011). Within the
FCD framework, TI enhances the differentiation
between vegetated and non-vegetated surfaces based on
thermal characteristics (Debnath & Mukherjee, 2020).
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Figure 6. FCD processing results

Overall, the integration of AVI, BSI, SI, and TI
within the FCD model effectively captures both
horizontal and vertical variations in canopy structure.
The observed variability across indices reflects the
heterogeneous condition of the forest, influenced by
differences in canopy density, vegetation structure, and
disturbance history. This multi-index approach provides
a robust basis for estimating forest canopy density,
which is closely linked to stand density and
aboveground biomass in tropical forest ecosystems. The
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spatial distribution of FCD across the study area is
illustrated in Figure 6.

FCD was derived from Landsat 8 OLI/TIRS
imagery (2025) using integrated spectral indices —AVI,
BSI, SI, and TI—to represent canopy density and land
cover characteristics. The resulting FCD values ranged
from 0 to 91.86%, indicating substantial spatial
variability in vegetation density across the study area.
As illustrated in Figure 6, higher FCD values are
concentrated in natural forest areas, while lower values
are associated with reclamation and open land. This
spatial pattern aligns with the conceptual basis of the
FCD model, where canopy density increases with
vegetation cover and structural complexity (Rikimaru et
al., 2002), and is consistent with findings from Andini et
al. (2024).

Table 2. The Values of Aboveground Biomass, Stand
Density, and FCD for Each Plot

Plot Biomass Stand Density FCD Value

(ton/ha) (ind/ha) (%)
10A 264.28 2100 84.37
10B 331.65 2224 85.22
10C 254.34 1892 84.10
10D 250.15 1800 84.31
9A 220.34 1596 81.07
9B 220.20 1552 79.90
9C 190.25 1580 81.01
9D 195.14 1440 80.31
8A 136.21 1328 76.44
8B 141.28 1308 75.48
8C 151.29 1344 76.49
8D 155.19 1384 76.82
7A 132.06 1196 73.49
7B 135.01 1300 74.07
7C 122.29 1148 72.75
6A 112.43 1064 70.49
6B 114.41 1116 70.31
6C 119.41 1096 69.67
5A 95.35 1100 67.24
5B 109.13 1176 67.44
5C 102.03 1160 67.52
4A 89.14 1072 64.98
4B 82.07 1016 62.97
4C 84.39 1024 64.42
3A 69.02 988 58.64
3B 65.16 956 58.53
3C 59.45 828 57.00
2A 37.36 660 49.05
2B 40.18 676 49.72
2C 51.33 780 50.53

Field data (Table 2) show a clear positive
relationship between FCD, stand density, and
aboveground biomass. The values of aboveground
biomass, stand density, and FCD for each plot are
presented in Table 2.
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The lower FCD values in reclamation areas reflect
younger stand age, simpler canopy structure, and more
uniform planting patterns dominated by fast-growing
species such as Anthocephalus cadamba and Falcataria
moluccana. While these species facilitate early-stage
recovery, their structural contribution remains limited
compared to natural forests. This distinction is
consistent with previous studies showing that
reclamation areas require extended time to develop
structural complexity comparable to secondary forests
(Yuningsih et al., 2021; Yunanto et al., 2019), with
gradual improvements in diversity and biomass over
time (Isworo et al., 2025).

Overall, the observed FCD variation captures the
gradient of vegetation condition from early-stage
reclamation to more structurally complex natural
forests, demonstrating its utility as a reliable proxy for
assessing stand density and biomass in mining
landscapes.

Statistical Model Testing

Prior to regression modeling, classical assumption
tests were conducted to ensure the validity of the
statistical analysis. The Shapiro-Wilk test indicated that
both stand density (p = 0.113) and biomass (p = 0.054)
followed a normal distribution (p > 0.05), satisfying a
key requirement for parametric methods. Although the
biomass variable showed a value close to the threshold,
such minor deviations are generally acceptable in
remote sensing-based modelling and do not
substantially affect parameter estimation. The Glejser
test further confirmed the absence of heteroscedasticity
(p > 0.05), indicating homoscedastic residuals and
reliable variance estimates for both models. The
significance values (p-values) of the normality and
heteroscedasticity tests for the study variables are
presented in Table 3.

Table 3. Normality and Heteroscedasticity Test Results

Variabl Significance
ariable Normalities Heteroskedasticities
Biomass 0.054 0.174
Stand Density 0.113 0.073

Model validation results demonstrate good

predictive performance of the FCD-based models.
Aggregate deviation and bias values are close to zero,
indicating minimal systematic error and no tendency
toward over- or underestimation. The normalized RMSE
(NRMSE) values of 12% for stand density and 22% for
biomass fall within acceptable accuracy ranges for forest
parameter estimation, with stand density showing
higher precision. This difference reflects the more direct
relationship between canopy spectral characteristics and
stands density, whereas biomass is influenced by
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additional structural variables, such as tree diameter and
vertical complexity, which are not fully captured by
spectral indices. Overall, these results confirm that the
developed models are statistically robust and reliable,
particularly  for estimating stand density in
heterogeneous tropical forest landscapes.

Model  validation results indicate  good
performance for both variables. The aggregate deviation
(SA) values are close to zero for both stand density
(0.00076) and biomass (0.00005), indicating the absence
of systematic aggregate bias (Saleh et al., 2024). The bias
values are also very small less than one individual per
hectare for stand density (0.962) and near zero for
biomass (-0.00017) suggesting that the models do not
exhibit  tendencies toward overestimation or
underestimation. The validation results of the Forest
Canopy Density (FCD) model in predicting stand
density and biomass are presented in Table 4.

Table 4. Statistical Relationship between FCD and
Biomass and Stand Density

Parameter FCD-Stand Density FCD-Biomass

Relationship  Relationship
Aggregate deviation (SA) 0.000761 0.000051
Mean deviation (SR) 0.000025 0.000002
Bias (e) 0.96208 -0.00017
RMSE 151.662 29.695
NRMSE (%) 12% 22%

Persson et al. (2020) emphasized that in forest
remote sensing studies, bias values approaching zero
represent a key indicator of model reliability in
estimating forest parameters. The NRMSE value of 12%
for stand density is considered good, based on Zhang et
al. (2022), who stated that error levels below 20% are
comparable to or better than conventional inventory
methods. For biomass, the NRMSE value of 22% remains
substantially lower than the range of 37-67% reported
by Rodriguez-Veiga et al. (2019) in cross-biome biomass
estimation studies.

The difference in NRMSE values between the two
variables indicates that FCD performs better in
representing stand density, as this parameter has a more
direct relationship with canopy spectral characteristics
(Hartoyo et al., 2019). In contrast, biomass is influenced
by additional factors such as tree diameter and
vegetation structure, which are not fully captured by
spectral indices.

The validation results demonstrate that both
models exhibit good performance. Aggregate deviation
(SA) values are close to zero for both stand density
(0.00076) and biomass (0.00005), indicating the absence
of systematic aggregate errors (Saleh et al., 2024). The
bias value for biomass, which is also close to zero,
further confirms that the model does not exhibit
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tendencies toward overestimation or underestimation
(Persson and Stahl, 2020). Overall, these results highlight
the robustness of the FCD-based models, particularly in
estimating stand density compared to biomass.

The regression plots in Figure 7 show a positive
correlation between FCD index values and both stand
density and biomass. This positive relationship indicates
that increases in FCD values are followed by increases in
stand density and biomass. The R? values in both models
can be explained by several factors.

Volume 12, Issue 5, 762-774

In this study, the use of 10 FCD classes provides
finer gradation than previous studies (e.g., Hartoyo et
al., 2019), improving the sensitivity of regression
modelling. Nevertheless, limitations remain due to
spectral saturation in dense canopies and the inability of
optical data to fully capture vertical complexity,
indicating that FCD is more suitable as a proxy for
canopy structure rather than an exact estimator of
absolute biomass (Asner, 2009; Lu et al., 2006; Foody et
al., 2003).

Blomassa (ton/ha)
L L\ 1 '

FCD (%)

o T
e .
~. 5 -

Kerapatan (iod/ba)

FOCD (%)

(@)

(b)

Figure 7. (a) Correlation graph between FCD and biomass; (b) Correlation graph between FCD and stand density

Regression results confirm the robustness of FCD in
estimating stand attributes, with R? = 0.8335 for stand
density (y =33.016x —1063.5) and R? = 0.8317 for biomass
(y = 6.3283x — 308.32). These values exceed those
reported in comparable studies, particularly in
heterogeneous systems, highlighting the advantage of
FCD application in natural forests. Given that
approximately 47-50% of biomass represents carbon
(Thomas & Martin, 2012), the model provides a practical
basis for spatial carbon estimation. This capability
positions FCD as an efficient tool for Monitoring,
Reporting, and Verification (MRV) under REDD+,
enabling cost-effective assessment of carbon-related
ecosystem services and supporting conservation
prioritization in mining landscapes.

Conclusion

The linear regression models based on Forest
Canopy Density (FCD) demonstrated strong capability
in estimating both stand density and aboveground
biomass. The stand density model (*y = 33.016 x FCD -
1063.5; R? = 0.83; p < 0.05*) showed high accuracy, with
an NRMSE of 12%, negligible bias (0.96 ind/ha), and
very small aggregate and mean deviations (SA = 0.0008;
SR = 0.00003). The biomass model (*y = 6.3283 x FCD -
308.32; R? = 0.83; p < 0.05%) exhibited comparable
performance, with an almost zero bias (-0.0002 ton/ha),
although its estimation accuracy was lower (NRMSE =

22%) compared to the stand density model. Both models
explain more than 83% of the variation in their
respective response variables, confirming that FCD is a
reliable predictor for estimating both stand density and
biomass. The difference in NRMSE between the two
models indicates that the allometric variability of
biomass, which is not fully captured by FCD, is greater
than the variability associated with stand density.
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