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Aboveground biomass (AGB) is a crucial parameter in
forest monitoring, carbon stock assessment, and
ecological studies. Remote sensing, particularly the
use of vegetation indices (Vls), has become a practical
approach for estimating AGB. However, redundancy
among Vs often reduces accuracy, as many indices
share similar spectral characteristics. This study
explores an approach to improve biomass estimation
accuracy by applying Pearson Correlation Matrix
(PCM) analysis to identify non-redundant indices,
followed by regression-based modeling using high-
resolution PlanetScope imagery in Wanagama Forest,
Yogyakarta, Indonesia.
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PROBLEM STATEMENT @

 Single Vs often show redundancy and
saturation = poor AGB estimates.

« PlanetScope offers multiple Vlis, but many are
highly correlated — multicollinearity issue.

- Reliable AGB model requires: RESULT AND DISCUSSION

« Selecting low-redundancy indices.

« Combining them effectively to improve
prediction accuracy.
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The Pearson correlation analysis of 19 vegetation
indices (Table 2) identified GNDVI, CIVE, MGRVI,

)

N
' RGR, and BGR as the most effective predictors of o
OBJECTIVE @ aboveground biomass (AGB). While simple linear e
regression using single indices (Figure 2) provided
This study aims to enhance the estimation of only moderate accuracy, combining indices in
AGB in Wanagama Forest, Yogyakarta, by: multiple linear regression models significantly
- Selecting non-redundant vegetation improved performance. The best model (Com1-)
indices using Pearson Correlation Matrix achieved R = 0.826 and R* = 0.683 (Table 4), . This study demonstrates that combining non-redundant
(PCM). confirming the advantage of using non-redundant —ﬁ] vegetation indices from PlanetScope imagery significantly
- Developing regression models - Simple index combinations. A comparison of calibration and @ > ) improves the accuracy of aboveground biomass (AGB)
Linear Regression (SLR) for single indices validation (Figure 3) showed consistent results, % C_D estimation compared to using single indices. The best-
and Multiple Linear Regression (MLR) for indicating the robustness of the model. The spatial g < ‘g SERUILE 108 E] (e vl Inizgies o IR et
combinations. distribution map of AGB in Wanagama Forest T Caibration and validution and produced realietc spatia
- Evaluating model accuracy using R?, (Figure 4) further illustrates variability across the % CZ) batterns of biomass in Wanagama Forest. These findings
RMSE, and MAE. Iandscape, with h|gher biomass values concentrated 2 (@) highlight the importance of selecting indices with
- Producing a spatial distribution map of in dense planted forest stands. O complementary spectral properties to minimize redundancy
AGB based on the best-performing model. and enhance model robustness for forest biomass monitoring.
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