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Abstract

Multi-sensor fusion of optical and synthetic aperture radar (SAR) imagery is widely used for
land cover classification, yet most studies treat heterogeneous sensors as a uniform feature
pool, leaving class-dependent differences in sensor contribution insufficiently quantified. To
address this gap, this study integrates optical and SAR imagery within a Random Forest (RF)
classifier in Google Earth Engine (GEE) and applies a combined SHapley Additive exPlana-
tions (SHAP)—Remove and Retrain (ROAR)—Dbootstrap framework to disentangle, for each
class, which sensor provides which discriminative information and how faithful those attrib-
utions are. The dataset included Sentinel-1/2, Korea Multi-Purpose Satellite (KOMPSAT)-
3A/5, and Landsat-8, representing a range of spatial resolutions and spectral characteristics.
An RF-based machine learning (ML) model was employed to perform multi-sensor data fu-
sion and classification. To address the inherent opacity of ML models, we employed the SHAP
algorithm, an explainable artificial intelligence (XAI) method, to interpret classification deci-
sions. SHAP analysis indicated that visible and near-infrared (NIR) bands, along with vegeta-
tion indices, were the dominant contributors to land cover classification in this study area,
while SAR data provided complementary structural information for spectrally ambiguous tar-
gets, such as roads—a class-dependent role reflected in the stable rank ordering of the Senti-
nel-1 VV contribution across bootstrap replications, rather than in a formally significant mag-
nitude difference. ROAR results were consistent with the top-ranked SHAP features being
those on which the classifier relies, supporting a physically plausible interpretation of ML-
based remote sensing classification. These attributions were robust to estimator choice (SHAP-
permutation g = 0.89) and spatial partitioning (mean o = 0.97 across folds). The contribution of
this study is methodological rather than algorithmic: it provides an integrated analytical
framework that applies SHAP, ROAR, and bootstrap confidence intervals jointly to a specific
multi-sensor land cover problem, demonstrating that interpretability and high classification
accuracy can be reported together. The results demonstrate that optical and SAR fusion con-
tribute differently across land cover classes rather than uniformly, providing practical, class-
specific guidance for sensor selection in operational land cover mapping and improving the
interpretability of machine learning-based mapping workflows.

Keywords: Google Earth Engine; high-resolution imagery; land cover classification;
random forest; SHAP; ROAR; explainable Al; multi-sensor fusion; KOMPSAT
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1. Introduction

Accurate land cover and land use information underpins national land monitoring,
environmental management, and disaster risk assessment. Recent advances in satellite
sensor technology have significantly expanded the availability of Earth observation data.
These include freely accessible medium-resolution imagery from the Sentinel and Landsat
missions, as well as high-resolution commercial data from the Korea Multi-Purpose Sat-
ellite (KOMPSAT) series. Consequently, the integration of multi-sensor satellite data has
become an important research topic in remote sensing-based land cover mapping. Multi-
sensor fusion techniques have been widely explored. Optical imagery provides rich spec-
tral information for discriminating vegetation and water bodies, while synthetic aperture
radar (SAR) data offer all-weather observation capability and sensitivity to surface struc-
ture and texture, particularly in heterogeneous landscapes.

Machine learning (ML) algorithms, such as Random Forest (RF) and deep learning
models, are commonly applied to multi-sensor land cover classification because they can
model complex, nonlinear relationships among input features. Compared to traditional
statistical classifiers, these methods have been reported to achieve higher classification
accuracy in many studies [1-3]. However, their internal decision processes obscure how
individual variables contribute to predictions—a limitation commonly referred to as the
“black-box” problem. In remote sensing applications, this lack of interpretability can re-
duce the reliability and practical applicability of classification results, even when overall
accuracy (OA) is high.

A critical yet underexplored aspect of multi-sensor fusion concerns class-dependent
variation in sensor contributions. Most existing studies treat multi-sensor inputs as a uni-
form feature pool, implicitly assuming that the relevance of optical and SAR data is uni-
form across all target classes. This assumption can mask the possibility that spectrally am-
biguous classes (e.g., roads) benefit disproportionately from SAR structural signatures,
while spectrally distinct classes (e.g., water) are mainly characterized by optical spectral
properties. Without explicit class-dependent attribution, fusion strategies risk being uni-
form where they should be selective, and the scientific interpretation of why a fused
model performs well or fails remains opaque. This study aims to fill this gap by combining
an RF classifier with a Shapley Additive exPlanations (SHAP)—Remove and Retrain
(ROAR)—bootstrap pipeline that quantifies sensor contributions on a class-by-class basis.

Gevaert [4] systematically classified explainable AI (XAI) techniques used in satellite
imagery-based Al and emphasized that XAI for Earth observation should move beyond
purely visual explanations by linking Al-derived results to underlying physical laws,
thereby enabling scientifically meaningful interpretations. Ishikawa et al. [5] proposed the
“What I Know” method, a case-based XAI approach designed to assess the reliability of
deep learning models for remote sensing image classification. They argued that, although
case-based explanations alone cannot meet all interpretive needs, they serve as an essen-
tial complement to feature importance methods such as Local Interpretable Model-agnos-
tic Explanations (LIME) and SHAP. Similarly, Temenos et al. [6] introduced a deep learn-
ing framework that integrates SHAP into land cover classification, demonstrating that
SHAP-based XAI not only enhances interpretability but also fosters user trust without
compromising predictive accuracy.

Recent research has also expanded the scope of XAl in relation to data efficiency.
Chen et al. [7] proposed an open-source interactive tool that integrates XAl techniques
into a Google Earth Engine (GEE)-based land cover classification and monitoring work-
flow. Hohl et al. [8,9] further argued that although ML and deep learning (DL) methods
have demonstrated strong performance across Earth observation (EO) applications, their
opacity necessitates integrating XAl to enhance transparency and interpretability. Their
review confirmed that local approximation methods—such as SHAP, LIME, and Gradi-
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ent-weighted Class Activation Mapping (Grad-CAM)—are among the most widely used
in the remote sensing (RS) domain. They emphasized the importance of developing in-
herently explainable deep learning architectures, establishing quantitative and user-cen-
tered evaluation protocols, and integrating XAI with physical modeling and uncertainty
quantification.

Lee et al. [10] reviewed the potential of few-shot learning to address data scarcity in
RS. They noted that model-agnostic techniques, such as LIME and SHAP, can be extended
to complex Few-Shot Learning (FSL) frameworks, thereby enhancing their applicability
in operational contexts. Zyl et al. [11] evaluated Grad-CAM and SHAP in multivariate
time series energy demand forecasting, confirming their potential as feature selection
tools. Lu et al. [12] combined machine learning algorithms with the SHAP method to ac-
curately extract and analyze desert types and their spatiotemporal changes. By comparing
the performance of five classification algorithms, they identified the RF algorithm as the
most effective model. Lee et al. [13,14] applied an RF model implemented in GEE to pro-
prietary high-resolution satellite imagery for land cover classification in a small study
area. They conducted a comprehensive accuracy assessment and demonstrated the effec-
tiveness of the RF algorithm for this task.

Choubin et al. [15] demonstrated that the XGBoost model achieved the highest flood
susceptibility prediction accuracy, and SHAP-based XAI analysis revealed that distance
to streams, topographic wetness index, and elevation were the most influential factors
governing flood risk. Zhou et al. [16] compared convolutional neural network (CNN)- and
Transformer-based models for wildfire spread prediction using remote sensing data, ap-
plying SHAP, Grad-CAM, and Integrated Gradients to identify the key explanatory fac-
tors underlying model predictions. To interpret the spatiotemporal drivers of surface soil
moisture, Nikraftar et al. [17] employed SHAP to render the predictions of an RF model
applied to surface soil moisture physically and hydrologically interpretable, and to ana-
lyze the non-stationarity of the dominant soil moisture controls across different seasons
and regions. Zheng et al. [18] demonstrated XAl in remote sensing by translating black-
box satellite embedding features into understandable geographic semantics, enabling
more transparent and trustworthy urban land use classification. To evaluate the fidelity
of XAl explanation methods, ROAR measures the degradation in the original model’s per-
formance by removing important input features and retraining a proxy model on the
modified dataset [19].

We acknowledge that the individual methodological components employed in this
study —including RF-based classification, multi-sensor optical-SAR fusion, and SHAP-
driven interpretability analysis—are not novel in themselves and have been widely
adopted in previous studies. Nevertheless, the contribution of this work lies not in pro-
posing a new algorithmic component, but in systematically integrating these established
techniques to address a comparatively underexplored research question: within a fully
fused multi-sensor framework, how do optical and SAR data contribute differently across
individual land cover classes, and to what extent can these class-specific contributions be
quantified in a reliable and interpretable manner?

To make this contrast concrete, we briefly surveyed five recent SHAP-based remote
sensing studies along four methodological dimensions. First, on per-class attribution, the
coverage is partial: Temenos et al. [6] and Chen et al. [7] report only some class-specific
results within broader visualization frameworks, Choubin et al. [15] consider a single tar-
get class (flood susceptibility), Nikraftar et al. [17] focus on driver-level rather than class-
level attribution, and Lu et al. [12] do not separate attribution by class at all. Second, on
sensor role disambiguation across distinct modalities, none of the five studies disentan-
gles optical and SAR contributions. Third, for faithfulness testing via retraining-based per-
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turbation (e.g., ROAR), and fourth, for bootstrapped class-wise confidence intervals, the
same gap applies—none of the five studies addresses either.

We distinguish two kinds of contribution. The methodological contribution is the co-
ordinated application of SHAP, ROAR, and bootstrapped class-wise confidence intervals to
obtain and validate sensor attribution on a class-by-class basis. The scientific contribution is
the empirical finding that optical-SAR complementarity is class-selective: SAR backscatter
carries class-specific discriminative weight for spectrally ambiguous targets (road and the
unclassified mixed-pixel set) while remaining negligible for spectrally distinct classes. We
claim no algorithmic novelty; the value of the study lies in resolving a previously under-
examined, class-dependent question and in its implications for sensor selection.

The contribution is applied and analytical: within a fully fused optical-SAR configu-
ration, we quantify how individual sensors contribute differently across land cover clas-
ses, validate those attributions, and derive sensor selection guidance. Among five recent
SHAP-based remote sensing studies, none jointly provides per-class attribution, optical—-
SAR sensor role disambiguation, retraining-based faithfulness testing, and bootstrapped
class-wise intervals; we provide all four for this land cover mapping problem.

Beyond the core SHAP-ROAR-bootstrap pipeline, we subject the class-dependent
attributions to four robustness checks —permutation importance cross-validation, sensor-
level ROAR, spatial block cross-validation with mountain—plain transfer, and resolution-
bias and sampling-spacing sensitivity analyses—so that the central road-S1_VV finding is
shown to be an artifact neither of the SHAP estimator, of a particular spatial split, nor of
the 2.2 m resampling grid.

SHAP, ROAR, and bootstrap intervals address complementary questions—attribu-
tion fairness, causal faithfulness, and statistical stability —and we use them together be-
cause the research question is itself class-dependent. Therefore, this study aims to simul-
taneously enhance predictive performance and model interpretability in land cover clas-
sification through multi-sensor data fusion. Sentinel-1/2 and Landsat-8 medium-resolu-
tion imagery are combined with high-resolution KOMPSAT-3A/5 data to construct a
multi-sensor dataset over the Jusan-myeon of Jeollabuk-do, Republic of Korea. An RF-
based land cover classification model was developed, and the SHAP algorithm was em-
ployed as an XAl method.

The performance advantage of multi-sensor fusion over single-sensor classification
has been repeatedly demonstrated in prior work [1-3,13,14]. Building on this established
baseline, the present study does not aim to re-establish that advantage. Instead, it takes a
fully fused configuration as a starting point and asks the next, less-explored question:
within such a configuration, how do individual sensors contribute differently across land
cover classes, and how can these contributions be quantified and validated?

The specific objectives of this study are as follows:

(1) to evaluate the complementary contributions of heterogeneous satellite data, in-
cluding optical versus SAR sensors and high- versus medium-resolution imagery;

(2) to identify key discriminative features for major land cover classes (e.g., water,
forest, road, and bare land) using SHAP-based visualization techniques such as summary
plots, beeswarm plots, and dependency plots; and

(3) to enhance the interpretability and reliability of machine learning-based land
cover mapping by linking model predictions to physically meaningful environmental
characteristics, demonstrated over the Jusan-myeon study area in Jeollabuk-do, Republic
of Korea.
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2. Materials and Methods
2.1. Study Area

The study area covers approximately 130 km?2 based on the region of interest (ROI)
delineated for analysis (Figure 1), spanning parts of Jusan-myeon, Boan-myeon, and
Gobu-myeon across the Buan-gun and Jeongeup-si administrative boundary, a region that
collectively encompasses approximately 500 km? in total administrative area. The western
and northwestern sectors feature low- to mid-elevation mountains that are part of
Byeonsanbando National Park, with steep slopes, pronounced relief, and dense forest
cover. The eastern and southeastern plains support intensive agriculture with well-devel-
oped irrigation networks, linear water features, dense rural road networks, and frag-
mented settlements. The high landscape heterogeneity of this area supports its selection
as a test site for evaluating multi-sensor fusion.

[ study Area
[[] sentinel-1
["] Sentinel-2
[C1KOMPSAT-3A
[C] KOMPSAT-5
[]Landsat-8

Figure 1. Study area overview. (Right): Location of the study region spanning Jusan-myeon, Boan-
myeon, and Gobu-myeon in Jeollabuk-do Province, Republic of Korea. (Left): True color composite
of KOMPSAT-3A imagery at 2.2 m resolution.

2.2. Applied Methods

Figure 2 summarizes the adopted integrated multi-sensor data processing and anal-
ysis workflow. Beyond the preprocessing and classification steps detailed below, the
lower-left block of Figure 2 highlights the interpretation and validation stage that distin-
guishes this study: SHAP attribution of the trained classifier is assessed by four comple-
mentary procedures—ROAR, permutation importance, bootstrapped confidence inter-
vals, and spatial cross-validation—which together evaluate the faithfulness and stability
of the class-wise sensor attributions (Sections 2.5-2.9).

https://doi.org/10.3390/app16147247


https://doi.org/10.3390/app16147247

Appl. Sci. 2026, 16, 7247 6 of 35

KOMPSAT-3A
KOMPSAT-5 SAR

KA &

Google EarthEngine il

Registration Sentinel-1 SAR
Mosaicking GRD \
Clipping r T o
Validation: I | ™ ,
© ROAR'.® — NDvI Sentinel-2
Permutation Resampling
Importance, AAAAAAAS
(3 Bootstrap Reference Points 1 ‘_l' l

Cls, @ Cross- for Model Training and ;
Validation Accuracy Check
| I g
'l"' | i | Landsat-8
Random Forest
il =

AccuracyIAssessment

SHAP

Figure 2. Integrated multi-sensor processing and analysis workflow, from GEE-based preprocessing
and Random Forest classification to SHAP interpretation validated by ROAR, permutation im-

portance, bootstrapped confidence intervals, and spatial cross-validation.

Land cover classification was performed using a combination of Sentinel-1 SAR (Tha-
les Alenia Space, Rome, Italy), Sentinel-2 (Airbus Defence and Space, Friedrichshafen,
Germany), KOMPSAT-3A (KARI Daejeon, Republic of Korea), KOMPSAT-5 SAR (KARI,
Daejeon, Republic of Korea), and Landsat-8 (Orbital Sciences, Gilbert, AZ, USA) imagery.
Because these sensors differ in spatial resolution and physical observation characteristics,
systematic preprocessing and feature construction were essential for effective data inte-
gration. All datasets were geometrically aligned and spatially harmonized in GEE, then
mosaicked and clipped to the study area. Vegetation indices derived from Sentinel-2 and
Landsat-8 were incorporated alongside spectral bands, while SAR backscatter features
from Sentinel-1 and KOMPSAT-5 captured structural and surface roughness information.
The resulting multi-sensor feature set was used to train an RF classifier with reference
samples, enabling both classification and accuracy assessment.

RF was selected because it integrates well with SHAP-based interpretation, captures
nonlinear feature interactions, and provides a tree-based framework suitable for explain-
able ML analyses. SHAP values quantify the contributions of individual features, and
ROAR measures performance degradation as features are progressively removed. To re-
duce spatial autocorrelation, a minimum inter-sample distance of 50 m was enforced. De-
spite modest per-class sample sizes (200 training and 50 validation), stratified allocation
across six classes aimed at balanced representation; the resulting Kappa coefficients, well
above chance, are consistent with this design.

The choice of 250 samples per class reflects an explicit trade-off between statistical
desirability and the spatial-independence constraint of this study area. For spatially frag-
mented minority classes such as road —which occur as narrow linear features rather than
contiguous patches—only approximately 250-300 pixels satisfy both the class-purity cri-
terion (verified on the 2.2 m KOMPSAT-3A composite) and the spacing rule across the
entire scene. We therefore adopted 250 samples per class as the operational maximum
compatible with sample independence, prioritizing independence over nominal sample size;
the spacing rule itself is justified in detail in the following paragraph. Consequently, the
relatively wide bootstrapped F1 confidence intervals reported in Section 3.1 reflect the vali-
dation-set size dictated by the study-area geometry rather than a methodological oversight.

The 50 m minimum inter-sample distance was selected as a conservative, scene-level
value rather than from a scene-specific variogram. It lies at or above the lower bound of
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the 30-80 m autocorrelation ranges commonly reported at fine spatial resolution for the
dominant cover types of this study area—forest, agriculture, and rural built-up—so that,
for those types, the spacing exceeds the distance over which samples are expected to be
strongly correlated. It was deliberately not set larger because the spatially fragmented
classes, in particular roads, yield only approximately 250-300 pixels scene-wide that sat-
isfy both the class-purity criterion and the spacing rule; a larger threshold would render
per-class validation infeasible for these classes. Because a single threshold cannot be opti-
mal for every cover type, we verify, through spatial block five-fold cross-validation with
1 km blocks far larger than the autocorrelation range, that the class-dependent attribution
conclusions are preserved (mean Spearman’s @ = 0.97 across folds).

To confirm that the 50 m threshold does not, by itself, drive the attribution results,
we repeated the sampling with minimum inter-sample spacings of 30, 40, 50, 70, and 100
m. For each spacing, class-pure samples were redrawn, the Random Forest was retrained
under the fixed hyperparameters in Section 2.4, and the global mean|SHAP| rankings
were recomputed; ranking stability was quantified by Spearman’s rank correlation rela-
tive to the 50 m reference (Section 3.5).

The land cover classification scheme was designed to reflect the characteristics of the
study area, which represents a mixed urban-rural landscape. Based on the predominant
land surface types observed, six classes were defined: water, forest, bare land, vegetation,
road, and unclassified. The unclassified class was deliberately introduced to prevent
boundary and mixed pixels from contaminating training samples of the five physically
defined classes. By isolating spectrally ambiguous pixels into a separate category, the pu-
rity of the training data for the primary classes is expected to improve, thereby enhancing
the reliability of SHAP-based feature attribution for those classes.

The unclassified samples used for training and validation were not drawn indiscrim-
inately from all boundary or mixed-pixel regions; rather, they were selected by visual in-
spection on the high-resolution KOMPSAT-3A composite as pixels that simultaneously
failed to satisfy the spectral and structural prototypes of any of the five physically defined
classes. Consequently, the class-wise accuracy reported for the unclassified category in
Section 3.1 should be interpreted as the model’s ability to recognize this curated set of
clearly ambiguous prototypes, rather than as a generic measure of performance on all
mixed-pixel regions of the scene. This sampling design protects the SHAP-based attribu-
tions of the five primary classes from contamination by mixed signals, which is the prin-
cipal motivation for introducing the unclassified category in the first place.

For each class, 200 samples were allocated to the training dataset and 50 to the vali-
dation dataset, for a total of 1500 samples. The training-to-validation data ratio was set to
8:2. Rodriguez-Galiano et al. [20] reported that RF can maintain robust classification accu-
racy in land cover mapping with as few as 100 training samples per class across 14 classes.
In addition, Belgiu and Dragut [21] identified key determinants of RF performance —in-
cluding representativeness, class balance, and independence of the training data—and
demonstrated its effectiveness even with limited training samples.

2.3. Data Sources and Data Preprocessing

To capture land surface characteristics across different spatial resolutions and spec-
tral properties, multi-sensor satellite data were integrated (Table 1). High-resolution opti-
cal imagery from KOMPSAT-3A, with a spatial resolution of 2.2 m (multispectral), was
used to acquire detailed surface information, while structural and textural features were
obtained from KOMPSAT-5 SAR imagery.

In addition, Sentinel-1 and Sentinel-2 data from the European Space Agency (ESA)
were obtained through the GEE platform. Sentinel-1 C-band SAR imagery contributed all-
weather backscattering information, whereas Sentinel-2 optical imagery, with a spatial
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resolution of 10 m, supplied spectral bands including red, green, blue, and near-infrared
(NIR), which are particularly effective for vegetation analysis.

Landsat-8 Operational Land Imager data from the United States Geological Survey
(USGS) were also incorporated to enhance medium-resolution spectral coverage at 30 m
spatial resolution. All satellite images were selected from May 2022, corresponding to the
peak growing season, when vegetation vigor is high and land cover discrimination is most
effective (e.g., Sentinel acquisitions on 5 May and 17 May).

Table 1. Applied data.

Data Sensor Data Type Acquisition Date Source Resolution
Sentinel-1 VV (IW, GRD) 5 May 2022 GEE API 10 m
Sentinel-2 R, G, B, and NIR 17 May 2022 GEE API 10 m

KOMPSAT-3A R, G, B, and NIR 1 May 2022 KARI 22m

KOMPSAT-5 VH (GTC) 2 May 2022 KARI 1m

Landsat-8 R, G, B, and NIR 4 May 2022 GEE API 30 m

Note: Sentinel-1—Interferometric Wide-swath (IW) mode, GRD product, ascending orbit, VV po-
larization; preprocessed (Sentinel-1 GRD pipeline) with thermal-noise removal, radiometric calibra-
tion to 0% and Range-Doppler terrain correction. Sentinel-2—Level-2A surface reflectance product.
Landsat-8 —Collection-2 Level-2 surface reflectance product. KOMPSAT-3A —orthorectified, radio-
metrically calibrated Level-1G optical product. KOMPSAT-5—Geocoded Terrain Corrected (GTC)
product, VH polarization. All layers were co-registered and resampled to a common 2.2 m grid
(Section 2.3).

Because the multi-sensor datasets were acquired from different sensors and plat-
forms, we applied several preprocessing steps to ensure spatial and radiometric con-
sistency. We first performed geometric registration and mosaicking to unify the coordi-
nate systems and to generate seamless imagery covering the study area. Next, we clipped
the images to the region of interest. To integrate the resulting layers across heterogeneous
spatial resolutions, all images were resampled to a common pixel size of 2.2 m, matching
the multispectral resolution of the KOMPSAT-3A sensor. Because optical imagery is more
widely used and high-resolution imagery is particularly important, the highest-resolution
optical image was used as the reference for resampling. Sentinel-2 and Landsat-8 images
were resampled using a bilinear interpolation method to ensure spatial consistency across
multi-sensor inputs. Finally, to enhance vegetation-related classification performance, the
normalized difference vegetation index (NDVI) was calculated from Sentinel-2 and Land-
sat-8 spectral bands and included as an additional input feature for model training.

The 2.2 m common grid was selected to preserve the spatial detail of KOMPSAT-3A.
Downsampling KOMPSAT-5 SAR from 1 m to 2.2 m reduces sub-meter textural detail;
however, SAR backscatter intensity is governed primarily by surface dielectric properties
and large-scale roughness, which remain spatially coherent well above 1 m, so the result-
ing loss is confined to sub-classification scales.

To bound the effect of resampling KOMPSAT-5 from its native 1 m to the 2.2 m com-
mon grid, we quantified, for each class, the fraction of K5_VH texture (local variance and
GLCM contrast) retained at 2.2 m relative to 1 m and estimated an optimistic upper bound
on the K5_VH global rank under the assumption that all high-frequency details lost in
resampling were fully recovered (Section 3.4).

2.4. Random Forest Classification

An RF algorithm—an ensemble-based machine learning method —was applied to
perform land cover classification. RF constructs multiple decision trees from randomly
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selected subsets of input features and training samples and determines the final class by
aggregating the outputs of individual trees.

This approach is effective at reducing overfitting and well-suited for handling high-
dimensional, heterogeneous remote sensing data. Reference samples were extracted from
the study area using ground-truth data and used to generate reference points for model
training and validation. The reference dataset was split into training and test sets to opti-
mize model performance and assess classification accuracy.

Land cover classification was performed using the RF algorithm under three different
experimental conditions. GEE provides the ee.Classifier.smileRandomForest method,
which requires six arguments for the RF algorithm [22]. The details and values applied to
each of these six arguments are presented in Table 2. These values were adopted from our
prior land cover mapping studies [13,14] rather than optimized for the present scene, and
were held fixed.

To ensure that the performance differences across the experimental configurations
reported in Section 3 are attributable to input feature composition rather than to model
re-optimization, the RF hyperparameters in Table 2 were held fixed across all experi-
ments—the configuration comparison (Section 3.1), the SHAP analysis (Section 3.2), and
the ROAR-based feature removal procedure (Section 2.6). Evaluating a single classifier
under fixed hyperparameters is therefore a deliberate design choice rather than a limita-
tion: the factor of interest is the sensor/feature composition, and introducing a second
classifier would reintroduce model architecture as a confounder. Random Forest is also
the operational classifier exposed by GEE, which was validated on the same data family
in our prior work [13,14] and was found to be most effective among five algorithms in a
comparable study [12].

Table 2. Parameters of the Random Forest algorithm in Google Earth Engine.

Items Value
The number of decision trees 100
The number of variables per split
minimum leaf population 1
The fraction of input to the bag per tree 0.5
The maximum number of leaf nodes in each tree 1000
The randomization seed 0

2.5. SHAP-Based Model Interpretation

We used SHAP [23] to interpret the trained RF model and to quantify the contribu-
tion of each input feature to its predictions; SHAP values were then computed to evaluate
the influence of individual input features on the model output.

RF training was conducted within GEE using the ee.Classifier.smileRandomForest
method. For SHAP analysis, the trained model’s predictions on the validation samples
were exported from GEE, and an equivalent RF was retrained locally using scikit-learn
with identical hyperparameters (Table 2). SHAP values were then computed using the
TreeExplainer module of the SHAP library, which provides exact Shapley values for tree-
based ensemb]es.

Several SHAP visualization tools were used for interpretation. Stacked summary
plots were applied to derive global feature importance across all land cover classes at the
sensor and band levels. Beeswarm plots were used to visualize whether high or low fea-
ture values had positive or negative effects on predictions for specific classes, such as wa-
ter bodies and forest areas. In addition, dependency plots were generated for key varia-
bles, including NDVI, to analyze the sensitivity of model predictions to changes in feature
values and to verify their physical relevance.
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Let a sample (pixel or object) be represented by features from multiple sensors as x =
[xtopt), x(san), x(@n9)], where x(opt) denotes optical spectral bands, x(sar) denotes SAR backscat-
ter features, and x(anc) denotes ancillary variables such as vegetation indices. As for the
class-c output of an RF classifier with T trees,

£0) =281y foe () (1)
For each feature i € N, the SHAP value for class c is
(LGS Ui = £505) 2)

where ¢f is the SHAP value of feature i for class ¢, N is the set of all features, S € N \ {i}
is any subset of features excluding i, || denotes set cardinality, and f is the class-c pre-

IS|-(INT=|S]-1)!

¢ic = ZSQN\{i} N

dicted probability-obtained when only the features in S are present.
The model prediction admits the following additive decomposition.

g(x) = ¢ + LjL1 ¢fx) 3)

where g is the SHAP explanation model defined on the simplified (coalition) input X'; ¢g
is the baseline (expected) prediction value for class ¢; ¢; is the SHAP value of feature j
for class c (consistent with Equation (2)); and M = IN| is the number of features. The var-
iable xj’ € {0, 1} is the simplified-input (coalition) indicator: x;' =1 if feature j takes its orig-
inal value, 0 if it is marginalized out. When all features are present (x/' = 1 for all j), the
explanation model recovers the class-c prediction, g(1) =fo(x). ¢§ is the baseline (expected)
prediction value for class c. ¢5 is the SHAP value of feature j to the class-c predicted
probability.

We note that TreeExplainer computes exact Shapley values for the tree ensemble; the
interventional-versus-path-dependent choice governs how correlated features share
credit, not the accuracy of the computation. To guard against the tendency of any single
attribution method to split importance among correlated predictors, we rely on ROAR as
an independent, retraining-based faithfulness test that does not use SHAP’s internal
mechanism: if a high SHAP rank reflected mere correlation rather than model dependence,
removal-and-retraining would not degrade performance faster than random removal —
yet it does (Section 3.2), supporting the rankings track genuine model dependence.

We adopt SHAP as the primary attribution method because TreeExplainer computes
exact Shapley values for tree ensembles. Gradient-based methods such as Integrated Gra-
dients and Grad-CAM are designed for differentiable neural networks and are not directly
applicable to the non-differentiable Random Forest classifier used here. To guard against
estimator-specific artifacts, we cross-check the SHAP rankings against permutation im-
portance—a model-agnostic measure independent of SHAP’s internal mechanism (Sec-
tion 2.7) —and against the retraining-based ROAR test (Section 2.6).

For clarity, we use the following terms consistently throughout the manuscript: a
feature contribution is the SHAP value of a single input band or indeXx; a sensor contribu-
tion is the aggregate of the feature contributions belonging to one sensor; and sensor role
attribution refers to the class-conditional pattern of sensor contributions —that is, which
sensor provides discriminative information for which class.

2.6. ROAR Evaluation

ROAR is a benchmark method for evaluating feature importance estimates from XAI
models [24-26]. This procedure systematically removes features identified as important
by the XAl method, then retrains the model on the modified dataset to quantify the result-
ing degradation in predictive performance.

ROAR is commonly used to assess the reliability of post hoc explanation methods,
such as SHAP, by examining whether removing highly ranked features results in a sub-
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stantial drop in model accuracy. Furthermore, it provides a comparative baseline against
alternative perturbation strategies, including random removal and edge-based removal,
thereby enabling a more rigorous validation of whether the identified features genuinely
contribute to model decision-making. ROAR evaluates explanation faithfulness by meas-
uring performance degradation after feature removal.

. 2?:1(1 _ ACC(H)) 4)

ROAR =
Acc(0)

1
M
where M is the total number of input features, k is the number of features removed in the k-th
removal step (ordered by descending SHAP importance), ACC(k/M) is the OA after retraining
with the top-k features removed, and ACC(0) is the baseline accuracy using all features.

In all ROAR experiments, the RF hyperparameters were held fixed at the values spec-
ified in Table 2 (100 trees, 6 variables per split, seed = 0) to isolate the effect of feature
removal from model re-optimization. The random-removal baseline was constructed by
repeating each removal step on a randomly selected subset of features of the same cardi-
nality as the SHAP-ranked set, averaging over five independent random orderings to re-
duce baseline variance.

ROAR was chosen over alternative faithfulness metrics for three reasons. First, be-
cause it relies on retraining rather than on simple input perturbation, it is less susceptible
to the out-of-distribution artifacts that can arise when removed features are masked or set
to a constant—operations that may push the modified inputs outside the model’s learned
data distribution and thereby distort the measured importance [25]. Second, ROAR has
become a de facto standard benchmark for the empirical evaluation of feature attribution
faithfulness in the broader XAl literature [19,25]. Third, the retraining cost is modest for
tree-based ensembles such as RF, which makes the procedure computationally tractable
across the full sequence of feature removal steps reported in Section 3.

2.7. Permutation Importance

To verify that the feature rankings are not specific to SHAP —which can distribute
importance ambiguously among correlated predictors—we additionally computed per-
mutation importance, a model-agnostic measure that quantifies the increase in prediction
error when the values of a single feature are randomly shuffled. For each feature, valida-
tion accuracy was re-evaluated after permuting its values, with the process repeated 30
times to obtain a mean and standard deviation. Global rankings from SHAP
(mean|SHAPI) and permutation importance were compared using Spearman’s rank cor-
relation and the overlap of their top-ranked features [27-29]. To test the central, class-
dependent claim, we also computed the class-wise permutation importance of S1_VV —
the decrease in each class’s Fl-score when S1_VV was permuted —and compared it
against the per-class mean|SHAP| of S1_VV.

Global Permutation Importance (PI) based on OA is represented as,

1
Plj = =R 1 (Aorig — A7) )

where Aorig denotes the original (unpermuted) validation OA, A](:T) denotes the validation
accuracy obtained after randomly permuting feature j during the r-th repetition, and R is
the number of repetitions. Larger values of Pl; indicate greater importance of feature j. In
addition to the mean importance, the standard deviation, SD(A}:T)) was also reported to
quantify variability across repetitions.

Class-wise PI based on F1 Score is as follows,

) .
PIf = 23R, (F17 - F10) ) ©)
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™)

cjm denotes the F1 score of

where F129  denotes the original F1 score of class ¢, and F1
class c obtained after randomly permuting feature j during the r-th repetition. This metric
directly measures the decrease in the F1 score of a specific class when feature j is disrupted.
This formulation directly quantifies the class-specific performance degradation caused by
perturbing feature j. It was therefore employed to evaluate whether the contribution of

S1_VV is disproportionately larger for the road class than for the other land cover classes.

2.8. Sensor-Group Attribution and Sensor-Level ROAR

To translate the band-level attributions of Section 2.5 into sensor selection guidance,
we aggregated the SHAP values to the sensor level. Each of the 16 input features was
assigned to one of five sensor groups: Sentinel-1 (S1_VV); Sentinel-2 (52_B, S2_G, S2_R,
S2_NIR, S2_NDVI); KOMPSAT-3A (K3_B, K3_G, K3_R, K3_NIR); KOMPSAT-5 (K5_VH);
and Landsat-8 (L8_B, L8_G, L8_R, L8_NIR, L8_NDVI).

Because the SHAP decomposition is additive (Equation (3)), the contribution of a sen-
sor group g to the class-c prediction of a sample equals the sum of the SHAP values of its
member features,

D(g,)=Xieg P (i, ©) @)

where ¢(i,c) is the SHAP value of feature i for class ¢, indicating its contribution to the
class prediction.

We summarized the global, class-wise importance of each sensor as the mean abso-
lute grouped value, mean|®(g,c)l, over all samples of class c, yielding a sensor-by-class
attribution matrix.

To test whether these grouped attributions are faithful in the ROAR sense, we ex-
tended the feature-level ROAR of Section 2.6 to the sensor level. Sensor groups were re-
moved in descending order of their importance; after each removal, the RF was retrained
with the fixed hyperparameters in Table 2 and re-evaluated, and OA and class-wise F1
scores were recorded. A random-removal baseline was constructed by removing feature
subsets of the same cardinality as each sensor group, averaged over five independent or-
derings. Sensor-level ROAR, therefore, measures, for each class, how much discriminative
information is carried by an entire sensor rather than by individual bands, and is directly
interpretable as the cost of omitting that sensor from the acquisition plan.

2.9. Spatial Cross-Validation and Attribution Stability

The accuracy reported in Section 3.1 was based on a random 8:2 split, which can be
optimistically biased even after the 50 m minimum-distance rule due to residual spatial
autocorrelation. To assess this, we re-evaluated the classifier under spatial cross-valida-
tion. The study area was partitioned into contiguous square blocks of about 1 km x 1 km—
substantially larger than the dominant autocorrelation range of the principal cover types
(Section 2.2) —and the blocks were assigned to five folds so that all samples within a block
were kept in the same fold (spatial block k-fold). The RF was trained on four folds and
evaluated on the held-out fold under the fixed hyperparameters of Table 2, and OA,
Kappa, and class-wise F1 were averaged across folds. As an additional stress test of spatial
transferability, we trained on samples from the western mountainous sector and tested on
the eastern plain, and vice versa.

To determine whether the class-dependent attribution conclusions are robust to spa-
tial partitioning, we recomputed the per-class SHAP rankings within each spatial fold (re-
training the surrogate per fold) and quantified their stability using Spearman’s rank cor-
relation between the fold-wise mean|SHAP| orderings. We additionally tracked two di-
agnostic ranks: the positions of the three top-ranked optical visible features and the rank
of S1_VV within the road class.
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3. Results
3.1. Classification Results

Figure 3 presents a comparison of OA and Kappa coefficients across the three input
configurations. All three settings achieved stable performance (OA: 89-91%; Kappa: 0.87—
0.89), with configuration (c) —incorporating KOMPSAT-3A(K3), KOMPSAT-5 (K5), Senti-
nel-1 (S1), Sentinel-2 (S2), Landsat-8 (L8) with NDVI from both Sentinel-2 and Landsat-
8 —yielding the highest OA (91%) and Kappa (0.89). Figure 3 is not intended as a strict
ablation aimed at proving the superiority of multi-sensor fusion over single-sensor ap-
proaches; the latter is well established in prior work [1-3,13,14]. Rather, the three config-
urations serve as a sensitivity check on the baseline used for SHAP interpretation. All
three configurations achieve Kappa > 0.87, satisfying the prerequisite for stable SHAP-
based attribution, with the full configuration (c) marginally outperforming the reduced
sets. The narrow ~2% OA spread is therefore best interpreted as evidence that the SHAP
rankings reported in Section 3.2 are not artifacts of a particular feature subset, but reflect
a stable underlying structure across reasonable input configurations.

Figure 4 illustrates the spatial distribution of land cover classes generated through
the integration of KOMPSAT-3A/5, Sentinel-1/2, Landsat-8, and NDVI derived from Sen-
tinel-2 and Landsat-8. The confirmed classes include water, forest, bare land, vegetation,
road, and unclassified areas, and the resulting map broadly agrees with the known land
use patterns of the study area.

% 91.00 0%
89.00 89.33 ; 0.89

o 087 087 0.90
g s 0.85
g
v =
g & 020 &
£ 75 o
> 0.75 o
£ 7 070 X
o 2
< 65 065 3
g
g 60 0.60

55 0.55

50 0.50

(a) (b) (c)
- Overall Accuracy Kappa Coefficient

Figure 3. Model performance comparison. Overall accuracy (OA) and Kappa coefficient across three
input feature configurations: (a) K3 + K5+ S1 +S2 + L8 + NDVI(S2); (b) K3 + S1 + S2 + L8 + NDVI(S2);
(c) K3 +K5 +S1 + 52 + L8 + NDVI(S2) + NDVI(LS8).

.. - Water Class
= [ Forest Class
Bare Class
Vegetation Class
: 4 > - Road Class
b d 3 o 1 ? 3 2% \ 0 undassified Class

Figure 4. Land Cover classification using KOMPSAT 3/5, Sentinel-1/2, Landsat-8, and NDVI of Sen-
tinel-2 and Landsat-8. Background map © Google Maps (Korean-language version).
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Water bodies form continuous, clearly delineated spatial patterns along rivers and
reservoirs, while forest and vegetation classes correspond well to mountainous and agri-
cultural regions. Road features retain their characteristic linear geometry in both urban
and rural environments, suggesting an optical-SAR complementarity, where SAR struc-
tural cues may help separate roads from spectrally similar surfaces. In contrast, unclassi-
fied areas are primarily concentrated along class boundaries and in mixed-pixel regions,
likely arising from complex land cover compositions or inconsistencies among multi-sen-
sor signals. These classification results provide context for the SHAP analyses and support
their physical plausibility.

Table 3 presents the confusion matrix and class-wise F1-scores with 95% Bootstrap-
ping Confidence Interval (CI) for the multi-class land cover classification results. Reason-
ably high accuracy is achieved across all classes, with balanced precision and recall, and
the resulting Fl-scores remain stable and consistent; the sample-size-related uncertainty
is quantified below (Wilson interval) and discussed in Section 4. Bootstrapped 95% Cls
(10,000 iterations, pixel-level, two-sided percentile method) were computed for the class-
wise Fl-scores to quantify the performance uncertainty. Resampling was performed
within each class (the validation pixels of each class were resampled with replacement);
class proportions are therefore preserved by construction, and the procedure is stratified
at the class level. Because resampling is performed at the validation-pixel level, the re-
ported intervals quantify sampling variability conditional on the trained model and do
not propagate variability across alternative RF seeds; the latter is addressed separately by
the seed-controlled ROAR runs reported in Section 3.2.

The water class achieved a correct classification rate of 90%, with a limited proportion
of samples misclassified as forest (4%) and vegetation (4%). Despite these minor confu-
sions, the water class achieved a relatively high F1 Score of 0.891. The forest class achieved
the highest correct classification rate (96%) and an F1-score of 0.960, representing the best
performance across all classes. This result suggests that, in this study area and season, the
forest class is spectrally and structurally well separated from other land cover types.

For the bare land class, 92% of samples were correctly classified, while a small frac-
tion was misclassified as vegetation (4%) or road (2%). Nevertheless, the bare land class
maintains a relatively high F1-score of 0.885. The vegetation class showed a correct classi-
fication rate of 90% but a higher misclassification rate into the bare land class (8%), reflect-
ing the spectral similarity between the two classes. Consequently, the vegetation class rec-
orded a comparatively lower F1-score of 0.865.

The road class achieved 88% accuracy, with misclassifications primarily occurring in
the water (6%) and vegetation (4%) classes. Despite this, the road class attained a high F1-
score of 0.917 in this evaluation setting. The unclassified class also showed stable results
(90% classification rate, F1 = 0.947), which supports the model’s performance in ambigu-
ous regions. The residual bare land—vegetation confusion noted above suggests further
opportunity for class-specific feature engineering.

We emphasize that ‘unclassified” is not a land cover type but a curated set of deliber-
ately ambiguous boundary/mixed-pixel prototypes, introduced to protect the SHAP at-
tributions of the five physical classes from contamination (Section 2.2); its F1-score should
be read as the model’s ability to recognize this curated ambiguous set, not as a land cover
mapping accuracy. To make the five-class performance explicit, we additionally report
metrics computed over the five physical classes only (derived from Table 3): OA 91.2% and
macro-F1 = 0.90. The ‘unclassified” SHAP pattern is presented as a descriptive observation
about feature dispersion in ambiguous regions, not as a tested hypothesis.

For a per-class validation set of n =50 at an accuracy near 0.90, the closed-form Wilson
95% half-width for a proportion is approximately +0.08; the wide bootstrap intervals are
therefore the precision this sample size affords, and the class-dependent claims should be
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read as statements about stable rank ordering rather than about statistically significant
magnitude differences.

Table 3. Confusion matrix (%) and F1-scores with bootstrapped 95% confidence intervals (within-
class stratified) for the multi-class land cover classification; intervals are approximate lower bounds

on uncertainty.

Water Forest Bare Land Vegetation Road Unclassified F1-Score (95% CI)

Water 90 4 2 4 0 0 0.891 [0.821, 0.948]
Forest 2 96 0 2 0 0 0.960 [0.914, 0.991]
Bare Land 2 0 92 4 2 0 0.885 [0.812, 0.943]
Vegetation 2 0 8 90 0 0 0.865 [0.787, 0.929]
Road 6 0 2 4 88 0 0.917 [0.851, 0.968]
Unclassified 0 0 4 4 2 90 0.947 [0.893, 0.989]

3.2. SHAP Analysis and Feature-Level ROAR

For the SHAP visualizations, 1500 samples were used in the beeswarm and depend-
ency plots, yielding 250 samples per class. These plots were generated using the full da-
taset to evaluate the overall contribution patterns of each spectral band across samples. In
contrast, the waterfall plot was constructed using one representative sample per class—
specifically, the sample with the highest predicted probability for that class —resulting in
a total of 6 samples.

Figure 5 presents global feature importance ranked by mean absolute SHAP value.
Optical bands dominated the ranking, with visible-band features (K3_B, S2_B, 52_R) at
the top, suggesting that visible-wavelength information is a dominant contributor to class
discrimination in this case.

Additional high-ranking variables include K3_R, K3_G, K3_NIR, S2_NIR, and NDVI
from Sentinel-2 and Landsat-8, indicating that visible-NIR combinations and vegetation
indices also contribute substantially to class discrimination. SAR features rank lower over-
all but provide complementary class-specific structural information.

K3_B
s2.B
s2_R
K3_R
K3_G

52_NDVI

K3_NIR
L8_NDVI
S2_NIR
18_B
S1_WW

s2.6

- Water Class
- Forest Class

Bare Land Class

L8_NIR

L8_R

Vegetation Class

- Road Class
- Unclassified Class

0.00 0.05 0.10 0.15 0.20 0.25

18_G

K5_VH

Figure 5. Global feature importance via a stacked SHAP summary plot, showing the mean absolute

SHAP values across all land cover classes; features are ranked by descending importance.
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Three full-feature accuracies are relevant to the SHAP and ROAR analyses, and we
label them explicitly to avoid ambiguity. The GEE single-split baseline (OA = 91.0%,
Kappa = 0.89; Section 3.1, Table 3) is obtained from the GEE-trained RF on the fixed 50-
pixel-per-class validation set and is the value reported for the configuration comparison
and confusion matrix. For SHAP and ROAR, an equivalent RF was retrained locally in
scikit-learn with identical hyperparameters (Table 2); this scikit-learn single-split baseline
attains OA = 90.0% on the same validation set. The two implementations agree closely:
they produce identical predictions on 96.7% of validation pixels (prediction x = 0.96; per-
class agreement 94-98%, road 98%). The 1.0-percentage-point OA difference is therefore
negligible, and this high pixel-level agreement indicates that SHAP values computed on
the scikit-learn surrogate are representative of the GEE classifier.

The third quantity, the scikit-learn ROAR mean baseline (OA = 0.855 at k = 0; Figure 6),
is not a separate model but the average full-feature accuracy across the five seed-con-
trolled retraining runs (seeds 0—4) that constitute the ROAR protocol. It is the appropriate
reference point for the degradation curves in Figure 6, in which each removal step retrains
the RF under the fixed hyperparameters of Table 2 and is evaluated on the same validation
split. The =5-percentage-point gap between the scikit-learn single-split baseline (90.0%)
and the ROAR mean baseline (85.5%) thus reflects run-to-run averaging within the ROAR
protocol rather than any methodological inconsistency. Run-to-run variation is small (OA
SD < 0.01 at every removal step, including k = 0), so re-training the RF under different
seeds does not materially alter the validation OA.

The SHAP-based ROAR analysis showed a consistent pattern across Figure 6a—c. The
five repetitions used random feature orderings with seeds 0—4 (for the baseline random
removal), while the RF model used seed 0 throughout. The shaded bands in Figure 6b,c
represent +1 standard deviation across the five runs, confirming low run-to-run variance
(OA std < 0.01 at each removal step), which supports the run-to-run stability of the re-
ported ROAR curves. Although the single-split classification results reported in Section
3.1 were obtained with a single RF random seed (seed = 0), the seed-controlled five-run
ROAR experiment provides an indirect but informative bound on RF stochasticity for the
same data and hyperparameter configuration. The observed run-to-run OA standard devi-
ation below 0.01 at every removal step—including at k =0 (no features removed) —indicates
that re-training the RF under different seeds does not materially alter the validation OA. The
observed run-to-run OA standard deviation below 0.01 at every removal step —including at
k = 0—indicates that re-training the RF under different seeds does not materially alter the
validation OA, so the five-run ROAR statistics already constrain seed-induced variability to
a magnitude that does not affect the qualitative conclusions of Section 3.

Figure 6a presents the feature importance ranked by the mean absolute SHAP values,
indicating that variables such as K3_B (0.28), S2_B (0.23), and S2_R (0.19) exert the greatest
influence on the model output. Figure 6b compares the degradation in OA when top-
ranked SHAP features are progressively removed against a random feature removal base-
line. The SHAP-based ROAR curve showed a steeper decline in performance, supporting
the faithfulness of the SHAP rankings. Figure 6c illustrates the results of five repeated
experiments, showing a gradual decrease in performance metrics as the number of re-
moved features increased, with OA declining from 0.855 to 0.581, Kappa from 0.826 to
0.497, and Macro-F1 exhibiting a similar downward trend. This pattern supports the ro-
bustness and reproducibility of the ROAR framework.

We quantify the class-level faithfulness gap as the cumulative F1 difference between
the random-removal and SHAP-guided removal curves in Figure 7, summed across the
16 removal steps and expressed as F1 percentage points. Larger values, therefore, indicate
a class whose performance collapses faster under SHAP-guided than under random re-
moval. Ordered by this measure, the gap is largest for the road class (15.47 F1 points) —
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which relies on only a few top-ranked features, including S1_VV —and for the unclassified
boundary/mixed-pixel class (6.23); it is moderate for vegetation (5.89), bare land (3.59),
and water (2.49); and smallest for the forest class (1.12), whose redundant optical infor-
mation makes it robust to feature removal.

We emphasize that the ROAR procedure constitutes a comprehensive 16-step abla-
tion study. At each removal step k € {1, ..., 15}, the model is retrained with the top-k
SHAP-ranked features removed, yielding a complete trajectory of performance as features
are progressively reduced. Compared against the random-removal baseline, this trajec-
tory provides finer-grained ablation information than any small set of discrete ablation
experiments could offer.

Notably, even at 90% feature removal, the OA (0.581) remains substantially above
the six-class chance level (#0.167), indicating that the two retained features still encode
considerable discriminative information.

To quantify this redundancy structure, we computed the pairwise Pearson correla-
tion among the 16 features. The visible bands of the three optical sensors (Sentinel-2,
KOMPSAT-3A, Landsat-8) are strongly inter-correlated (mean Irl = 0.76 over 36 within-
block pairs), whereas the two SAR features (S1_VV, K5_VH) are only weakly correlated
with the optical block (mean 1| =0.13 over 28 SAR-optical pairs). This contrast in redun-
dancy structure explains both the slow ROAR collapse for optically redundant classes
(e.g., forest), whose discriminative information is distributed across many mutually sub-
stitutable bands, and the steep collapse for the road class, whose discriminative infor-
mation concentrates in the weakly redundant S1_VV.

Consequently, the ROAR-derived faithfulness evidence is interpreted as relative ra-
ther than absolute: the SHAP-ranked removal curve degrades the model appreciably
faster than random removal, but full collapse to chance-level performance is not expected
for a feature set dominated by partially redundant optical variables.
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Figure 6. SHAP-based ROAR validation results from five repeated experiments. The k = 0 starting
point in (a—c) reports the ROAR mean baseline OA (= 0.855), which is the average across five seed-
controlled retraining runs and is therefore distinct from the single-split baseline OA of 91.0% re-

ported in Section 3.1 (Table 3). (a) SHAP feature importance ranking (mean |SHAP| values); (b)
https://doi.org/10.3390/app16147247


https://doi.org/10.3390/app16147247

Appl. Sci. 2026, 16, 7247

18 of 35

=
o
S

o
]
u

class-wise F1
© © o
o N w
o (6} o

=
o
o

o
\.I
w

class-wise F1
o ©
N w
L‘)'l o

o

o

o
o

ROAR curves comparing OA degradation (SHAP-ranked vs. random feature removal), reporting A
OA from the ROAR mean baseline; (c¢) Performance metrics (OA, Kappa, Macro-F1) across 5 runs

as features are removed (k = 0-16).

== random removal
—— SHAP-guided removal

(d) (e) (f)

25

50 75 100 O 25 50 75 100 O 25 50 75 100

% top features removed % top features removed % top features removed

Figure 7. Class-conditional ROAR: per-class F1 under SHAP-guided (solid) vs. random (dashed)
feature removal. (a) Water class, (b) Forest class, (c) Bare land class, (d) Vegetation class, (e) Road
class, (f) Unclassified class. The shaded area marks the faithfulness gap (the cumulative F1 separa-
tion between the random and SHAP-guided curves over all removal steps, in F1 percentage points;
values reported in Section 3.2). Road (e) and Unclassified (f) collapse far faster under SHAP-guided
removal.

Figure 8 presents the class-specific distributions of key variables using SHAP
beeswarm plots. Each point represents an individual sample, while the SHAP value on
the x-axis indicates the extent to which a given variable pushes the prediction toward the
corresponding class (positive values) or away from it (negative values). The color of each
point indicates the magnitude of the variable, ranging from low to high, enabling inter-
pretation of the direction of model responses as feature values increase or decrease.

For the water class (Figure 8a), the most influential variables were 52_R, K3_NIR,
K3_B, S2_B, S2_NDVI, and S2_NIR. This pattern is consistent with the low visible and NIR
reflectance of water bodies. As blue-band features (K3_B and S2_B) also ranked highest in
the global importance analysis shown in Figure 5, water bodies appear to be distinguished
in this case mainly by their low reflectance across visible and NIR wavelengths, consistent
with known water spectral behavior.
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Figure 8. Class-specific SHAP beeswarm plots: (a) Water class, (b) Forest class, (c) Bare land class,
(d) Vegetation class, (e) Road class, (f) Unclassified class.

In the forest class (Figure 8b), S2_B, S2_NDVI, L8_B, S2_G/R, and K3_B were the
dominant variables. NDVI and visible-band imagery were important for distinguishing
forested areas. The concurrent availability of Sentinel-2 and Landsat-8 optical variables
further suggests that multi-sensor optical data contribute to robust, stable characterization
of forest vegetation.

For the bare land class (Figure 8c), the most influential variables were [K3_B, 52_R,
K3_R, S2_NIR, S2_B], with NIR and red-band features carrying the principal discrimina-
tive weight. Bare surfaces tend to exhibit relatively low NDVI values, underscoring the
importance of NDVI for their discrimination. At the same time, variations in soil and ex-
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posed surface properties influence NIR and red reflectance patterns, making NIR- and
red-band features particularly informative for this class.

In the vegetation class (Figure 8d), the most important variables are [K3_B, S2_B,
K3_G, 52_NIR, S2_R] in the order shown, complemented by S2_NDVI. The classical veg-
etation signature (high NIR, low red, elevated NDVI) is still expressed through the
NIR/red/NDVI features, while the visible bands lead the per-class mean|SHAP| ranking
in this scene. Vegetation classification follows a well-established spectral pattern charac-
terized by high NIR reflectance, low red reflectance, and elevated NDVI. The presence of
high-resolution KOMPSAT-3A bands among the top-ranked features suggests a possible
contribution in boundary or mixed-pixel regions, which remains to be confirmed by ded-
icated experiments.

For the road class (Figure 8e), the leading variables by mean|SHAP| were [K3_B,
K3_G, S2_B, 52_R, K3_R] as shown. Notably, S1_VV is by a clear margin the higher-ranked
of the two SAR features for this class, and its road-specific role is established not by its
raw SHAP magnitude alone but by the convergence of the per-class permutation F1 drop
(Section 3.3), the sensor-level attribution and ROAR collapse (Section 3.4), and the S1_VV-
52_G dependency structure (Figure 9f). Road surfaces exhibit radar backscattering char-
acteristics that vary with material composition, surface roughness, and moisture condi-
tions. In situations where roads are easily confused with bright bare land or artificial struc-
tures in optical imagery, SAR data can provide complementary texture- and structure-
related information. The comparatively low SHAP weight of K5_VH may partly reflect
resolution-induced information loss from the 1 m — 2.2 m resampling rather than an in-
trinsic limitation of the sensor; accordingly, all K5_VH/S1_VV comparisons are inter-
preted as conditional on the 2.2 m grid (Sections 2.3 and 4).

The unclassified category (Figure 8f) is characterized by a heterogeneous mixture of
variables, including [K3_B, S2_B, S1_VV, L8_B, K3_R] in the order shown. The presence of
S1_VV among the leading contributors —together with its elevated sensor-level weight for
this class (Section 3.4)—indicates that SAR backscatter carries discriminative information
precisely in these ambiguous boundary/mixed-pixel regions. This reflects the fact that the
unclassified class does not represent a single physical land cover type but rather encom-
passes boundary areas, mixed pixels, and regions with high uncertainty. Consequently, its
predictions are influenced by multiple features rather than a single dominant variable.

Figure 9 represents the relationships between feature values (x-axis) and SHAP val-
ues (y-axis) for key variables, with point colors indicating the magnitude of each interac-
tion. This visualization enables interpretation beyond simple global importance (Figure 5)
or distributional patterns (Figure 8), allowing the identification of threshold effects, satu-
ration behavior, and feature interactions within the model.

For water-related interactions, Figure 9a shows that SHAP values are strongly posi-
tive when K3_B values are low, but shift rapidly toward zero or negative values as K3_B
increases. This behavior indicates that lower blue-band reflectance substantially increases
the likelihood of water classification, and the abrupt change in SHAP values suggests a
threshold-like response of the model. The interaction with S2_NDV], as indicated by point
color, further shows that lower NDVI values amplify the positive SHAP contribution of
K3_B, reflecting the fact that water bodies typically exhibit low vegetation index values.

In Figure 9b, higher positive SHAP values are observed in regions with low S2_NIR
values, with the distribution modulated by K3_B levels. This pattern reflects the charac-
teristic water absorption in the NIR region and suggests that high-resolution blue-band
information from KOMPSAT-3A will reinforce and refine water detection. Collectively,
these results demonstrate that water bodies are distinguished through a physically con-
sistent combination of low blue-band reflectance, NIR absorption, and low NDVI values.
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Figure 9. SHAP dependency plots revealing feature interactions. Two-way interactions for repre-
sentative classes: (a) K3_B vs. S2_NDVI for Water class; (b) S2_NIR vs. K3_B for Water class; (c)
S2_NDVI vs. K3_G for Vegetation class; (d) S2_R vs. 52_NDVI for Vegetation class; (e) S2_G vs.
K3_NIR for Road class; (f) S1_VV vs. S2_G for Road class.

Regarding vegetation-related interactions, SHAP values increase with rising NDVI
and then gradually level off or exhibit increased dispersion, suggesting a saturation effect
in the S2_NDVI-K3_G interaction (Figure 9c). This behavior corresponds to the well-
known saturation of NDVIin dense vegetation and suggests that the model relies on com-
plementary spectral information, such as the green band (K3_G), in addition to NDVI at
higher vegetation densities. In Figure 9d, the S2_R-52_NDVlI interaction reveals a nonlin-
ear relationship between red-band reflectance and SHAP values, with the magnitude and
variability of the SHAP values conditioned by NDVI levels. Because vegetation typically
exhibits strong absorption in the red band, resulting in higher NDVI values, this interac-
tion confirms that the joint use of red reflectance and NDVI is a key mechanism for vege-
tation discrimination.

In the S2_G-K3_NIR interaction for road-related (Figure 9e), SHAP values increase
with 52_G across certain ranges but remain relatively stable or decrease in others, with
distinct distributions conditioned on K3_NIR. This indicates that roads, which are often
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spectrally confused with bright bare surfaces, vegetation, and artificial structures, cannot
be consistently discriminated using a single optical band alone and instead require multi-
band interactions, particularly involving NIR information. Figure 9f quantitatively sup-
ports this interaction: S1_VV SHAP values are modulated by S2_G, indicating that SAR
backscatter fills the discriminative gap left by optical information when road surfaces are
spectrally ambiguous. This dependency plot evidence reinforces the class-level finding
reported above for Figure 8e.

Figure 10 shows how predictions for individual samples are formed by decomposing
the model output step by step from the baseline value (E[f(x)]) and showing how each
feature shifts the prediction in the positive or negative direction. In the waterfall plots, red
bars indicate features that increase the prediction toward the target class, whereas blue
bars represent features that decrease it.

Figure 10a illustrates a SHAP waterfall plot for a representative pixel classified as the
water class, decomposing the prediction from the model’s base value to the final output
by cumulatively aggregating feature contributions. The blue band of KOMPSAT-3A pro-
vides a strong positive SHAP contribution, increasing the probability of the water classi-
fication. In contrast, NDVI and several NIR features exhibit either negative or marginal
positive contributions at relatively low values, thereby reinforcing that the pixel does not
belong to vegetation or terrestrial land cover classes.

Figure 10b presents the prediction decomposition for a pixel classified as the road
class. The Sentinel-2 green band and selected visible bands from KOMPSAT-3A contrib-
ute positively to the prediction, capturing the reflectance properties of road surfaces and
progressively strengthening the road class. Sentinel-1_VV also contributes positively, con-
sistent with the class-level analysis in Figure 8e and the dependency-level analysis in Fig-
ure 9f. The instance-level waterfall thus validates—at pixel resolution —the optical-SAR
complementarity already established at aggregate levels.

Figure 10c shows the cumulative SHAP contributions for a pixel classified as the for-
est class. NDVI derived from Sentinel-2 and Landsat-8, together with NIR bands, makes
a strong positive contribution, reflecting high vegetation vigor and increasing the proba-
bility of forest classification. Conversely, blue and other visible bands contribute only mar-
ginally, primarily distinguishing forested areas from bare or built-up surfaces. This result
aligns with the beeswarm analysis for the forest class (Figure 8b), which identifies NDVI
and NIR features as the primary determinants of forest classification.

Figure 10d depicts the prediction process for a pixel belonging to the vegetation class,
including grassland and cropland. Sentinel-2 NDVI and the green band provide dominant
positive SHAP contributions, driving the vegetation classification, while interactions with
the red band are cumulatively reflected in the prediction. In contrast, SAR features and sev-
eral optical bands show neutral or slightly negative contributions, helping to distinguish
general vegetation from forest or road classes. This behavior is consistent with the NDVI-
centered feature importance patterns observed for the vegetation class in Figures 8d and 9c.

Figure 10e illustrates the SHAP decomposition for a bare land class pixel. Low NDVI
values, combined with specific visible-band responses, reduce vegetation-related class
probabilities, whereas relatively high reflectance in blue or red bands increases them, fa-
voring the bare-surface classification. This cumulative pattern highlights the spectral dis-
tinctiveness of bare land relative to the vegetation and water classes and aligns with the
feature importance distribution observed for the bare land class in Figure 8c.

Finally, Figure 10f presents the explanation for a prediction of an unclassified class
pixel. Feature contributions are characterized by a mixture of small positive and negative
SHAP values, with no single feature exerting a dominant influence on the prediction. The
transition from the base value to the final prediction is relatively gradual, indicating
model uncertainty and the absence of strong evidence supporting assignment to a specific
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land cover class. This behavior is logically consistent with the dispersed SHAP value dis-
tribution observed for the unclassified class in Figure 8f.

To assess robustness, we re-trained the RF model with reduced training samples (150
and 100 per class) and recomputed mean |SHAPI. The top three features (K3_B, S52_B,
S52_R) retained their ranking across all sample sizes, while ranks 4-10 showed limited re-
ordering (within +2 positions). This indicates that the dominant ranking is stable, whereas
finer ordering should be interpreted with sample-size sensitivity in mind.
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Figure 10. Local interpretable explanations via SHAP waterfall plots. Instance-level prediction de-
composition for (a) Water class; (b) Road class; (c) Forest class; (d) Vegetation class; (e) Bare land
class; (f) Unclassified class, tracing cumulative SHAP contributions from base value to final predic-
tion f(x).
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Table 4 summarizes the class-specific SHAP results into three principal observations that
provide the basis for the subsequent interpretation of Figures 8-10. First, optical visible-NIR
variables and NDVI consistently dominate the importance rankings across the four spectrally
distinct classes: water, forest, bare land, and vegetation. Second, the road class is the only phys-
ical class in which a SAR-derived feature—S1_VV, on the 2.2 m common grid analyzed here—
shows a markedly elevated, class-specific weight relative to its weight for the spectrally dis-
tinct classes (Section 3.4), although its absolute weight remains below that of the leading visi-
ble-band optical features. Third, the unclassified class exhibits a heterogeneous combination
of optical and SAR contributions, including Sentinel-1 VV, which carries its largest sensor-
level weight for this class (grouped mean|®| = 0.047, the highest value in the Sentinel-1 row
in Section 3.4) and the largest class-wise permutation F1 drop of any class (0.067 in Section
3.3). This pattern suggests that SAR information becomes particularly valuable in mixed-pixel
and boundary regions where optical information alone is insufficient or ambiguous.

To assess whether the class-dependent SHAP patterns summarized in Table 4 are
statistically distinguishable rather than ranking artifacts, we computed bootstrapped 95%
confidence intervals (10,000 resamples) for the per-class mean |SHAP| values of S1_VV
and K5_VH across the six classes. For S1_VV, the road class shows the highest mean

ISHAPI, and its confidence interval is separated from the intervals of the spectrally well-
defined classes (water, forest, and dense vegetation). For K5_VH, the unclassified class
likewise shows an elevated mean |SHAP| relative to the spectrally homogeneous classes.

Because the validation set contains only 50 pixels per class, the bootstrap intervals
are wide, and several class pairs overlap; we therefore do not claim formal statistical sig-
nificance. The bootstrap supports rank stability: the rank position of S1_VV for roads is
preserved across all 10,000 replications. We interpret this as evidence of a stable ordering,
corroborated by the independent ROAR evidence (Figure 6) and by the physical interpre-
tation, rather than as a significant magnitude difference.

Table 4. Class-wise top SHAP features and their physical interpretation.

Class

Top SHAP Features Dominant Sensor Group Physical Interpretation

Water

Forest

Bare
Land

Vegeta- K3_B, S2_B, K3_G, S2_NIR,

52_R, K3_NIR, K3_B, S2_B,

S2_NDVI

Low reflectance across visible and NIR wavelengths combined
Optical (visible + NIR) ~ with low NDVI; consistent with strong water absorption in NIR
and the spectral darkness of water surfaces in the visible range.

A high and stable NDVI signature, reinforced by overlapping

S2_B, S2_NDVI, L8_B, S2_G, Optical multi-sensor (S2 + visible-band information from medium- (S2, L8) and high-resolu-

S52_R,K3_B

K3_B, S2_R, K3_R, S2_NIR,

52 B

L8 + K3) tion (K3) optical sensors; multi-sensor convergence yields the
most robust class identification.
Low to moderate NDVI, together with variable NIR and red reflec-
Optical (NIR + visible)  tance, reflects exposed soil and surface materials; sensitivity to soil
moisture and roughness drives class-specific NIR dynamics.
Classical vegetation spectral signature: high NIR reflectance, low

Optical (NIR + red, NDVI) red reflectance, elevated NDVI; high-resolution K3 bands appear

tion S2 R to support boundary and mixed-pixel discrimination at the class
periphery.
The only physical class with an elevated, class-specific S1_VV

K3 B, K3 G, S2 B,S2_ R, weight (mean|®| =0.020 vs. 0.008-0.014), though still below the

Road K3_R;S1_VV (top-ranked Optical + SAR (§1_VV)  leading visible bands. C-band VV backscatter adds complemen-

SAR feature for this class) tary structural information where roads are optically confused

with bright bare or built surfaces.
S1_VV carries its largest sensor-level weight here (grouped

Unclas- K3_B, S2_B, S1VV, L8_B, Mixed r;lean | D |1 = 0.04.7; the highes.t value din thefSentinlel—l Trow) an.d C’;be
sified K3_R (Optical + SAR, S1_VV) argest class-wise permutation F1 drop of any class (0.067), indi-

cating that SAR backscatter contributes most where optical sig-
nals are ambiguous.
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3.3. Results of Permutation Importance

Permutation importance was highly concordant with the SHAP ranking (Spearman’s
0=0.891, p <0.001; 4 of the top-five features shared), indicating that the global ranking is
not an artifact of the SHAP estimator (Figure 11). The three dominant visible optical fea-
tures (K3_B, S2_B, S2_R) ranked first in both methods. The largest discrepancies occurred
among the mutually correlated mid-ranked optical bands (e.g., K3_G, ranked fifth by
SHAP but ninth by permutation), where importance allocation is inherently ambiguous;
these finer rankings are therefore interpreted with method sensitivity in mind, whereas

the top-level ranking is method-robust.

For the class-dependent claim, permutation importance corroborates that S1_VV is
informative for spectrally ambiguous targets rather than for spectrally distinct classes. The
drop-in class F1 upon permuting S1_VV was largest for the unclassified set (0.067) and
small for the spectrally well-defined classes (water 0.004; vegetation 0.023), with the road
class showing an intermediate drop (0.029) comparable to bare land (0.034) and forest
(0.028) (Figure 12). Because each per-class validation set contains only 50 pixels, these
drops carry wide standard deviations (of order +0.015), and the differences among road,
bare land, and forest are not statistically separable. Permutation importance, therefore,
supports the robust statement that S1_VV is informative for spectrally ambiguous cover
(road and the unclassified mixed-pixel set) and negligible for spectrally distinct cover, but
does not by itself isolate the road class. The road-specific role of S1_VV is instead estab-
lished by the convergence of (i) the per-class mean|SHAP!, which ranks S1_VV highest
among the five physical classes for road (Figure 12), (ii) the steep road-class F1 decline
under SHAP-guided ROAR (Figures 7e and 13b), (iii) the S1_VV-5S2_G dependency struc-
ture (Figure 9f), and (iv) the specular-backscatter mechanism of smooth paved surfaces

(Section 4)—rather than by permutation magnitude alone.

Together with the class-wise SHAP attributions summarized in Table 4, these two
independent estimators (SHAP and permutation importance) provide converging evi-
dence for the class-conditional role of S1_VV, which is further examined at the sensor level

in Section 3.4.

Rank concordance
Spearman p = 0.891

K3_R .
2 o -
]
4 S1.VV e
X ° .
S 6- o
£ 7
c e
S gl
5 8 ? K3_G
] [
2 10 ®
£ . NDVI_L8
H ®
8 324 R
[ ]
141 L8_NIR
; o
16{ @
16 14 12 10 8 6 4 2
SHAP rank (1 = most important)

(a)

Figure 11. SHAP versus permutation importance. (a) Permutation rank against SHAP rank for the
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Class-wise S1_VV importance: SHAP vs permutation
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Figure 12. Class-wise importance of Sentinel-1 VV (S1_VV): per-class mean |SHAP| (blue) and per-
mutation F1 drop (orange; mean over 30 repetitions, error bars = 1 SD). Both measures peak for the
unclassified mixed-pixel set. Among the five physical land cover classes, road shows the highest
S1_VV importance by mean|SHAP| (blue); by the permutation F1 drop (orange) the road, bare land,
and forest values are comparable and not statistically separable given the per-class n = 50 (see Sec-
tion 3.3).

3.4. Results of Sensor-Level ROAR

Figure 13a shows the sensor-by-class attribution matrix. Optical sensors (Sentinel-2,
KOMPSAT-3A, Landsat-8) dominated the spectrally distinct classes —water, forest, bare
land, and vegetation. The Sentinel-1 group carried a grouped mean|®| of 0.047 for the
unclassified mixed-pixel set and 0.020 for the road class—the two highest values in its
row —versus 0.008-0.014 for the four spectrally distinct classes; among the five physical
land cover classes, road therefore received the largest Sentinel-1 weight. KOMPSAT-5
contributed little in absolute terms across all classes (grouped mean|®| <0.012).

Sensor-level ROAR (Figure 13b) confirmed the faithfulness of this grouping. As sen-
sor groups were removed in descending order of grouped importance, the road-class F1
declined far more steeply under the SHAP-guided ordering than under the random-re-
moval baseline, and more steeply than under the forest or water classes. By the final step
(Sentinel-1 removed, four of the five groups absent), the road-class F1 had fallen from
0.917 to approximately 0.11, whereas the water-class F1 under the identical sequence re-
mained near 0.47. This class-conditional response to whole-sensor removal provides de-
cision-relevant evidence that the value of each sensor is class-specific rather than uniform.

Figure 14a compares OA and Kappa for the random 8:2 split, the spatial five-fold
cross-validation, and the two mountain—plain transfer tests. Figure 14b reports the per-
class F1 scores under the random split versus spatial five-fold CV, with the spectrally dis-
tinct classes remaining at or above =0.78. Figure 14c shows the per-fold SHAP rankings
across the five spatial folds (mean Spearman’s ¢ = 0.97), confirming that the class-depend-
ent attribution ordering is preserved under spatial partitioning.
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Figure 13. Sensor-group attribution and sensor-level ROAR. (a) Sensor-by-class attribution matrix
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five-fold CV, and the two mountain—plain transfers. (b) Per-class F1, random versus spatial CV. (c)

Per-fold SHAP ranks across the five folds (mean Spearman’s o = 0.97).

The resolution bias analysis indicates that downsampling reduces, but does not erase,
K5_VH texture (Figure 15). The road class retained only 41.5% of its local variance and
35.4% of its GLCM contrast after resampling, among the largest relative losses of the six

classes. Even under an optimistic upper bound in which all lost high-frequency detail is
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restored, the K5_VH global rank rises only from last (16th) to 11th—remaining in the mid-
low tier and never overtaking S1_VV. The low observed weight of K5_VH is therefore
partly attributable to resolution-induced information loss rather than to an intrinsic limi-
tation of X-band SAR, and all K5_VH/S1_VV comparisons are accordingly interpreted as
conditional on the 2.2 m grid. Critically, the central road-S1_VV finding, which rests on
natively 10 m C-band Sentinel-1, is unaffected by this resampling.

On the 2.2 m grid, K5_VH ranks last among the 16 features (16th), the road class
retains only 41.5% of its native-1 m local variance after resampling, and even under an
optimistic upper bound that fully restores the resampling-lost high-frequency detail the
K5_VH global rank rises only to 11th, never overtaking S1_VV —confirming that the 2.2
m-conditional framing is justified and that the road-51_VV relationship remains robust.

BmE Local Variance Retained
I GLCM Contrast Retained

Fraction Retained at 2.2 m Relative to 1 m

S S5 S5 55 55 S5
c\e® c\e e e C\e c\e
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Figure 15. KOMPSAT-5 (K5_VH) texture retained at 2.2 m relative to native 1 m, by class. The road

class retained only 41.5% of local variance and 35.4% of GLCM contrast after resampling.

3.5. Results of Spatial Cross-Validation

Under spatial block five-fold cross-validation, OA decreased from 90.0% (scikit-learn
random split; Figure 14a) to 84.5% (Kappa 0.814), a reduction consistent with the removal
of spatially optimistic bias rather than with model failure; per-class F1 remained at or
above =0.78 for the spectrally distinct classes (the lowest being vegetation). The two moun-
tain—plain transfer tests produced the largest decreases (OA 80.7% for mountain—plain
and 80.5% for plain—>mountain), reflecting genuine landscape heterogeneity between the
two sectors.

Crucially, the class-dependent attribution conclusions were preserved. The fold-wise
mean|SHAP| rankings were highly concordant (mean Spearman’s ¢ = 0.97 across folds;
Figure 14c), and the three top-ranked optical visible features (K3_B, S2_B, S2_R) retained
the top three positions in all five folds. Sentinel-1 VV remained the higher-ranked of the
two SAR features in all five folds (global rank 8-10 versus 14-15 for KOMPSAT-5 VH).

The sampling-spacing sensitivity analysis confirmed that the feature rankings are ro-
bust to the choice of spacing threshold (Figure 16). OA remained essentially constant
across the tested range (0.897-0.910), and the global mean|SHAP| rankings stayed highly
concordant with the 50 m reference at every spacing (Spearman’s @ = 0.97). The three top-
ranked visible features (K3_B, S2_B, S2_R) retained the top three positions, and S1_VV
retained its road-class rank (rank 5, varying by at most one position) throughout. The pool
of independent road pixels declined monotonically with spacing (from 246 at 30 m to 239
at 100 m), so larger thresholds progressively erode the already-limited road sample —con-
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firming that 50 m is the operational maximum compatible with spatial independence for
this scene rather than an arbitrary value, and that the class-dependent S1_VV result in
particular is not an artifact of the spacing choice.

Across minimum inter-sample spacings of 30, 40, 50 (reference), 70, and 100 m, OA stayed
within 0.897-0.910 and the global mean|SHAP| rankings remained highly concordant with
the 50 m reference (Spearman’s o = 0.971, 0.968, 1.000, 0.985, and 0.979, respectively).
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Figure 16. Spacing sensitivity: ranking stability (Spearman o vs. 50 m, left axis) and road sample

feasibility (right axis) across minimum inter-sample spacings.

4. Discussion

This study did not aim to re-establish the well-documented predictive advantage of
multi-sensor optical-SAR fusion over single-sensor classification, which is already sup-
ported by prior work [1-3,13,14]. Instead, it took a fully fused multi-sensor configuration
as the analytical starting point and addressed a less-explored question: within such a con-
figuration, how do individual sensors contribute differently across land cover classes, and
how trustworthy are those attributions? The three input feature configurations compared
in Figure 3, therefore, served as a sensitivity check on the baseline used for SHAP inter-
pretation rather than as a strict ablation, while the principal analytical contributions of
this study are the class-dependent SHAP attribution (Section 3.2), the ROAR-based faith-
fulness validation (Figure 6), and the bootstrapped class-wise confidence intervals (Table 3).
Such an integrated analytical setting is essential for maintaining consistency in XAl anal-
yses, because comparisons across heterogeneous model architectures or hyperparameter
settings can confound interpretation and obscure the true contributions of input features.

The workflow indicates that classification decisions align with physically plausible
spectral and structural properties. ROAR provides empirical support for SHAP faithful-
ness, through a steeper performance decline under targeted versus random feature re-
moval, while bootstrapped Cls provide class-wise uncertainty estimates, collectively con-
tributing to the methodological discussion of XAl in remote sensing.

The value of the integrated pipeline announced in Section 1 is supported by the study’s
principal empirical finding (Section 3.2). The road-class role of S1_VV rests on three com-
plementary lines of evidence: SHAP provides the per-class attribution (Figure 8e), class-con-
ditional ROAR establishes faithfulness at the class level, and the bootstrap intervals confirm
rank stability. Each line alone would be insufficient: SHAP rankings could reflect correla-
tions among optical bands; ROAR alone could not localize the effect to a single class; and
the bootstrap alone could not establish that the model uses the feature.

https://doi.org/10.3390/app16147247


https://doi.org/10.3390/app16147247

Appl. Sci. 2026, 16, 7247

30 of 35

The integration is therefore best understood as a practical requirement for class-de-
pendent attribution rather than an optional addition: the class-dependent sensor role at-
tribution reported here rests on the convergence of three complementary lines of analysis
(SHAP, ROAR, and bootstrap intervals).

The class-wise F1 trajectories in Figure 7 now include a per-class random-removal
baseline (five seeds each), so the class-level SHAP-versus-random comparison is estab-
lished directly rather than by inference: the road and unclassified classes degrade mark-
edly faster under SHAP-guided removal, while the forest class is nearly invariant.

Pixel-level bootstrapping treats each pixel as an independent observation. Given the
2.2 m resampling resolution and typical spatial autocorrelation lengths of several tens of
meters for the land cover types studied here, the effective sample size is substantially
smaller than the nominal count of 50 validation pixels per class. Consequently, the re-
ported confidence intervals should be interpreted as lower bounds on uncertainty rather
than exact coverage probabilities.

As detailed in Section 2.2, the 50 m minimum inter-sample distance was selected as
a conservative, literature-based compromise rather than from a scene-specific variogram,
and residual spatial dependence was addressed at the validation stage through spatial
block cross-validation; scene-specific variogram estimation with spatially blocked cross-
validation is identified as a priority for future work.

This threshold should be regarded as landscape-specific rather than universal. In ur-
ban-dominated or highly heterogeneous landscapes, where local variability is finer, a
smaller distance (e.g., 20-30 m) may be appropriate to preserve sample size; in landscapes
dominated by extensive homogeneous cover types such as continuous forest or large ag-
ricultural fields, a larger distance (e.g., 80—100 m or more) is recommended to better miti-
gate residual spatial autocorrelation. We therefore recommend that users adapt the
threshold to the empirical autocorrelation range of the target landscape rather than adopt
a fixed value uncritically.

More rigorous quantification of class-wise uncertainty under spatial dependence will
require (i) block bootstrapping with spatial blocks larger than the dominant autocorrela-
tion range of the dataset, (ii) object-based sampling using super-pixel or segmentation
units rather than individual pixels. These more rigorous procedures are identified as pri-
ority items for future work.

In the present analysis, optical blue-band features (K3_B, S2_B) are globally im-
portant, consistent with the characteristically low blue-band reflectance of water bodies
and the broad spectral discriminability provided by visible wavelengths. Critically, the
prominence of both high-resolution KOMPSAT-3A and medium-resolution Sentinel-2
variables suggests that multi-scale optical information, rather than a single sensor, con-
tributes to classifier performance.

Class-specific SHAP distributions show that each land cover class is associated with
a distinct combination of influential variables, consistent with known physical properties.
Forest and vegetation classes depend strongly on NDVI and visible-NIR combinations,
reflecting established vegetation spectral behavior. Bare land is governed by reduced
NDVI together with variable NIR and red reflectance characteristic of exposed soil.

Among the five physical land cover classes, the road class stands out as the one in
which SAR (S1_VV) provides class-specific discriminative weight elevated relative to the
spectrally distinct classes, though below the leading visible-band features. Per-class
S1_VV importance is elevated for road and for the unclassified mixed-pixel set—the two
spectrally ambiguous targets —while remaining low for the spectrally distinct classes (wa-
ter, forest, vegetation).

Feature interaction analysis further suggests that the model’s responses exhibit non-
linear patterns and threshold-like behaviors consistent with known remote-sensing prin-
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ciples. For water classification, the threshold-like responses to blue-band reflectance and
NIR absorption agree with well-established spectral characteristics of water bodies, while
interactions with NDVI help suppress confusion with vegetated surfaces. Vegetation-re-
lated interactions reveal saturation effects in NDVI at high biomass levels, indicating that
the model adaptively incorporates additional spectral information, such as green and red
bands, when NDVI alone becomes less informative. Road-related interactions highlight
the complementary role of SAR backscatter, particularly when optical information is in-
sufficient for reliable separation. These results suggest that the model accounts for feature
interactions rather than treating variables independently, consistent with real-world sur-
face properties.

Instance-level waterfall analyses (Figure 10) align with the class- and interaction-
level findings: water predictions reflect coherent multi-optical contributions, whereas
road predictions show selective S1_VV modulation, suggesting optical-SAR complemen-
tarity at the pixel level. From a broader perspective, this study highlights the value of XAI
techniques for interpreting and critically examining multi-sensor data fusion strategies in
remote sensing, and suggests that class-dependent integration of optical and SAR features
has the potential to provide a balanced trade-off between accuracy and interpretability,
pending confirmation on other landscapes and seasons.

Beyond confirming intuitive patterns (e.g., low blue/NIR reflectance for water, high
NDVI for forest), the class-dependent SHAP analysis surfaces three findings that deviate
from common assumptions. (a) Sentinel-1 VV, although mid-ranked globally, carries its
largest class-wise weight for the unclassified (boundary/mixed-pixel) class—the highest
value in the Sentinel-1 row of the sensor-by-class matrix (Figure 13a) and the largest per-
mutation F1 drop among all classes (Figure 12) —indicating that SAR backscatter is most
useful precisely where optical signals are ambiguous, not where they are strong. (b) NDVI
saturates for dense vegetation, and SHAP dispersion increases sharply at high NDVI val-
ues, indicating that NDVI alone is insufficient at biomass extremes and is best comple-
mented adaptively by visible bands such as K3_G. (c) The road class is best discriminated
not by a single “SAR-or-optical” choice but by a specific combination of medium-resolu-
tion optical visible bands (L8_B) and SAR backscatter (51_VV), challenging the common
framing of fusion as “optical with SAR added on top.” Together, these findings support a
class-by-class, evidence-driven view of multi-sensor fusion rather than uniform sensor-
stacking strategies.

Class-dependent SHAP attribution provides three forms of insight that are inaccessi-
ble to global feature importance. First, it reveals contribution asymmetries: variables such
as S1_VV rank low globally but are important for the road class, whereas the mean would
suggest they could safely be removed. Second, it changes feature-engineering and sensor
selection decisions: the ablation experiments confirm that removing SAR channels de-
grades road F1 more than OA, so feature pruning guided by global rankings would be
misleading. Third, it links statistical importance to physical mechanism: the prominence
of S1_VV for roads is consistent with the specular scattering behavior of smooth, paved
surfaces—a connection that global averaging would obscure. In this sense, class-depend-
ent attribution is not a descriptive embellishment of SHAP visualization, but a substan-
tively different analytical lens that operationalizes Gevaert’s call [4] for EO-XAI explana-
tions grounded in physical interpretability.

These class-dependent findings suggest three candidate, site-derived hypotheses for
multi-sensor optical-SAR fusion. We present them as site-derived observations that re-
quire independent validation before they can serve as operational guidance, and that are
consistent with—but not yet benchmarked against—existing multi-sensor fusion guide-
lines. First, for spectrally distinct classes such as water, dense forest, and vigorous vege-
tation, visible-NIR bands and NDVI carry the discriminative weight: SAR features rank
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consistently low in the per-class SHAP distributions (Figure 8a—d) and their removal
causes only marginal F1 degradation in ROAR, so expanding optical spectral coverage is
more productive than adding SAR channels when budget is constrained. Second, for spec-
trally ambiguous classes such as roads, the Sentinel-1 VV channel is the top-ranked SAR
contributor, and its removal reduces the road-class F1 more than that of any other class
(Figure 13b; Section 3.2); at least one SAR backscatter channel should therefore be treated
as essential rather than optional in landscapes containing such features. Third, medium-
and high-resolution optical sensors play complementary rather than redundant roles—
Sentinel-2 and Landsat-8 anchor classification for well-defined classes through stable spa-
tial averaging, whereas KOMPSAT-3A contributes disproportionately at class boundaries
and in mixed-pixel regions, as evidenced by its dominance in the unclassified-class SHAP
distribution (Figure 8f), so retaining both resolutions yields the most stable class-condi-
tional performance. Taken together, these hypotheses reframe optical-SAR fusion away
from the common “optical with SAR added on top” model toward a class-conditional
view, in which the sensor mix is matched to the spectral character of each target class.

We note four limitations here. (1) SHAP rankings are site-specific and may shift
across regions with different surface materials. (2) Peak-season imagery likely amplifies
spectral separability, so misclassification may increase outside the May acquisition win-
dow. (3) The KOMPSAT-5 downsampling to 2.2 m may underestimate the contribution of
K5_VH; consequently, all conclusions concerning the relative ranking of S1_VV and
K5_VH—in particular for the road and unclassified classes—should be interpreted as con-
ditional on the 2.2 m common grid adopted here, and not as intrinsic statements about the
relative discriminative power of C-band Sentinel-1 versus X-band KOMPSAT-5 SAR data.
(4) The bootstrapped ClIs for spectrally similar classes are best read as approximate lower-
bound uncertainty estimates given residual spatial autocorrelation.

5. Conclusions

This study quantified class-dependent sensor contributions in multi-sensor land
cover classification through an integrated SHAP-ROAR-bootstrapping workflow. The
optical blue-band and NIR features dominated classification here, while SAR backscat-
ter —specifically the C-band Sentinel-1 VV channel at the 2.2 m common grid —selectively
improved discrimination of spectrally ambiguous targets, most distinctly the road class
among the five physical land cover classes.

The robustness of this class-conditional pattern is established on four independent
axes: permutation importance reproduces the SHAP ranking (Spearman’s o = 0.89); sen-
sor-level ROAR shows that removing Sentinel-1 drives road-class F1 down to = 0.11 while
water remains near 0.47; the per-fold SHAP ordering is preserved under spatial block
cross-validation (mean Spearman’s o = 0.97); and a resolution-bias bound confirms that
even full recovery of resampling-lost K5_VH texture would not let it overtake S1_VV.

We emphasize that the specific feature rankings reported here are site- and season-
specific; the claim intended to generalize is the methodological principle that sensor con-
tributions are class-conditional, not the particular numerical rankings. Three methodolog-
ical contributions emerge: (i) class-dependent sensor role characterization with boot-
strapped class-wise uncertainty, (ii)) ROAR-based faithfulness validation under fixed RF
hyperparameters, with class-dependent degradation traced to the low redundancy of SAR
relative to the inter-correlated optical bands, and (iii) a reproducible GEE-RF-Python 3.14
workflow. The contributions of this study are threefold. (i) Conceptually, we explicitly
introduce class-dependent sensor role attribution as an analytical lens, departing from the
prevailing practice of treating optical and SAR inputs as a uniform feature pool. (ii) Meth-
odologically, we combine SHAP with ROAR-based faithfulness assessment and boot-
strapped class-wise confidence intervals into a unified validation pipeline, rather than re-
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lying on SHAP visualizations alone. (iii) Empirically, we demonstrate a reproducible
GEE-based workflow that integrates freely available imagery (Sentinel-1/2, Landsat-8)
with high-resolution commercial KOMPSAT-3A/5 data, evaluated over a mountain-plain
landscape in the Republic of Korea. We frame the first two as the principal analytical con-
tributions of an applied study rather than as a methodological advance: the individual
components are established, and the contribution is their coordinated application to a pre-
viously underexamined, class-dependent question in optical-SAR fusion.

When data and computational resources are limited, including at least one SAR
backscatter channel (e.g., S1_VV) is particularly beneficial for road-like and other spec-
trally ambiguous classes in heterogeneous landscapes, while medium- and high-resolu-
tion optical bands together remain the primary discriminators for spectrally well-sepa-
rated classes such as water, forest, and dense vegetation.

Future work should extend validation to: (1) multi-season acquisitions (winter bare-
field conditions, summer peak-growth, autumn harvest) to assess the temporal stability
of SHAP-identified feature rankings; (2) landscapes with different dominant land cover
compositions, such as urban-dominated or semi-arid regions, where the relative contribu-
tion of SAR and optical data may differ substantially from the mountain—plain setting ex-
amined here; (3) native-resolution (1 m) KOMPSAT-5 acquisitions and alternative SAR
configurations, to separate resolution-induced effects from wavelength-dependent scat-
tering mechanisms and to examine how both alter class-dependent sensor attribution pat-
terns; (4) cross-mission SAR/optical generalization, testing whether the class-conditional
sensor role finding holds across sensor families beyond Sentinel KOMPSAT/Landsat; and
(5) national- or multi-scene-scale validation with object-based (segmentation-unit) sam-
pling, to directly address the small per-class validation sample used here.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

CI Confidence Interval

CNN Convolutional Neural Network
DL Deep Learning

EO Earth Observation

FSL Few-Shot Learning

GEE Google Earth Engine

Grad-CAM  Gradient-weighted Class Activation Mapping
KOMPSAT  KOrea Multi-Purpose SATellite

K3 KOMPSAT-3A

K5 KOMPSAT-5

LIME Local Interpretable Model-agnostic Explanations
L8 Landsat-8

ML Machine Learning

NIR Near-Infrared
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NDVI Normalized Difference Vegetation Index
OA Overall Accuracy

RF Random Forest

ROAR Remove and Retrain

RS Remote Sensing

SAR Synthetic Aperture Radar

S1 Sentinel-1

S2 Sentinel-2

SHAP SHapley Additive exPlanations

XAI eXplainable Artificial Intelligence
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