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Abstract : Remote sensing-based tree species classification requires a combination of high spatial 

resolution and rich spectral information. Sentinel-2 offers advantages in spectral diversity and spectral 

consistency, but is limited by its spatial resolution of 10-20 meters. In contrast, PlanetScope provides 

finer spatial resolution (3.3 meters) and high revisit frequency, yet is often criticized for spectral 

inconsistency across satellites and potential radiometric noise. This study aims to evaluate the fusion 

of both sensors to improve species classification accuracy in the Wanagama Educational Forest, 

Gunung Kidul, Yogyakarta, by leveraging the spectral strength of Sentinel-2 and the spatial resolution 

of PlanetScope. Image fusion was carried out using the Gram-Schmidt method with two main schemes: 

(1) spectral band matching from Sentinel-2 pansharpened with first band (GS-PCA 1) of PCA extraction 

from PlanetScope RGB bands, and (2) second band (GS-PCA 2) of PCA extraction from PlanetScope 

RGB bands followed by pansharpening with Sentinel-2. Spectral validation was conducted using 700 

random samples. The highest correlation was observed in the GS-PCA 1 approach (R = 0.68) against 

PlanetScope, also showed medium correlation with Sentinel 2 (R = 0.33), indicating that the generated 

fused data relates to both sources. Further classification was performed using 404 samples model and 

151 ground truth with three parametric algorithms: Maximum Likelihood, Minimum Distance to Mean, 

and Mahalanobis Distance. The highest accuracy was achieved using GS-PCA 1 method under the 

Maximum Likelihood classifier, with an overall accuracy of 26.96%, outperforming Sentinel-2 

(24.35%) and PlanetScope (23.48%). Although the accuracy remains moderate, this approach 

demonstrates the potential of multisensor fusion for tree species classification in tropical forests.  

Keywords: Spectral Fusion, Sentinel-2, PlanetScope, Tree Species Classification, Gram-

Schmidt PCA  

 

 

1 Introduction  

Tropical forests are among the world’s most important ecosystems because they harbor high 

biodiversity, provide vital ecosystem services, and contribute substantially to regulating the 

global carbon cycle (Adhikari et al., 2024; ARKO, 2023). Understanding the distribution 

and composition of tree species is therefore essential to support conservation, forest 

governance, and biomass–to–carbon‑stock assessment (Cook-Patton et al., 2020). 

However, high species richness, complex canopy architecture, and inherent spatial 

heterogeneity make tree‑species classification in tropical forests a challenging scientific 
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problem (Food and Agriculture Organization of the United Nations, 1997; Kaimuddin et 

al., 2023). Remote sensing offers a practical way to overcome the limitations of 

conventional surveys. At the same time, the complexity of tree‑species identification calls 

for integrating multiple sensors and analytical methods so that classifications become more 

accurate and scalable (Hussin, 2022; Xu et al., 2025). 

Advances in remote sensing have created major opportunities to reduce the time and cost 

of field surveys in forestry and other domains (Hu et al., 2020). Today’s optical satellites 

provide diverse spatial, spectral, and temporal resolutions, enabling more comprehensive 

descriptions of vegetation (DeRiggi, 2017). Sentinel‑2 is widely used for vegetation 

monitoring because of its broad spectral coverage and strong radiometric consistency. Its 

red‑edge, NIR, and SWIR bands, for example, have proven informative for species 

identification. Nevertheless, its 10–20 m spatial resolution is often insufficient to 

distinguish individual tree species (Xi et al., 2022, 2023). In contrast, PlanetScope offers 

~3 m spatial resolution and near‑daily revisit (Planet Labs, 2023), making it promising for 

frequent vegetation mapping (Purnamasari et al., 2021; Wang et al., 2023). Yet PlanetScope 

is often affected by inter‑satellite radiometric variation and spectral inconsistency, which 

can degrade analysis quality (Basheer et al., 2024; Le et al., 2025).  

These fundamental differences suggest complementary strengths and weaknesses. 

Multisensor fusion is therefore a promising strategy for tree‑species analysis (Neyns et al., 

2024, 2024). Through fusion, Sentinel‑2’s spectral richness can be combined with 

PlanetScope’s spatial sharpness to produce more representative data. Gram–Schmidt 

pansharpening is a popular technique for this purpose because it enhances spatial detail 

while preserving spectral integrity (Leon et al., 2013; Maurer, 2013). Principal Component 

Analysis (PCA) can also be used to extract dominant information prior to fusion, improving 

the quality of the combined image (Centorame et al., 2025; Maciel Junior et al., 2024; Swain 

et al., 2024). Although satellite‑data fusion has been explored for vegetation mapping, 

studies specifically evaluating Sentinel‑2 and PlanetScope fusion for tree‑species 

classification in tropical forests remain limited—despite the high biodiversity and 

conservation priority of these ecosystems (Herawati & Santoso, 2011; Njomaba et al., 

2024). 

This study focuses on the Wanagama Educational Forest, Gunung Kidul, Yogyakarta—an 

area with high tree‑species diversity and an active outdoor laboratory (Ugm & H, 2019). 

We evaluate Sentinel‑2 and PlanetScope fusion using the Gram–Schmidt (GS) method with 

two variants that use PC1 or PC2 from PlanetScope PCA as the synthetic panchromatic 
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input. We then assess spectral consistency, classify tree species using parametric 

algorithms, and compare the fused results against each sensor’s native imagery. The study 

aims to provide a methodological contribution for multisensor fusion to improve 

tree‑species classification accuracy in tropical forests and to support more effective, 

sustainable forest monitoring. 

2 Literature Review 

Multispectral optical sensors frequently used in forestry show that spectral richness—

especially the red‑edge, NIR, and SWIR—is critical for differentiating vegetation types 

(Assmann et al., 2019; Njomaba et al., 2024). However, classification accuracy tends to decline 

when the targets are sub‑pixel, as in species‑level analyses (Jain, 2022; Kluczek et al., 2023). 

Sentinel‑2 is widely accessible and often used as a reference because of its mission design and 

excellent radiometric stability; its 10 m bands are commonly exploited for tree‑species 

mapping and biophysical parameters such as LAI and chlorophyll. Prior work highlights the 

utility of Sentinel‑2’s red‑edge, NIR, and SWIR bands for vegetation discrimination, with 

atmospheric correction and radiometric standardization crucial for temporal consistency 

(Persson et al., 2018; Xi et al., 2022). Still, the 10–20 m resolution often struggles to capture 

species variability in heterogeneous tropical canopies (Xi et al., 2023; Yu et al., 2022), 

underscoring the need to pair spectral strength with higher spatial detail. 

Sentinel‑2’s spectral characteristics can reveal information hard to obtain from field surveys, 

such as plant physiological status, vegetation health, and subtle species differences despite 

similar morphology (Acharki, 2022; Finlayson et al., 2024). This underscores how spectral 

richness can detect small canopy variations not visible to the eye (Xie et al., 2008). However, 

limited spatial resolution remains a key barrier to separating closely packed objects in 

species‑rich tropical ecosystems (Blickensdörfer et al., 2024). Mixed‑pixel effects at medium 

resolution reduce mapping accuracy (T. Choe et al., 2025), where a single pixel may represent 

multiple land‑cover types and blur species‑specific spectral signals (Hemmerling et al., 2021; 

Mikołajczyk et al., 2025). Thus, while Sentinel‑2 excels spectrally, its spatial detail shortfall 

requires complementary approaches (Bhattarai et al., 2021; Njimi et al., 2024). 

PlanetScope shows a different profile (Aati et al., 2022; Baldin & Casella, 2024) ): its ~3 m 

spatial resolution and daily revisit enable richer object detail and temporal variability (Basheer 

et al., 2024; Labs, 2023; Neyns et al., 2024). The evolution to SuperDove increased spectral 

bands, though radiometric normalization demands more care (Niroumand-Jadidi et al., 2022; 

Silva et al., 2024). Quality evaluations reveal inter‑satellite variation that must be resolved for 

multitemporal analysis (Chen et al., 2025; Hemingway & Frazier, 2021). In short, PlanetScope 
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provides strong spatial/temporal advantages but typically benefits from pairing with sensors 

that offer more stable spectral behavior (Mansaray et al., 2021).  

Multisensor fusion studies consistently show that combining one sensor’s strengths with 

another’s can enhance remote‑sensing analysis (Guo et al., 2024). Common goals include 

improving both spectral quality and spatial sharpness; radiometric normalization before/during 

fusion helps align sensors; and dimensionality reduction can simplify downstream analysis 

(Dhore & Veena, 2015). At the classification stage—whether using classic parametric 

algorithms or modern machine‑learning methods—higher‑resolution fused data often yields 

better accuracy (Chiang, 2014; Elbanby et al., 2012). Properly managed, Sentinel‑2 + 

PlanetScope fusion can therefore boost tree‑species classification, especially in complex 

tropical forests. 

PCA has long been popular for multisensor fusion because it is simple and statistically 

grounded (Chiang, 2014; Elbanby et al., 2012). It can increase spatial contrast via 

high‑resolution component injection, clarifying tree‑crown structure and vegetation boundaries 

(H. P. Liu et al., 2025; Sule, 2020). However, PCA can be prone to spectral distortion when 

object spectral variability is complex—as in tropical forests (Tsai et al., 2007). Consequently, 

PCA is often combined with strict radiometric control or used as part of a broader fusion 

pipeline. 

The Gram–Schmidt (GS) fusion method is widely applied because it improves spatial 

resolution while maintaining spectral consistency (Al-Doski et al., 2013). The process 

orthogonally transforms multispectral channels, replaces the first component with a (synthetic) 

panchromatic image, and then inverts the transform (Jovanović et al., 2016). GS tends to 

preserve critical spectral information—especially red and NIR bands crucial for vegetation and 

land‑cover mapping (W.-I. Choe et al., 2024). In forestry, GS has been shown to improve 

tree‑species classification by preserving ratios sensitive to biomass and canopy health (Vivone 

dkk., 2015). In precision agriculture, GS supports more stable NDVI after fusion, improving 

stress detection and growth monitoring (Ghassemian, 2016; Rahmani et al., 2010). 

Performance remains sensitive to spectral mismatches and co‑registration, so metrics such as 

ERGAS, SAM, and QNR are important for validation (Amro et al., 2011; Vivone et al., 2015). 

Fused products (via GS, PCA, or both) are commonly used as inputs for various classifiers—

from classics like Maximum Likelihood (MLC) to machine‑learning methods such as Random 

Forest (RF) and Support Vector Machine (SVM) (Binanto et al., 2024; Mateen et al., 2024; 

Zhang et al., 2025). Many studies report higher accuracies for species, land‑cover, and biomass 

mapping with fusion compared to single‑sensor data, often by 5–20% depending on ecosystem 
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complexity and inputs (Ghassemian, 2016; Vivone et al., 2015). For example, boreal forests 

have shown up to a 12% species‑classification improvement after GS–PCA compared with 

original multispectral imagery (Rahmani et al., 2010). In tropical forests, combining fusion 

with vegetation indices (NDVI, EVI) and texture features can further separate species with 

similar canopy morphology, providing a richer basis for vegetation mapping (Mohammadpour 

& Viegas, 2022). 

Fusion paired with deep learning has recently shown promising accuracy gains (Du et al., 

2013). GS–PCA fused inputs combined with CNNs have, in some studies, improved tropical 

tree‑species classification by >15% over conventional RF baselines (J. Liu et al., 2024), since 

CNNs can adaptively learn spatial–spectral patterns from fused imagery (Badidová et al., 

2025). Thus, GS and PCA are not only image‑quality enhancers but also strategic components 

in modern classification pipelines, with direct implications for species inventory, 

vegetation‑health monitoring, and forest carbon‑stock estimation in both boreal and tropical 

ecosystems (Ghassemian, 2016; J. Liu et al., 2024; Vivone et al., 2015) 

3 Methodology  

The study area is the Wanagama Forest, Gunung Kidul, Yogyakarta, Indonesia—a tropical 

forest featuring multiple tree species. As an educational forest, parts of the area are 

maintained as mixed plantings, while other plots are managed with deliberately planted 

species (Ugm & H, 2019). The official species map issued by the forest manager was used 

to derive training and test samples for classification. Two optical satellite datasets were 

employed with closely timed acquisitions: PlanetScope (~3.3 m; March 2025) and 

Sentinel‑2 (10–20 m; April 2025), assumed to represent comparable on‑ground conditions. 

The workflow (Figure 1) includes satellite corrections, derivation of a synthetic 

panchromatic band via PlanetScope PCA, Gram–Schmidt fusion, and subsequent analysis. 
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Figure 1: Methodology Diagram 

a. Pre-prosessing data Satelite 

In multi‑sensor analyses, calibration is essential (Baldin & Casella, 2024; Basheer et al., 2024). 

). We first performed radiometric correction to obtain surface reflectance for both PlanetScope 

(3.3 m) and Sentinel‑2 (10–20 m). Conceptually, object reflectance ρ is derived from 

top‑of‑atmosphere radiance by removing atmospheric effects, ensuring that spectral values 

represent true surface conditions: 

𝜌 =
𝜋 .  𝐿𝜆 .  𝑑2

𝐸𝑠𝑢𝑛 . 𝑐𝑜𝑠𝜃𝑠
 

where λ is the spectral radiance, d is the relative Earth–Sun distance, Esun is the solar 

irradiance, and θs is the solar zenith angle. This correction ensures that the analyzed spectral 

values represent the true spectral reflectance of objects on the Earth’s surface. 
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b. Training and Test Sample Design 

Samples were selected using stratified random sampling based on the Wanagama species map. 

Stratification preserves proportionality across classes by area, avoiding classification bias 

(Keskintürk & Er, 2007; Sechidis et al., 2011). Data were split 70% for model training and 

30% for independent testing, following supervised‑classification best practices (Breiman, 

2001; Kotsiantis et al., 2006; Mathur & Foody, 2008). 

c. Synthetic Panchromatic Band Via PlanetScope SuperDove PCA 

PlanetScope has four primary bands (R, G, B, NIR). We created a synthetic panchromatic band 

using PCA (Haque Shemul et al., 2022; Uddin et al., 2017). PCA reduces inter‑band correlation 

via a linear transform; the first principal component (PC1) has the largest variance and is used 

as the panchromatic proxy (Chiang, 2014; Krishnan & Dutta, 2017). Secara matematis, PCA 

diturunkan dari dekomposisi kovarians: 

𝑍 = 𝑋. 𝑊 

where X is a data matrix of size n×p (n samples, p bands), W is the eigenvector matrix of the 

covariance matrix, and Z is the result of the principal component transformation (Ghader et al., 

2025). PC1 is used as the panchromatic channel because it contains the dominant spectral 

information (Dhanaraj & Markopoulos, 2019; Visentin et al., 2016). 

d. PCA–Gram–Schmidt Image Fusion 

In the first scheme (GS‑PCA 1), PC1 from PlanetScope RGB PCA is used as the synthetic 

panchromatic input in Gram–Schmidt fusion with Sentinel‑2. In the second scheme (GS‑PCA 

2), PC2 is used as the synthetic panchromatic source before GS fusion. This aims to combine 

PlanetScope’s spatial detail with Sentinel‑2’s spectral consistency (Candra, 2013; Kuze & 

Sumantyo, 2010). Conceptually, the fused image F can be expressed as follows: 

𝐹 = 𝐺𝑆(𝑀𝑆, 𝑃𝐶1) 

where GS is the Gram–Schmidt operator, MS is the Sentinel-2 multispectral image, and PC1 

is the first principal component derived from PlanetScope PCA (Maurer, 2013). 

e. Linear Regression Analysis for Multispectral Bands Correlation 

Linear regression analysis is used to evaluate spectral agreement by applying a simple linear 

regression between the fused image and the original Sentinel-2 or PlanetScope images. The 

relationship between bands is measured using the correlation coefficient (R²): 

𝑦 = 𝑎 + 𝑏𝑥 + 𝜖 
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where y is the reflectance value of the fused image, x is the reflectance of the reference image, 

a is the intercept, b is the slope, and ε is the error (Forthofer et al., 2007). The coefficient of 

determination is calculated as: 

𝑅2 =
∑(𝑦̂ − 𝑦̅)2

∑(𝑦 − 𝑦̅)2
 

An R² value approaching 1 indicates a strong spectral relationship between the fused image 

and the reference image (Cheng et al., 2014). 

f. Tree-Species Classification 

The classification stage was carried out using three parametric algorithms: Maximum 

Likelihood (ML), Minimum Distance to Mean (MDM), and Mahalanobis Distance (MD). The 

ML algorithm is based on probability theory with the assumption of a Gaussian distribution, 

so the probability of a pixel x belonging to class i can be expressed as: 

𝑃𝑖(𝑥) =
1

(2𝜋)𝑑/2|Σ𝑖|1/2
exp (−

1

2
(𝑥 − 𝜇𝑖)

𝑇 ∑ (𝑥 − 𝜇𝑖)
−1

𝑖
) 

 

where μi is the mean vector of class i, Σi is the covariance matrix, and d is the number of bands 

(Ghayour et al., 2021; Hogland et al., 2013). Pixels are classified into the class with the highest 

probability. The MDM and MD methods are distance-based variants, with MD accounting for 

correlations among bands through the covariance matrix (Kang & Katzfuss, 2023; Saboori et 

al., 2019). 

g. Accuracy Assessment 

Classification accuracy was evaluated using a confusion matrix comparing predicted classes 

with reference labels (Ahmad et al., 2012; BYJU’s Classes, 2021). From this table, the overall 

accuracy value was calculated using the following formula: 

Overall Accuracy (OA): 

𝑂𝐴 =
Σ𝑖𝑥𝑖𝑖

𝑁
 

where N is the total number of samples, xii is the number of correctly classified samples. A 

higher Kappa value indicates better classification reliability compared to relying solely on 

OA (Cai et al., 2018). 

4 Results and Discussion 

a. Fusion PCA-Grammschimth  

In the initial stage, a synthetic panchromatic band was generated using PCA applied to the 

PlanetScope RGB composite. The PCA extraction produced three new bands (PC1, PC2, and 



 

Page | 9  
 

PC3) representing spectral variations of the original image. As shown in Figure 2, PC1 and 

PC2 retained clear spatial information with good contrast and stable texture. In contrast, PC3 

was dominated by noise, providing information that no longer accurately reflected surface 

conditions. This indicates that PC3 primarily captured disturbances or minor variance 

components without physical significance in the field. 

 

Figure 2: PCA Band of Visible Band PlanetScope 

Based on these findings, only PC1 and PC2 were used to construct the synthetic panchromatic 

band, as they capture the largest proportion of variance from the original data and are more 

relevant for preserving spectral and spatial integrity. Excluding the noise-dominated PC3 made 

the analysis more stable, consistent, and suitable for subsequent fusion and classification. This 

highlights the importance of empirically evaluating PCA outputs to ensure that only 

components with strong physical meaning are applied in remote sensing analysis. 

Fusion using the Gram–Schmidt method with PC1 showed clear differences compared to the 

input images. By injecting the high-resolution PC1 from PlanetScope into Sentinel-2, the 

fusion enhanced spatial sharpness. As illustrated in Figure 3, the fused image displayed finer 

canopy and vegetation structure detail than Sentinel-2 alone, while differing from PlanetScope 

due to the combined spectral characteristics of both satellites.  
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Figure 3: Sentinel-2 Imagery (a), PlanetScope Imagery (b), GS-PCA 1 Fusion Image (c), GS-

PCA 2 Fusion Image (d) 

From a spectral perspective, correlation analysis between the fused Sentinel-2 and PlanetScope 

images showed a visual resemblance closer to Sentinel-2, while adopting the finer spatial 

resolution of PlanetScope. This indicates that the method successfully preserved Sentinel-2’s 

spectral characteristics even after transferring to higher spatial detail. As shown in Table 1, GS-

PCA 1 generally outperformed GS-PCA 2, with correlation values closer to PlanetScope, 

reaching r = 0.66–0.71 for the RGB channels but lower in the NIR. In contrast, correlations 

with Sentinel-2 were highest in the NIR (r ≈ 0.54). These results suggest that GS-PCA 1 is 

better suited for applications prioritizing spatial sharpness over full spectral consistency. 
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However, for vegetation classification that relies heavily on spectral richness, this approach 

still presents limitations. 

Table 1: Correlation of GS-PCA Image fussion with original imagery 

  

GS PCA 1 GS PCA 2 

Band 

Blue 

Band  

Green 

Band 

Red 

Band 

NIR 

Band 

Blue 

Band  

Green 

Band 

Red 

Band 

NIR 

PlanetScope 0,70 0,66 0,71 0,08 0,28 0,25 0,31 0,19 

Sentinel 2 0,29 0,23 0,37 0,54 0,14 0,11 0,18 -0,12 

Testing the spectral values of the GS-PCA 2 fusion showed correlations ranging from r = 0.12–

0.31, with the lowest in the NIR band and the highest in the Red band. Overall, the visible 

bands exhibited weaker correlations compared to GS-PCA 1. Figure 4 illustrates the linearity 

between GS-PCA 1 and Sentinel-2, where the highest R² appeared in the NIR band (0.28), 

while the visible bands were less representative. The low correlations are partly due to the large 

resolution gap between the synthetic panchromatic band (~3 m) and Sentinel-2 (10 m), about 

a 1:3 ratio, as well as spectral mismatches between the visible bands used for the panchromatic 

derivation and those of Sentinel-2. As shown in Figure 4, the NIR band achieved the strongest 

linearity, whereas the visible bands were more clustered and displayed weaker correlations. 

 

Figure 4: Comparative Fusion GS-PCA 1 VS Sentinel-2. Band Blue GS-PCA 1 Blue  vs Blue 

Sentinel-2 (a), Band Green GS-PCA 1 Green  vs Green Sentinel-2  (b), Band Red GS-PCA 1 

Red  vs Red Sentinel-2  (c), and Band NIR GS-PCA 1 NIR  vs NIR Sentinel-2 (d) 
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The comparison of GS-PCA 1 fusion results with PlanetScope spectra showed better 

performance, as illustrated in Figure 5. The R² values ranged from 0.21 to 0.79, indicating 

stronger similarity to PlanetScope imagery. This suggests that the GS process effectively 

accounts for the spectral input while incorporating the higher spatial resolution, even though 

the fused spectral characteristics are influenced by the lower-resolution input. These findings 

highlight the importance of ensuring that the spectral ranges used for the synthetic 

panchromatic band are consistent or compatible with those of the other sensor in GS fusion, 

especially when combining data from different platforms. 

 

Figure 5:  Comparative Fusion GS-PCA 1 VS PlanetScope,  Band Blue GS-PCA 1  vs Blue 

PlanetScope (a), Band Green GS-PCA 1  vs Green PlanetScope (b), Band Red GS-PCA 1  vs 

Red PlanetScope (c), and Band NIR GS-PCA 1  vs NIR PlanetScope (d) 

Compared to GS-PCA 1, the GS-PCA 2 method was processed using PC2 as the synthetic 

panchromatic input. As shown in Figure 6, the spectral similarity with Sentinel-2 was very low, 

with R² values ranging from 0.01 to 0.03—highest in the visible bands and lowest in the NIR. 

This confirms that most meaningful information is concentrated in PC1, while PC2 already 

loses significant detail and is dominated by noise. Therefore, PC1 is recommended for 

generating synthetic panchromatic bands with PCA, though further evaluation is needed. In the 

next stage, classification analysis will be carried out. 
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Figure 6: Comparative Fusion GS-PCA Band VS Sentinel-2. (a) Band Blue GS-PCA vs Blue 

Sentinel-2, (b) Band Green GS-PCA vs Green Sentinel-2, (c) Band Red GS-PCA vs Red 

Sentinel-2, (d) Band NIR GS-PCA vs NIR Sentinel-2 

In contrast to the comparison with Sentinel-2, the GS-PCA 2 results showed low correlations 

with PlanetScope as well, with R² values of only 0.03–0.09 (Figure 7). Thus, GS-PCA 2 

produced less reliable outcomes for both Sentinel-2 and PlanetScope, unlike GS-PCA 1, which 

at least showed a clear tendency toward PlanetScope characteristics. 

 

Figure 7: Comparative Fusion GS-PCA 2 vs PlanetScope,  Band Blue GS-PCA 2 vs Blue 

PlanetScope (a) , Band GS-PCA 2  vs Green PlanetScope (b), Band Red GS-PCA 2 vs Red 

PlanetScope (c), and Band NIR GS-PCA 2 vs NIR PlanetScope (d) 
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Thus, the GS-PCA 1 method can be regarded as the more appropriate approach for fusing the 

two images for species classification, as it preserves the spectral information needed to 

distinguish vegetation types while also providing high spatial detail useful for canopy 

identification. Based on these findings, the classification evaluation was conducted on GS-PCA 

1 to assess its performance. 

b. Minimum Distance to Mean (MDM) Classification 

Classification using the MDM algorithm produced relatively simple yet stable performance 

based on the input satellite data. This algorithm calculates the Euclidean distance between each 

test pixel and the class centroids, assigning the pixel to the class with the smallest distance. The 

results showed that MDM tends to be accurate for classes with homogeneous spectral 

distributions. As seen in Figure 8, Gliricidia appeared in nearly the same locations across all 

three maps, but under GS-PCA 1 the species mahogany, teak, and Gliricidia were classified 

more clearly than in the other datasets. This limitation arises because MDM does not account 

for inter-band covariance, making it vulnerable to overlaps among complex classes. 

 

Figure 8: MDM Classification Result,  Sentinel-2 (a), PlanetScope (b), and GS-PCA 1 (c) 

The fusion results of the two images showed that GS-PCA 1 generally produced patterns 

resembling both Sentinel-2 and PlanetScope, particularly for the Gliricidia species, which 

appeared in similar locations marked in orange. This confirms that GS-PCA fusion offers a 

better compromise between the spectral consistency of Sentinel-2 and the spatial sharpness of 

PlanetScope, although the classification accuracy under MDM remains moderate due to the 

limitations of a purely Euclidean distance–based method. 
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c. Mahalanobis Distance (MD) Classification 

Classification with the Mahalanobis Distance (MD) algorithm provided more adaptive results 

compared to MDM, as it considers the covariance structure between spectral bands. This allows 

the method to better handle classes with overlapping spectral ranges. In Figure 9, the GS-PCA 

1 results demonstrated clearer separations for species such as mahogany, teak, and Gliricidia, 

which appeared more scattered under PlanetScope and Sentinel-2 alone. However, the method 

requires sufficient and representative training samples to avoid biased covariance estimates.  

 

Figure 9: Mahalanobis Classification , Sentinel-2 (a), PlanetScope (b), and GS-PCA 1 (c) 

When sample numbers are limited, class boundaries may become unstable, leading to moderate 

accuracy. Nonetheless, the MD algorithm highlighted the potential of GS-PCA 1 fusion to 

improve discrimination in heterogeneous forest stands. 

d. Maximum Likelihood (ML) Claassification 

The Maximum Likelihood (ML) method is a classical algorithm widely applied in remote 

sensing. ML assumes a Gaussian distribution for each class and calculates the membership 

probability of each pixel, assigning it to the class with the highest probability. The results 

indicated that ML is highly effective for classes with distributions close to normal, generally 

producing higher accuracy than MDM. In Wanagama Forest, ML captured spectral variation 

among species, although some classes with complex spectral distributions remained difficult 

to separate. As shown in Figure 10, the GS-PCA 1 fusion successfully identified teak, 

mahogany, and Gliricidia as distinct, well-clustered classes. This demonstrates that ML’s 

statistical framework is well suited for classifying dominant vegetation species over larger 

areas, and that GS-PCA 1 fusion provides the spatial–spectral conditions to support such 

classification effectively. 
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Figure 10. ML Classification, such as Sentinel-2 (a), PlanetCope (b), and GS-PCA 1 (c) 

As a probabilistic algorithm, ML offers advantages in statistical interpretation. However, its 

sensitivity to the size and representativeness of training data remains a challenge. When 

training samples do not adequately capture class distributions, the computed probabilities may 

become biased, reducing overall accuracy. This can be observed in Figure 11, where mixed or 

non-dominant objects appear scattered and inconsistencies arise between Sentinel-2, 

PlanetScope, and both GS-PCA results. Figure 11 below presents the map with the highest 

accuracy, obtained from the GS-PCA 1 fusion processed with the ML method.. 

 

Figure 11. Map of Tree Species in Wanaga Forest with Maximum Likelihood 
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e. Accuracy Test 

Accuracy evaluation in this study focused on Overall Accuracy (OA), which represents the 

proportion of correctly classified samples relative to the total test set. The results showed that 

the Maximum Likelihood method achieved the highest OA with the GS-PCA 1 combination 

(26.96%), slightly outperforming single-sensor Planet (23.48%) and Sentinel-2 (24.35%). 

Under the Minimum Distance method, accuracy was higher for Planet (17.39%) and GS-PCA 

2 (16.52%), while GS-PCA 1 decreased to 9.57%. 

Table 2. Table of Tree Species Classification Accuracy 

Imagery 
Number 

of Band 
Sum Count 

Overall 

Accuracy 

Maximumlikelihood 

Planet 4 band 27 115 23,48% 

Sentinel 2 4 band 28 115 24,35% 

GS-PCA 1 4 band 31 115 26,96% 

Minimum Distance 

Planet 4 band 20 115 17,39% 

Sentinel 2 4 band 12 115 10,43% 

GS-PCA 1 4 band 11 115 9,57% 

Mahalanobis 

Planet 4 band 29 115 25,22% 

Sentinel 2 4 band 25 115 21,74% 

GS-PCA 1 4 band 26 115 22,61% 

Overall, the Mahalanobis method also showed a relatively good trend, with the highest OA 

obtained from Planet (25.22%) and GS-PCA 1 (22.61%). This pattern indicates that GS-PCA 

fusion provides higher accuracy than single-sensor Sentinel-2, although the improvement is 

not substantial. These findings suggest that the combined contribution of spatial resolution and 

spectral richness from the multisensor approach remains valuable for improving classification 

accuracy, even if the gains are still moderate. 

f. Discussion 

This study highlights both the potential and limitations of multisensor image fusion for tree 

species classification in tropical forests. In general, fusion improves spatial detail while 

retaining spectral information, but classification accuracy remains moderate, requiring further 

development. A key limitation is the spectral resolution of PlanetScope, which has only four 
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bands compared to Sentinel-2’s thirteen. While fusion enhances spatial sharpness, the complex 

spectral variability of tropical vegetation remains difficult to capture fully. Moreover, the 

choice of classification algorithm strongly influences outcomes. Classical parametric methods 

such as ML provided some improvements, but the gains were not substantial. Future research 

should therefore explore machine learning and deep learning approaches to achieve higher 

classification accuracy in tropical forests. 

This approach proved capable of producing tree species classification maps, though the 

achieved accuracy is still not ideal. The complexity of tropical forests, with their high species 

diversity, leads to overlapping spectra between classes, making it difficult to separate species 

using only medium-resolution multisensor combinations. Accuracy limitations also stem from 

the reference data employed: in this study, ground-based thematic maps were used as the 

sampling basis. While valid, such data lack the spatial detail of very high-resolution aerial 

surveys, which offer a higher measurement hierarchy and lower classification error. 

The fusion of Sentinel-2 and PlanetScope can thus be considered a viable alternative for 

medium-scale species classification. However, given that the accuracy remains moderate 

despite higher spatial resolution, the results should be regarded as exploratory. To improve 

accuracy, future studies should integrate more detailed field data, high-resolution aerial 

imagery, or even LiDAR, which provides three-dimensional canopy structure, thereby enabling 

species classification in tropical forests with greater precision and closer to real conditions. 

5 Conclusion and Recommendation  

The results show that multisensor fusion between Sentinel-2 and PlanetScope can improve 

accuracy in tree species classification. The GS-PCA 1 approach produced moderate 

correlations with Sentinel-2 spectra and higher correlations with PlanetScope, while GS-

PCA 2 displayed weaker correlations with both. This indicates that the fused data were able 

to preserve relationships with both sensors in terms of spectral and spatial characteristics. 

Classification of the GS-PCA 1 fused image using the Maximum Likelihood algorithm 

achieved the highest accuracy (26.96%), surpassing single-sensor Sentinel-2 (24.35%) and 

PlanetScope (23.48%). Although the improvement remains moderate, these results provide 

empirical evidence that multisensor integration can mitigate the limitations of individual 

satellites. Thus, this study demonstrates that combining the spectral strength of Sentinel-2 

with the spatial sharpness of PlanetScope holds real potential for supporting tree species 

classification in tropical forests. 
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a. Recommendation 

The findings highlight the need to test fusion methods using PCA inputs from a broader 

range of satellite imagery, such as Landsat, SPOT, PlanetScope, and Pleiades, beyond the 

Sentinel-2 and PlanetScope combinations. Integrating multisensor data with diverse spectral 

and spatial characteristics can enrich information and improve the stability of fusion results. 

This approach allows the performance of Gram-Schmidt and PCA methods to be evaluated 

more comprehensively across different sensor contexts. 

In addition, high-resolution multispectral aerial imagery can serve as valuable reference data 

to strengthen validation, reducing reliance solely on satellite sources. Future studies are 

recommended to begin with fewer species to minimize classification complexity, while 

independently collecting field data to ensure quality and representativeness. PCA band 

selection should holistically consider variance, inter-band correlation, and relevance to 

biophysical parameters, thereby improving species classification accuracy in tropical 

forests. 
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