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Abstract : Aboveground biomass (AGB) estimation using vegetation indices (VIs) derived from high-
resolution satellite imagery has been widely applied, yet its accuracy often varies depending on the
spectral characteristics of each index. This study aims to improve AGB estimation by combining non-
redundant VIs selected through Pearson Correlation Matrix (PCM) analysis, applied to PlanetScope
SuperDove imagery in the Wanagama Forest, Yogyakarta, Indonesia. A total of 18 VIs were calculated
and screened using PCM on 404 sample points, with indices classified into redundancy groups. Eight
single indices were identified as candidates, while multi-index combinations were constructed using
two schemes: mixed combinations without correlation sign separation, and separated combinations
distinguishing positive and negative correlations. Biomass estimation was performed using Simple
Linear Regression (SLR) for single indices and Multiple Linear Regression (MLR) for multi-index
models, with 70% of field-measured AGB samples (n = 137) used for training and 30% (n = 63) for
validation. Results showed that model performance varied considerably across scenarios. Among single
indices, GNDVI achieved the highest accuracy (R? = 0.48), reflecting the strong role of NIR in capturing
canopy structure. For multi-index models, Com1— (GNDVI-CIVE-MGRVI-RGR-BGR) yielded the
best performance with R = 0.75 and R? = 0.57, outperforming all other single and combination schemes.
Models dominated by visible-band indices (e.g., CIVE, PRI) showed consistently low predictive
capacity, whereas those integrating both NIR and visible components achieved higher accuracy. This
study confirms that PCM-based redundancy analysis provides an effective framework for guiding VI
selection. In particular, combinations with low redundancy and negative correlations were shown to
minimize spectral overlap while retaining strong association with AGB, thereby enhancing estimation
accuracy. These findings highlight the importance of redundancy-aware selection in developing robust
biomass estimation models from high-resolution satellite data.
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Introduction

One approach to reducing atmospheric CO: levels and mitigating the effects of climate change
is to leverage the role of forests as major carbon sinks (Mina et al., 2017; Poudel et al., 2023).
Over the past several decades, remote sensing methods and approaches have been widely used

to estimate aboveground biomass (AGB) at local, regional, and even global scales (Allen et al.,
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2019; Subedi and Zurqani, 2024). Accurate biomass and carbon-stock calculations require
information on vegetation height and density, which can be derived from multispectral or
hyperspectral imagery (Tilly et al., 2015). Remote sensing imagery provides accurate, wide-
area, and well-calibrated data for this purpose (Kamal et al., 2015; Puliti et al., 2021; Subedi &
Zurgani, 2024; Zhang et al., 2023).

Recent advances in remote sensing technology now allow higher spatial and temporal data
acquisition (Avitabile et al., 2016). Successful satellite-based mapping of forest carbon requires
careful selection of imagery to achieve acceptable mapping accuracy (Madundo et al., 2023).
High-resolution data such as PlanetScope SuperDove, with a spatial resolution of about 3 m
and near-daily acquisition frequency, makes monitoring forest carbon stocks more feasible
(Matiza et al., 2024; Zhao et al., 2022). The choice of analytical methods and the integration
of spatial datasets during processing can also improve the quality of AGB maps (De Alban et
al., 2021; Pickstone et al., 2025; Shinde & Durbha, 2023).

Despite these advantages for efficiently mapping large areas, several challenges remain in
tropical forest carbon estimation using remote sensing (Bronisz et al., 2021). The high diversity
of tree species creates considerable spectral variability, complicating species-level mapping
(Ferreira et al., 2015; Phillips et al., 2019). Strong heterogeneity related to successional stages,
such as primary and secondary forests, further hampers differentiation and calls for more
sophisticated approaches (Bispo et al., 2019). In such heterogeneous environments, combining
multiple methods or multi-source datasets can enhance aboveground carbon (AGC) modeling
accuracy, though the inherent complexity of tropical forests still presents many challenges
(Guitet et al., 2015; Muhe & Argaw, 2022; Nesha et al., 2020; Salazar Villegas et al., 2023; Xie
et al., 2025). Another limitation is spectral saturation in areas of very high biomass, which can

restrict the effective representation of vegetation signals (Z. Chen et al., 2025).

Problem Statement

The use of single vegetation indices often suffers from spectral redundancy, which can reduce
the accuracy of aboveground biomass (AGB) estimation (Gu et al., 2013; Tian et al., 2025).
Vegetation indices are highly sensitive to soil and atmospheric reflectance factors, such as
aerosols (Xu et al., 2022). For example, applying the Normalized Difference Vegetation Index
(NDVI) in areas with high biomass saturation frequently yields less accurate biomass estimates
(Hu et al., 2025).

By contrast, combining multiple indices is far more effective in minimizing error than relying

on a single index (Xu et al., 2022). Integrating several vegetation-index methods can reduce
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disturbances caused by soil and geomorphological factors, thereby producing more reliable
AGB outputs (Yue et al., 2025). Several studies have reported that combining indices such as
NDVI for general vegetation signals, SAVI for soil adjustment, and EVI for atmospheric
correction improves the accuracy of AGB estimates compared to using a single index (Qiu et

al., 2024; Tam et al., 2025).

Objective

PlanetScope imagery has been recognized as a highly precise optical data source for estimating
aboveground biomass (AGB), especially when paired with advanced modeling approaches
(Madundo et al., 2023). Various vegetation indices (VIs), such as NDVI, SAVI, and EVI, have
proven effective in quantifying biomass, with SAVI often demonstrating the strongest
predictive capability for green vegetation; however, the use of multiple indices requires careful
consideration of their inter-index correlations to avoid redundant spectral information
(Ogungbuyi et al., 2025). Equally important, the integration of field-measured data provides
essential validation, ensuring that AGB models remain reliable and accurately reflect on-the-
ground forest conditions (Kieu Manh Huong et al., 2023; Madundo et al., 2023).

The Pearson Correlation Matrix (PCM), which consists of Pearson Correlation Coefficients
(PCCs) for all pairwise comparisons, is widely used in remote sensing to identify redundancy
among spectral indices and improve model accuracy (Viljanen et al., 2018). By providing a
complete overview of inter-index correlations, PCM enables adaptive band selection and
highlights indices that carry distinct, non-overlapping information (Y.-L. Chen et al., 2020;
Kahaer et al., 2020). For example, researchers have applied PCC to examine the relationship
between land surface temperature and vegetation density, revealing a clear negative correlation
(Nisaa’ & Sari, 2025).

In this study, PCM was applied to evaluate the relationships among VIs and to identify which
indices contribute most effectively to AGB prediction. Beyond detecting redundancy, PCM
also provided a quantitative basis for selecting both single indices and index combinations,
guiding regression modeling with reduced overlap in spectral information (Azman et al., 2006;
Diaz-Vallejo et al., 2024; Jayaweera & Aziz, 2018; Sathasivam et al., 2022; Wang et al., 2024).
While PCM primarily captures linear relationships and may not reflect complex multi-variable
interactions, it remains a robust first step for identifying key predictors; complementary
approaches such as distance correlation or other advanced measures can be used to further

explore potential non-linear patterns (Fu et al., 2025; Ratnasingam & Muioz-Lopez, 2023).
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Methodology

The study was conducted in Wanagama Forest, a research and educational forest managed by
Universitas Gadjah Mada in Gunungkidul Regency, Yogyakarta, Indonesia. Covering roughly
622.25 ha, Wanagama is a mixed tropical dry forest with varied topography from gentle hills
to steep limestone formations and is characterized by 17 functional vegetation groupings and
14 species variations (Universitas Gadjah Mada, 2025). The area experiences a monsoonal
climate with distinct wet and dry seasons, supporting diverse stands such as teak (7ectona
grandis), acacia (Acacia auriculiformis), and other native hardwoods. This structural and
floristic diversity makes Wanagama an excellent site for high-resolution remote-sensing studies
of aboveground biomass.

The primary dataset for this study consists of PlanetScope Super Dove imagery, which provides
3 m spatial resolution and enables detailed mapping of forest heterogeneity and above-ground
biomass (AGB) variation (Matiza et al., 2024; Purnamasari et al., 2021). When analyzed with
appropriate methods, these data enhance gradient detection and are effective for estimating
forest biomass and related carbon dynamics (Csillik & Asner, 2020). In addition, the high
spectral resolution supports the application of diverse vegetation-index (VI) algorithms, an
essential step for accurate AGB estimation (Matiza et al., 2024; Purnamasari et al., 2021). The
overall workflow for data processing and biomass modeling is illustrated in Figure 1.
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Figure 1: Flowchart of Methodology

Figure 1 summarizes the methodological framework of this study. PlanetScope imagery was
processed to generate 18 vegetation indices (VIs), which were then subjected to PCM analysis
for band selection. Based on the selected low-redundancy VIs, modeling was carried out using

two approaches: simple linear regression (SLR) for single indices and multiple linear
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regression (MLR) for multi-index combinations. Field data were divided into 70% for training
and 30% for testing to support biomass calculation and model validation. Model performance
was evaluated using the statistical indicators coefficient of determination (R?), root mean

square error (RMSE), and mean absolute error (MAE).

a. Vegetation Indices Selection
Selecting appropriate vegetation indices (VIs) is a crucial step in remote sensing analysis for
vegetation monitoring, carbon estimation, and land cover classification. With a wide range of
indices available, it is essential to reduce redundancy and retain only those with high sensitivity
to vegetation structure or physiology, while minimizing inter-correlation. Therefore, the
vegetation indices can be systematically grouped based on their spectral characteristics and
functional roles, as summarized in the Table 1.

Table 1: List of Vegetation Indices by Category (Processed by the authors)

Category Indices
Normalized Difference Vegetation Index
(NDVI), Green Leaf Index (GLI), Normalized

V(e;geel::;?(:n Green Red Difference Index (NGRDI),
Modified Green Red Vegetation Index
(MGRVI)
Soil Adjusted Vegetation Index (SAVI), Green
Soil Normalized Difference Vegetation Index
(GNDVI)
Atmospheric Photochemical Reflectance Index (PRI),
Enhance Vegetation Index (EVI)
Normalized Difference Red Edge (NDRE),
Specific Normalized Difference Yellow Vegetation
cps Index (NDYVI), Color Index of Vegetation
Conditions

Extraction (CIVE), Renormalized Difference
Vegetation Index (RDVI)
Vogelmann Red Edge Index 1 (VREI1),

Water Vogelmann Red Edge Index 2 (VREI2),
Difference Vegetation Index (DVI),

Blue Green Ratio (BGR), Red Green Ratio

Composite (RGR), Red Green Blue Vegetation Index

(RGBVI)

There are many variations of vegetation index (VI) algorithms, each designed to emphasize or

suppress specific spectral characteristics. The most widely used VI is the Normalized
Difference Vegetation Index (NDVI) NDVI (Rouse et al., 1974; Tucker, 1979; Vélez et al.,
2023), but for general vegetation conditions other algorithms such as GLI, NGRDI, or MGRVI
can also be applied (Bendig et al., 2015; Hunt et al., 2005; Louhaichi et al., 2001). When the

goal is to reduce atmospheric effects such as aerosols, indices like PRI or EVI are appropriate
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choices (Gamon et al., 1997; Huete et al., 2002; Vélez et al., 2023). To account for vegetation
water content or stress, VREIl1, VREI2, or DVI can be used (Roujean & Breon, 1995;
Vogelmann et al., 1993). In areas where soil reflectance is significant, such as sparsely
vegetated regions, SAVI or GNDVI are suitable alternatives (Arshad et al., 2023; Tiruneh et
al., 2022; Zhen et al., 2021).0Other indices, including BGR, RGR, and RGBVI, employ
composite or band ratio techniques (Bendig et al., 2015; C. Chen et al., 2024; Gamon & Surfus,
1999; Sellaro et al., 2010). For applications targeting specific vegetation types, indices such as
NDRE, NDY VI, CIVE, or RDVI may also be considered (Boiarskii, 2019; C. Chen et al., 2024;
Kataoka et al., 2003; Roujean & Breon, 1995; Wei et al., 2024).

b. Pearson Correlation Matrix (PCM)

PCM is a statistical tool used to examine the linear relationships among multiple variables
simultaneously. Each cell in the matrix contains the PCC, ranging from —1 to +1, which
indicates both the strength and direction of the association between two indices, and was
applied in this study to systematically identify redundant indices and prioritize those with low
correlation values for subsequent modeling (Pan, 2022; Sathasivam et al., 2022). In remote
sensing applications—such as aboveground biomass estimation—PCM is especially valuable
for screening spectral indices or other predictors before modeling (Eckert, 2012; Sathasivam
etal., 2022). By examining pairs of variables with strong positive or negative PCM, researchers
can pinpoint redundant inputs and focus on spectral indices that carry distinct, non-overlapping
information (Jia et al., 2022; Tang & Xu, 2017).

PCC quantifies the strength and direction of a linear relationship between two continuous
variables and is expressed as:

o L= DOi=)
VI = 02X — )2

where x; and y; are paired observations and x; y are their means. Values of » range from —1

(perfect negative) to +1 (perfect positive), with 0 indicating no linear association (Pearson,
1895).

When arranged into a PCM, these coefficients offer a clear overview of how variables relate to
one another, helping researchers detect overlapping spectral indices and choose features that
provide distinct, non-redundant information for remote sensing studies (Eckert, 2012). Because
of its simple calculation and ease of interpretation, PCM is commonly adopted as an initial step

in selecting key variables for aboveground biomass and carbon stock assessments.
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The PCM was calculated to evaluate the pairwise relationships among all vegetation indices
(VIs). Correlation values were grouped into redundancy classes based on their magnitude: low
redundancy (+0 to +0.5 and —0.5 to 0), moderate redundancy (+0.5 to +0.7 and —0.7 to —0.5),
high redundancy (+0.7 to +0.9 and —0.9 to —0.7), and strong redundancy or inverse (£1).
Priority was assigned to VIs within the low redundancy class, as these contain the least
overlapping spectral information. From this class, indices that appeared as candidates were
considered either as single predictors or as part of multi-index combinations. The selection of
combinations followed two steps: (i) grouping indices with at least three members connected
through low redundancy relationships, and (ii) forming positive and negative pairs of indices
within the same low redundancy class. At this stage, the number of single indices and

combinations was not predetermined, since it depended on the PCM results.

¢. Model Development
To represent and evaluate the relationships identified through the PCManalysis, two types of
regression modeling were applied. Simple Linear Regression (SLR) was used for each single
VI model, while Multiple Linear Regression (MLR) was applied to the two multi-VI
combinations. In these models, the VI values served as the independent variables (x), and the
field-measured aboveground biomass data from forest surveys were used as the dependent

variable (y).

d. Field Survey and Aboveground Biomass Estimation
The sampling technique employed was random sampling distributed across the entire forest
area. A total of 137 samples were collected for model development. Field measurements
included diameter at breast height (DBH), total height, and wood density were used to calculate
aboveground biomass and its corresponding carbon content through standard allometric
equations. Aboveground biomass (AGB) for each tree was calculated using the allometric
equation proposed by Chave et al., (2014):

AGBtree = 0.0673 * (p * DBH? x H)%976

where p is wood density (g cm™), DBH is diameter at breast height (cm), and H is tree height
(m).
Total plot-level AGB was obtained by summing the individual tree values and then converted
to an areal basis following IPCC (2006) guidelines:

AGB,,
AGB(kg/m?) = %

with 4 representing the plot area in square meters.
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e. Regression Formulas
The modeling employed two regression approaches to estimate AGB from the selected
vegetation indices. For each single-index scenario, Simple Linear Regression (SLR) was
applied using the equation :
y=a-+ bx
where y represents field-measured AGB (ton ha™), x is the value of the vegetation index, and
a and b are the intercept and slope coefficients estimated from the data. For the multi-index
combinations, Multiple Linear Regression (MLR) was used with the general form :
y=a+ byxq + byx, + -+ byx,
where xi, x2, ..., x, are the vegetation indices included in the combination.
The resulting models were validated using regression analysis with 63 independent samples
from field measurements. Model performance was evaluated using the coefficient of

determination (R?), root mean square error (RMSE), and mean absolute error (MAE).

Result and Discussion

The initial processing stage involved pre-processing PlanetScope SuperDove imagery recorded
on August 6, 2025, including the calibration of DN values to surface reflectance (percentage)
followed by histogram adjustment. The data were then processed using 18 vegetation index
(VI) algorithms, resulting in vegetation index images (Figure 2). Most indices ranged from —1
to 1; however, some indices such as CIVE, RGR, and BGR produced values greater than 1.
This occurs because these algorithms either operate without a normalization factor or are not
based on ratio formulations. Subsequently, 404 randomly distributed pixel samples were

extracted from each VI, forming the basis for PCC and PCM calculations.
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Figure 2: Vegetation Index Image Derived From 18 Algorithms After Pre-processing
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Each PCC value (1) ranges from —1.00 to +1.00 and was organized into a PCM to provide a
complete view of inter-index correlations. To interpret redundancy, the r values were classified
into four categories: low redundancy (0.5 <r < 0.5), moderate redundancy (0.5 <r <0.7 or —
0.7 <r £-0.5), high redundancy (0.7 <r < 1.0 or —1.0 < r < -0.7), and very strong/strong
inverse (r = =1.0). This matrix served as the foundation for assessing the degree of similarity
among the indices.

Based on Table 2, two schemes were applied for selecting vegetation indices. The first scheme
grouped indices into single and multi-index combinations without considering the sign of their
pairwise correlations, while the second scheme separated the combinations according to
positive and negative correlation values. From these procedures, a set of single indices and
several index combinations were obtained, as illustrated in Figure 2. In total, sixteen biomass-
estimation models were established—covering both single- and multi-index cases—which

were then subjected to accuracy evaluation.

Table 2: Pearson Correlation Matrix of 18 Vegetation Indice (Processed by the authors)

NDVI| EVI |SAVI GNDVI|NDRE|NDYVI| CIVE |[MGRVI|RGBVI| GLI |NGRDI| RGR | BGR | PRI |VREI1|VREI2| DVI |RDVI
NDVI |1.00|0.86|0.88 | 0.93 | 0.92 | 0.96 |-0.70| -0.77 | 0.77 | 0.77| 0.77 |-0.78|-0.67|0.65| 0.92 | 0.92 | 0.78 | 0.91
EVI 10.86|1.00|1.00| 0.84 | 0.82 | 0.84 |-0.65| -0.63 | 0.62 | 0.63| 0.63 |-0.63|-0.54|0.53 | 0.79 | 0.82 [ 0.99 | 0.99
SAVI |0.88/1.00(1.00| 0.87 [0.84 | 0.88 |-0.65| -0.62 | 0.63 | 0.63 | 0.62 |-0.62|-0.56| 0.56 | 0.80 | 0.84 | 0.98 | 1.00
GNDVI|0.93|0.84|0.87| 1.00 | 0.92 | 0.96 |-0.42| -0.49 | 0.51 | 0.51| 0.49 |-0.50|-0.47|0.46 | 0.76 | 0.92 | 0.78 | 0.89
NDRE | 0.92 /0.82|0.84| 0.92 | 1.00 | 0.90 |-0.50| -0.62 | 0.62 | 0.62| 0.62 |-0.62|-0.53|0.53 | 0.73 | 1.00 | 0.75 | 0.86
NDYVI | 0.96|0.84|0.88| 0.96 | 0.90 | 1.00 |-0.63| -0.64 | 0.70 | 0.69 | 0.64 |-0.65|-0.70| 0.69 | 0.85 | 0.90 [ 0.78 | 0.90
CIVE |-0.70|-0.65|-0.65| -0.42 |-0.50| -0.63 | 1.00| 0.90 [-0.94 [-0.93| -0.90 {0.91|0.87 |-0.85|-0.81 -0.50|-0.61|-0.67
MGRVI|-0.77|-0.63|-0.62| -0.49 |-0.62| -0.64 | 0.90| 1.00 [-0.95 |-0.98| -1.00 | 1.00 | 0.79 |-0.78|-0.89 | -0.62 |-0.55|-0.66
RGBVI | 0.77|0.62 | 0.63| 0.51 | 0.62 | 0.70 |-0.94| -0.95 | 1.00 [1.00| 0.95 |-0.95|-0.94/0.93 | 0.87 | 0.62 | 0.55| 0.66
GLI |0.77)|0.63|0.63| 0.51 | 0.62 | 0.69 |-0.93| -0.98 | 1.00 | 1.00 | 0.98 |-0.97|-0.90/0.90 | 0.88 | 0.62 | 0.56 | 0.66
NGRDI | 0.77]0.63|0.62 | 0.49 | 0.62 | 0.64 |-0.90| -1.00 | 0.95 | 0.98 | 1.00 |-1.00|-0.79|0.78 | 0.89 | 0.62 | 0.55 | 0.66
RGR |-0.78|-0.63|-0.62| -0.50 |-0.62| -0.65 | 0.91| 1.00 |-0.95 |-0.97| -1.00 | 1.00|0.79|-0.78|-0.89 | -0.62 |-0.54|-0.66
BGR |-0.67|-0.54|-0.56| -0.47 |-0.53| -0.70 | 0.87| 0.79 |-0.94 |-0.90| -0.79 | 0.79 1.00 |-1.00/-0.75 | -0.53 |-0.50|-0.59
PRI | 0.65|0.53|0.56| 0.46 | 0.53 | 0.69 |-0.85| -0.78 | 0.93 [0.90| 0.78 |-0.78|-1.00| 1.00| 0.74 | 0.53 | 0.49 0.58
VREI1 | 0.92|0.79/0.80| 0.76 | 0.73 | 0.85 |-0.81| -0.89 | 0.87 | 0.88 | 0.89 |-0.89|-0.75|0.74| 1.00 | 0.73 | 0.70 | 0.83
VREI2 | 0.92|0.82(0.84| 0.92 | 1.00 | 0.90 |-0.50| -0.62 | 0.62 | 0.62| 0.62 |-0.62|-0.53|0.53 [ 0.73 | 1.00 | 0.75 | 0.86
DVI 10.780.99|0.98| 0.78 | 0.75| 0.78 |-0.61| -0.55 | 0.55 | 0.56| 0.55 |-0.54|-0.50|0.49| 0.70 | 0.75 | 1.00 [ 0.97
RDVI |0.91/0.99[1.00| 0.89 [0.86 | 0.90 |-0.67| -0.66 | 0.66 | 0.66 | 0.66 |-0.66|-0.59| 0.58 | 0.83 | 0.86 | 0.97| 1.00

Low redundancy (-)

Low redundancy (+)

Moderate redundancy

High redundancy

Very strong correlation or strong inverse

For the multi-index combinations, two selection schemes were applied. In the first scheme,
indices were grouped directly from the PCM by prioritizing those that maintained low
redundancy relationships, resulting in four candidate combinations (Comb 1-4). In the second

scheme, the same groups were further refined by separating positive and negative correlation
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values, which produced additional combinations. This two-step procedure ensured that the

selected multi-index models represented both general low-redundancy groups and polarity-

specific relationships, consistent with the flow illustrated in Table 3.

Table 3: Summary of Vegetation Index (VI) Candidates and Multi-Index Combinations
Derived from PCM Analysis

Single Index Mixed Combinations (No + Separated Combinations (+
Candidates separation) based)
GNDVI Comb 1: GNDVI - CIVE — ) B B
CIVE MGRVI — NGRDI — RGR — BGR — Comb 1(+): GNDVI — NGRDI
PRI
MGRVI PRI
NGRDI Comb 2: BGR - GNDVI-DVI Comb 2(+): PRI- GNDVI-DVI
RGR -): _ _
BGR Comb 3: PRI~ GNDVI - DVI f/[‘gné’vll(_)kgg?\g&f tVE
PRI Comb 2(-): BGR — GNDVI —
DVI Comb 4: DVI- BGR — PRI DVI

The single-band indices were processed using SLR with AGB data obtained from field

measurements and sample-based calculations. The resulting SLR plots display the distribution

of field samples against the pixel values of each single VI, with the coefficient of determination

varying noticeably across indices. However, further analysis is required by comparing the

correlation strength and the predictive performance of the estimated AGB values, as illustrated

in Figure 3.
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Figure 3: Simple Linear Regression (SLR) of AGB with Selected Single VI
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Among the single indices tested, GNDVI (R? = 0.5629) and DVI (R? = 0.4057) emerged as the
best-performing predictors for AGB, largely because they incorporate the near-infrared (NIR)
band in combination with green or red reflectance. The strong response of NIR to vegetation
structure allows these indices to capture canopy density and chlorophyll content more
effectively, leading to higher predictive accuracy. In contrast, indices such as CIVE (R?=0.02),
BGR (R?=0.0766), and PRI (R?=0.0755) showed poor performance because they are derived
exclusively from visible bands (blue, green, or red). These bands are more sensitive to soil
background, shadow, and illumination effects, reducing their capacity to reflect biomass
variation. For instance, CIVE and BGR, which rely heavily on visible reflectance, often
saturate in dense canopy conditions and underestimate biomass in high-biomass plots, while
PRI is strongly affected by pigment variation and provides limited structural information.
Conversely, indices dominated by NIR contrast, such as DVI and GNDVI, benefit from the
sharp spectral separation between vegetation absorption in red/green and strong reflection in
NIR, making them more responsive to biomass gradients.

Table 4: Summary of regression performance (R and R?) for multi-index models using
Multiple Linear Regression (MLR)

Regr(.ess'ion Coml Com2 Com3 Com4 Coml+ Com2+ Coml- Com2-
Statistics

Multiple R 082 0.69 056 0.74 0.64 0.56 0.82 0.69

R Square 0.68 048 0.31 0.54 04 0.31 0.67 048

Table 4 presents the summary results of multi-index modeling using MLR. Among the tested
combinations, Com1 (R? = 0.68) and Com1— (R? = 0.67) achieved the highest performance,
indicating that these combinations capture complementary spectral information that effectively
reduces unexplained variance in AGB estimation. Both sets include indices dominated by NIR
and visible bands (e.g., GNDVI, BGR, PRI, CIVE), where the NIR component enhances
sensitivity to canopy structure, while the visible bands contribute information on pigment
variation and soil-vegetation contrast. The integration of these complementary spectral
features likely explains their superior predictive capacity.

In contrast, Com3 and Com2+ (R? = 0.31) yielded the weakest performance, suggesting that
the indices included in these groups may share redundant spectral information, limiting their
contribution to the overall model. Moderate results were observed for Com4 (R? = 0.54) and
Com?2 (R? = 0.48), reflecting partial complementarity but also some redundancy effects.
These findings support the hypothesis that redundancy plays a critical role in multi-index

modeling. When input indices are highly correlated, their overlapping spectral responses fail
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to add new information, resulting in lower model accuracy. Conversely, when indices with
distinct yet complementary spectral patterns are combined, redundancy is minimized and the
model benefits from a more diverse representation of vegetation properties, thereby improving
biomass estimation. This highlights the importance of careful index selection to balance
redundancy and complementarity in multi-index biomass models.

To better illustrate the spatial outcomes, Figure 4 present the distribution of aboveground
biomass derived from the sixteen developed models (eight single-index and eight multi-index).
In both cases, biomass values are expressed as ton/ha per 3 x 3 m pixel, with negative values
representing non-vegetated areas (e.g., built-up zones or water bodies). The maps highlight the
variation in biomass estimation across Wanagama, where multi-index models generally provide
smoother and more consistent patterns compared to single-index models.

GNDVI CIVE

Vil
Qe ™

F PPy

RGB

Value
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Low: 14,8985
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Low:-M016

Figure 4: Spatial distribution of aboveground biomass (AGB) from single-index models
(greyscale) and multi-index models (color), where negative values represent non-vegetated
areas

Finally, the quantitative performance of these sixteen models was evaluated against field-
measured AGB in the study area. Model validation was carried out using 30% of the samples,

corresponding to 63 field plots. The metrics assessed were correlation coefficient (R),
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coefficient of determination (R?), root mean square error (RMSE), and mean absolute error

(MAE), with the results summarized in Table 5.

Table 5: Performance Of VI-Based Models (Single and Multi-Index) for AGB Estimation
with Total Estimated Biomass

Total Ha
(Estimation) R R2 RMSE MAE
GNDVI 1,929.2 0.69 0.48 3.32 2.49
CIVE 1,195.7 0.14 0.02 1.73 1.66
MGRVI 1,424.4 0.40 0.16 2.28 2.03
NGRDI 1,426.8 0.40 0.16 2.28 2.03
RGR 1,399.5 0.39 0.15 2.23 2.03
BGR 1,228.7 0.39 0.15 2.21 2.03
PRI 1,225.7 0.38 0.15 2.21 2.02
DVI 2,217.2 0.38 0.14 3.40 2.55
Combl1 2,060.2 0.66 0.44 3.51 2.45
Comb2 1,742.9 0.54 0.29 3.00 2.50
Comb3 1,671.1 0.05 0.00 2.34 2.09
Comb4 2,194.5 0.39 0.15 3.40 2.60
Coml+ 1,737.9 0.48 0.23 3.24 2.29
Com2+ 1,671.0 0.35 0.12 3.49 2.40
Coml- 1,928.9 0.75 0.57 2.42 1.78
Com2- 1,741.6 0.57 0.33 3.02 2.08

By contrast, models dominated by indices with higher redundancy or confined to visible bands
only (e.g., CIVE or PRI) showed weak predictive capability, as the spectral information
overlapped or failed to represent canopy structural variability. These findings confirm the role
of redundancy in shaping model performance: when redundancy is minimized—especially
through negative correlations—multi-index combinations can significantly improve biomass
estimation accuracy. In addition, the estimation values (Total Ha) demonstrate that models with
stronger correlation, such as GNDVI and particularly Comb1-, not only achieved higher R and
R? but also produced more consistent biomass estimates relative to the expected range of forest
productivity. Importantly, the best-performing model (Comb1-) incorporated indices such as
CIVE and RGR, which individually showed weak predictive capacity, but when integrated with
GNDVI, MGRVI, and BGR, their complementary spectral information helped reduce

redundancy and capture canopy structure more effectively. This highlights that indices with
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limited standalone performance can still play a critical role in multi-index frameworks,
ultimately improving the robustness of AGB estimation.

The comparison between the regression statistics obtained from model development and the
independent accuracy test reveals several key patterns (Figure 5). First, Com1— consistently
outperformed other models, with high values of R and R? both in the model stage and the
accuracy test (R*=0.67 in the model, R* = 0.57 in validation). This consistency indicates that
the negative redundancy within its index composition provides complementary spectral
information that generalizes well to unseen samples. Similarly, GNDVI (single index) and
Coml (multi-index) also maintained relatively strong performance across both stages,

confirming the advantage of incorporating NIR-sensitive indices in biomass prediction.

Regression Performance (R, R?) of VI-Based AGB Models

Com2-
Coml-
Com2+
Coml+
Com4
Com3

Com2

Coml
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=
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D T ———_
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Figure 5: Comparison of Regression Performance (R, R?) Between Model Calibration and
Accuracy Test for VI-Based AGB Estimation
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On the other hand, models such as Com3, CIVE, and PRI showed low R and R? values in both
training and validation, highlighting their limited predictive capacity. These indices rely mainly
on visible bands, which are more influenced by soil, illumination, and canopy background
effects, leading to unstable estimation and weak transferability. Interestingly, some models
(e.g., DVI and Com2) exhibited a moderate decline from model fit to validation results,

suggesting partial overfitting or redundancy among the combined indices.

Above Ground Biomass of Wanagama Forest, Gunung Kidul, Yogyakarta
Combination Non Redudancy Vegetation Indices (GNDVI, CIVE, MGRVI, RGR, BGR)

446000 447000 448000 449000 450000 451000

Legend

weem High : 9,91 ton/ha

Low : 0 ton/ha

9127400
v
9127400

9126700

9126700

9126000
f
T
9126000

9125300
v
9125300

0 0,25 05 1 1.5 2
[ — Kilometers

Coordinate System : UTM WGS84 Zone 493 !
Source : Non Redudancy VI PlanetScope Imagery

2025 L - S

446000 447000 448000 443000 450000 451000

9124600

Figure 6: Spatial distribution of Aboveground Biomass (AGB) in Wanagama Forest, Gunung
Kidul, Yogyakarta, estimated using the best-performing model (Com1-) based on a non-
redundant combination of vegetation indices (GNDVI, CIVE, MGRVI, RGR, and BGR).

Overall, the comparison indicates that models integrating indices with low or negative
redundancy tend to preserve accuracy from model calibration to validation, while those
dominated by visible-band redundancy are prone to loss of performance. This reinforces the
importance of carefully balancing index complementarity and redundancy in order to achieve
robust biomass estimation models. As illustrated in Figure 6, the spatial distribution produced
by the Coml- model demonstrates how integrating both strong (e.g., GNDVI) and weaker
indices (e.g., CIVE and BGR) can yield a more coherent representation of biomass variation.
Areas with higher AGB are consistently captured in the northern and central parts of

Wanagama, while lower values correspond to riparian zones and degraded patches, confirming
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that multi-index combinations not only improve statistical accuracy but also enhance the spatial
realism of biomass estimation maps.

Conclusion

The evaluation of vegetation indices (VIs) for aboveground biomass (AGB) estimation
demonstrates that each VI carries distinct spectral characteristics, reflecting different aspects
of canopy properties. Indices dominated by the near-infrared (NIR) band, such as GNDVI and
DVI, showed stronger correlations with AGB due to their sensitivity to vegetation structure
and density, whereas indices derived primarily from visible bands (e.g., CIVE, BGR, PRI)
exhibited weaker performance as they are more affected by soil background, illumination, and
pigment variability. These results underline the need for careful consideration of the spectral
properties emphasized or minimized by each VI when selecting predictors for biomass
modeling.

The use of the PCM proved effective as a quantitative approach for guiding index selection.
By classifying indices into redundancy groups, PCM allowed systematic identification of
candidate indices with low overlap in spectral information, which could then be tested both
individually and in combination. This procedure facilitated the development of multi-index
models through multiple linear regression (MLR), where complementary spectral inputs
improved the capacity to explain variability in field-measured AGB.

A key finding is the role of low redundancy and negative correlation in enhancing model
accuracy. Multi-index models that incorporated indices with distinct and negatively correlated
spectral patterns (e.g., Com1-) consistently yielded higher R and R? values while minimizing
RMSE and MAE. This suggests that reducing information overlap while maintaining strong
correlation with biomass provides the most effective strategy for estimation. In practical terms,
the study highlights that biomass modeling should not rely solely on individual indices, but
rather on combinations carefully selected through redundancy analysis to achieve optimal

predictive accuracy.
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