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Abstract

Tropical restoration areas present high spectral heterogeneity and spatial fragmentation,
making land use and land cover (LULC) classification challenging, particularly when using
medium-resolution satellite imagery. Although spectral mixture analysis, object-based
image analysis, and machine learning approaches have been widely explored individually,
their integrated application using freely available China–Brazil Earth Resources Satellite
4A Wide-field Panchromatic and Multispectral (CBERS-4A/WPM) imagery for monitoring
Environmental Restoration Commitment Agreements (TCRAs) remains limited. This
study investigated whether the integration of Linear Spectral Mixture Model (LSMM)
fractions, Geographic Object-Based Image Analysis (GEOBIA), and machine learning
algorithms could improve LULC classification for mapping TCRAs in the state of São
Paulo, Brazil. Spectral, textural, and sub-pixel attributes derived from pan-sharpened
CBERS-4A/WPM imagery were combined into a unified feature dataset, and Random
Forest, XGBoost, Multilayer Perceptron, and Support Vector Machine classifiers were
evaluated. Random Forest achieved the best classification performance, with an overall
accuracy of approximately 0.66, demonstrating superior predictive capability compared
with the other tested algorithms. Feature importance analysis indicated that LSMM-derived
vegetation and shadow fractions contributed significantly to class discrimination. The
integration of spectral, spatial, and machine learning approaches provides an interpretable
and cost-effective framework for LULC mapping in highly fragmented tropical restoration
landscapes, supporting environmental monitoring and restoration assessment.

Keywords: image classification; machine learning; CBERS 4A

1. Introduction
Environmental restoration has become a global priority to mitigate biodiversity loss,

climate change, and ecosystem degradation, supporting international initiatives such as
the Bonn Challenge and the UN Decade on Ecosystem Restoration. Large-scale restoration
contributes to biodiversity conservation, carbon sequestration, erosion control, hydrological
regulation, and the recovery of ecosystem services, while increasing landscape resilience to
environmental change [1,2]. In Brazil, Environmental Restoration Commitment Agreements
(TCRAs), originally named Termos de Compromisso de Recuperação Ambiental, are legal instru-
ments established under environmental legislation to regulate the restoration of degraded
areas. Particularly in the state of São Paulo, these agreements define mandatory restoration
actions, implementation schedules, and monitoring requirements to ensure environmental
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compliance. Beyond their legal function, TCRAs play a fundamental ecological role by pro-
moting native vegetation regeneration, biodiversity conservation, landscape connectivity,
erosion control, and the recovery of ecosystem services in degraded landscapes [2,3].

Consequently, systematic monitoring of restoration trajectories is essential to evaluate
restoration success, quantify vegetation recovery, support adaptive management, and guide
environmental policies. Reliable monitoring methods also enable environmental agencies
to assess compliance with restoration agreements and improve decision-making processes
at regional scales [1,2]. However, tropical landscapes represent a challenge for remote
sensing applications due to their high spatial fragmentation, spectral heterogeneity, and
the coexistence of vegetation, exposed soil, urban areas, and water bodies within small
spatial units. These characteristics increase pixel mixing, reduce class separability, and can
decrease the performance of conventional pixel-based classification methods, particularly
when medium-resolution satellite imagery is used. In fragmented tropical environments,
the spectral response of a single pixel frequently represents a combination of multiple
land cover components, limiting the discrimination of complex classes and increasing
classification uncertainty.

In this context, monitoring highly fragmented restoration areas requires approaches ca-
pable of integrating complementary information derived from satellite imagery, including
spectral, sub-pixel, spatial, and textural attributes. The integration of these sources of infor-
mation may provide a more comprehensive representation of heterogeneous landscapes
and support land use and land cover (LULC) classification in restoration areas. Previous
studies have demonstrated the potential of spectral mixture analysis to represent mixed pix-
els and improve the characterization of heterogeneous land cover [4,5]. However, relatively
few studies have evaluated the complementary effects of integrating LSMM-derived frac-
tions, GEOBIA attributes, and multiple machine learning algorithms within a unified clas-
sification framework using freely available medium-resolution CBERS-4A/WPM imagery,
particularly for highly fragmented Environmental Restoration Commitment Agreement
(TCRA) areas. This gap motivates the investigation of integrated classification approaches
to support environmental restoration monitoring and decision-making.

In this context, this study investigates whether the integration of LSMM-derived
fractions, GEOBIA attributes, and machine learning algorithms can improve land use and
land cover classification in Environmental Restoration Commitment Agreements (TCRAs)
in the state of São Paulo, Brazil, using CBERS-4A/WPM imagery. Specifically, the study
evaluates the performance of Random Forest, XGBoost, Multilayer Perceptron, and Support
Vector Machine classifiers based on spectral, fractional, and textural attributes.

This study makes four main contributions to the remote sensing literature. First, it inte-
grates LSMM-derived fractions, GEOBIA attributes, and four machine learning algorithms
within a unified framework for LULC classification. Second, it evaluates the applicability
of freely available CBERS-4A/WPM imagery for monitoring highly fragmented environ-
mental restoration areas. Third, it investigates feature importance using SHAP to improve
model interpretability. Finally, it provides practical evidence supporting cost-effective
remote sensing approaches for monitoring TCRAs in tropical landscapes. The remainder
of this paper is organized as follows. Section 2 presents the literature review, focusing
on LULC classification in heterogeneous tropical landscapes, LSMM, GEOBIA, machine
learning, and their integration. Section 3 describes the study area, datasets, preprocessing
procedures, classification methods, and accuracy assessment. Section 4 presents and dis-
cusses the classification results and model performance. Finally, Section 5 summarizes the
main findings, limitations, implications, and directions for future research.
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2. Literature Review
2.1. Land Use and Land Cover Classification in Heterogeneous Tropical Landscapes

Land use and land cover (LULC) classification in tropical landscapes remains challeng-
ing because of high spatial and spectral heterogeneity, land cover fragmentation, and the
coexistence of vegetation, agricultural areas, exposed soils, urbanized areas, and water bod-
ies within relatively small spatial units. These conditions can reduce class separability and
increase classification uncertainty, particularly when medium-spatial-resolution imagery is
used, because individual pixels may represent more than one land cover component [6]. In
addition, within-class spectral variability and spectral similarity among different classes
can further complicate discrimination in fragmented environments [7,8].

Classification performance is influenced by several factors beyond the choice of algo-
rithm, including training data quality, feature selection, parameter optimization, and class
distribution [9,10]. Ghorbanzadeh et al. [10], for example, demonstrated that spectral het-
erogeneity and class imbalance can affect machine learning performance, whereas Sovann
et al. [11] showed that the integration of spectral, seasonal, and topographic information
can improve classification in tropical forest environments. These findings indicate that clas-
sification performance depends not only on the classifier itself but also on how landscape
characteristics are represented in the predictor space.

Recent LULC studies have therefore explored complementary spatial, textural, tem-
poral, and ancillary information. Oliveira et al. [12] demonstrated the applicability of
Sentinel-2/MSI imagery combined with Geographic Object-Based Image Analysis (GEO-
BIA) for LULC mapping in a seasonally dry tropical forest in Brazil. Lasko et al. [13]
integrated spectral and textural attributes, distance information, ancillary geospatial data,
and Random Forest, whereas Subedi et al. [14] combined Sentinel-2 time-series imagery,
high-spatial-resolution data, and machine learning for LULC mapping in heterogeneous
landscapes. Collectively, these studies demonstrate the value of representing land cover us-
ing complementary sources of information rather than relying exclusively on conventional
spectral features [9–14].

This issue is particularly relevant to Environmental Restoration Commitment Agree-
ments (Termos de Compromisso de Recuperação Ambiental—TCRAs), where small agri-
cultural fields, forest remnants, riparian vegetation, exposed soils, and anthropogenic
disturbances may occur in close proximity. Although multisource and object-based ap-
proaches have increasingly been investigated, the combined use of spectral, spatial, textural,
and sub-pixel information for LULC classification using CBERS-4A/WPM imagery remains
comparatively less explored in highly fragmented restoration landscapes. This context
provides a basis for investigating integrated classification approaches for TCRA areas in
the state of São Paulo, Brazil.

2.2. LSMM and GEOBIA as Complementary Approaches for LULC Classification

Spectral mixture analysis addresses the sub-pixel composition problem by decom-
posing pixel spectra into physically interpretable components. Its theoretical foundation
was established by Shimabukuro and Smith [4], while Roberts et al. [5] demonstrated the
potential of multiple endmember spectral mixture analysis to improve the representation of
mixed pixels by allowing different endmember combinations to be modeled for individual
pixels. Ponzoni and Shimabukuro [15] further emphasized the relevance of spectral mixture
approaches for characterizing vegetation structure and spectral behavior in heterogeneous
environments. The Linear Spectral Mixture Model (LSMM) has subsequently been applied
to environmental monitoring in tropical landscapes.

Hasan et al. [16] used spectral unmixing to derive vegetation, soil, and non-
photosynthetic vegetation fractions for assessing cumulative forest disturbances in the
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northeastern Amazon, while Cao et al. [17] applied multiple-criteria spectral mixture
analysis to characterize succession in tropical dry forests. These studies indicate that
fraction-based representations can provide information that complements conventional
spectral features when different land cover components coexist within individual pixels.

Whereas spectral mixture analysis characterizes the internal composition of pixels,
Geographic Object-Based Image Analysis (GEOBIA) represents land cover through spatially
meaningful image objects. By grouping neighboring pixels according to their spectral and
spatial characteristics, GEOBIA enables the incorporation of contextual, geometric, and
textural information that is not directly represented by individual pixel values [6,8]. Its
relevance to tropical LULC mapping has been demonstrated by Oliveira et al. [12], who
combined Sentinel-2/MSI imagery with object-based analysis in a seasonally dry tropical
forest in Brazil. Carvalho et al. [18] demonstrated the potential of GEOBIA using CBERS-
4A/WPM imagery for land cover classification, while Magalhães et al. [19] combined
CBERS-4A/WPM imagery with spectral indices, principal component analysis, pseudo-
labeling, and deep learning for LULC mapping.

LSMM and GEOBIA consequently provide complementary representations of het-
erogeneous landscapes: LSMM describes the proportional composition of mixed pixels,
whereas GEOBIA incorporates their spatial organization and contextual characteristics.
However, GEOBIA alone does not fully address sub-pixel composition, and fraction-based
representations do not explicitly describe object-level spatial structure. The combina-
tion of these approaches therefore provides an opportunity to represent both the internal
composition and spatial organization of land cover units. Although previous studies
have demonstrated the potential of CBERS-4A/WPM, LSMM, and GEOBIA individu-
ally or in other combinations [12,18,19], their integration with textural attributes and
machine learning remains comparatively less explored, particularly in fragmented tropical
restoration landscapes.

2.3. Machine Learning, Training Data, and Class Imbalance in LULC Classification

Machine learning algorithms have been widely applied to LULC classification be-
cause of their ability to model nonlinear relationships and integrate multiple predic-
tors [9,10]. Random Forest [20], XGBoost [21], Support Vector Machine [22], and Multilayer
Perceptron [23] represent different machine learning paradigms that have been applied to
complex classification problems involving high-dimensional remote sensing data. However,
the literature does not indicate that a single classifier consistently outperforms the others
across different datasets and environmental conditions. Maxwell et al. [9] showed that
classification performance depends on training data, feature space, parameter tuning, and
landscape complexity, while Belgiu and Drăgut, [24] highlighted the robustness of Random
Forest in remote sensing while emphasizing its dependence on the characteristics of the
input data and mapped classes.

Comparative studies have similarly demonstrated context-dependent performance.
Tan et al. [25] compared Random Forest and Support Vector Machine for land cover
classification, whereas Kupidura et al. [26] evaluated Random Forest, XGBoost, and Support
Vector Machine under different training sample sizes. These findings support comparative
experiments in which different machine learning paradigms are evaluated using the same
input features and validation framework.

The quality, representativeness, and distribution of training samples are also important
determinants of classification performance. Huang et al. [27] demonstrated that training
sample size can substantially influence classification accuracy, while Foody and Mathur [28]
emphasized that insufficient or poorly distributed samples can reduce model generalization.
Maxwell et al. [9] likewise identified training data quality, feature selection, parameter
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optimization, and class distribution as relevant factors affecting classification performance.
These considerations become particularly important in fragmented landscapes, where land
cover classes may occupy markedly different spatial extents.

Class imbalance can cause dominant classes to disproportionately influence model
training, whereas minority classes may be more difficult to discriminate. Ma et al. [8]
and Ghorbanzadeh et al. [10] highlighted the importance of landscape structure, object
characteristics, and class distribution in remote sensing classification, while recent stud-
ies have shown that imbalanced class distributions may bias classifiers toward majority
classes and reduce the representation of minority categories [29–31]. Consequently, Overall
Accuracy alone may not adequately describe classification performance, particularly when
dominant classes are prevalent. Class-specific measures, including F1-score and confusion
matrix analysis, provide complementary information for evaluating discrimination among
dominant and minority categories [29–32]. Sampling strategies such as undersampling,
oversampling, and synthetic sample generation have also been investigated to reduce the
effects of class imbalance [29–31].

Taken together, these findings indicate that classifier comparison should be conducted
within a consistent experimental framework that accounts not only for algorithmic differ-
ences but also for the characteristics and distribution of the training data. This is particularly
relevant when spectral, sub-pixel, spatial, and textural predictors are combined, as their
relative contribution to classification performance may vary according to the classifier and
the composition of the training dataset.

2.4. Integrated Approaches and Research Gap

The literature indicates that different methodological approaches address distinct
aspects of the LULC classification problem in heterogeneous landscapes. Spectral
mixture analysis provides information about the proportional composition of mixed
pixels [4,5,17], GEOBIA incorporates spatial, textural, geometric, and contextual char-
acteristics [6,8,12,18,19], and machine learning methods provide flexible frameworks for
integrating heterogeneous predictors and modeling nonlinear relationships with LULC
classes [9,20–26]. Previous studies have consequently explored combinations of spectral,
textural, object-based, temporal, ancillary, and machine learning information [12–14,18,19],
demonstrating the potential of complementary representations for improving
LULC characterization.

Nevertheless, important methodological gaps remain. Existing studies have gener-
ally focused on individual components or selected combinations, whereas the combined
use of LSMM-derived sub-pixel fractions, GEOBIA attributes, textural information, and
multiple machine learning algorithms within a common CBERS-4A/WPM-based classifica-
tion framework remains comparatively less explored. This gap is particularly relevant in
fragmented restoration landscapes, where small land cover units and heterogeneous spec-
tral responses can simultaneously affect pixel-level and object-level classification [6–8,10].
Evaluating these complementary representations under the same training and validation
framework can therefore provide a more systematic assessment of their suitability for
discriminating heterogeneous LULC classes.

Accordingly, the present study investigates the combined use of CBERS-4A/WPM im-
agery, LSMM-derived fractions, GEOBIA attributes, and four machine learning algorithms—
Random Forest, XGBoost, Support Vector Machine, and Multilayer Perceptron—for LULC
classification in TCRA areas in the state of São Paulo, Brazil. By evaluating these com-
ponents within a common experimental framework, the study assesses their suitabil-
ity for discriminating heterogeneous land cover classes and addresses the identified
methodological gap.
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2.5. Explainable Artificial Intelligence and SHAP for LULC Classification

The integration of spectral, fractional, spatial, and textural variables increases the
complexity of machine learning-based LULC classification and highlights the importance
of model interpretability. Explainable Artificial Intelligence (XAI) provides approaches for
interpreting model predictions and identifying the contribution of individual variables
to model outputs. Among these approaches, SHapley Additive exPlanations (SHAP)
quantifies the contribution of individual features to predictions based on Shapley values,
providing a theoretically grounded framework for interpreting complex machine learning
models [33,34]. Recent studies have demonstrated the applicability of SHAP to remote
sensing classification by identifying the relative contribution of spectral and environmental
variables to LULC predictions [35].

For tree-based models such as Random Forest, SHAP can complement conventional
feature-importance measures by providing an interpretable assessment of individual pre-
dictors [34]. This is particularly relevant when the input dataset combines different types
of information, such as spectral bands, LSMM-derived fractions, and GEOBIA-based
attributes. In the present study, SHAP analysis was therefore used to complement conven-
tional accuracy assessment by identifying the relative contribution of spectral, fractional,
and object-based features to model predictions. This analysis provides an additional in-
terpretative dimension to the proposed LULC classification framework and supports the
identification of the information most relevant for discriminating land cover classes in
fragmented TCRA landscapes.

3. Materials and Methods
3.1. Study Area and Data

Environmental Restoration Commitment Agreements (TCRAs) are distributed through-
out the state of São Paulo, Brazil, encompassing diverse environmental conditions, restora-
tion stages, and land cover configurations. For this study, a test area was selected based
on the high concentration of TCRAs and the occurrence of complex landscape condi-
tions, including pronounced spatial fragmentation and spectral heterogeneity, which rep-
resent major challenges for land use and land cover (LULC) classification using remote
sensing data [10].

The selected area comprises 47 municipalities located in the state of São Paulo
(Figure 1). These municipalities were identified from the official TCRA database pro-
vided by the São Paulo State Secretariat for Environment, Infrastructure and Logistics
(SEMIL), prioritizing regions with a high concentration of restoration polygons and het-
erogeneous environmental conditions [36]. Together, the 47 municipalities encompass a
substantial proportion of the TCRAs considered in the study and provide a spatial context
for evaluating the proposed LULC classification framework.

The study region is predominantly located within the Atlantic Forest biome, including
Dense Ombrophilous Forest and Seasonal Semideciduous Forest formations, as well as
other native vegetation types. The coexistence of native vegetation, agricultural fields,
pastures, urban areas, and restoration sites results in pronounced spatial and spectral
heterogeneity. Such landscape complexity increases the occurrence of mixed pixels and class
confusion, representing an important challenge for LULC classification in heterogeneous
environments [7,8,10].

Part of the selected area corresponds to locations previously investigated by the
research team. The accumulated field knowledge available for these sites supported
the interpretation of satellite imagery and contributed to the validation of the resulting
LULC maps.
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Figure 1. Location of the study area.

3.2. Data Preprocessing and Feature Extraction

Vector datasets containing the boundaries of Environmental Restoration Commitment
Agreements (TCRAs) were obtained from the São Paulo State Secretariat for Environment,
Infrastructure, and Logistics (SEMIL), with reference to June 2025 [36]. Multispectral satel-
lite imagery from the China–Brazil Earth Resources Satellite 4A Wide-field Panchromatic
and Multispectral (CBERS-4A/WPM) sensor was acquired through the DGI/INPE cata-
log between February and September 2025, covering orbit/path combinations 141/202,
142/203, and 143/204.

The WPM sensor provides four multispectral bands (blue, green, red, and near-
infrared) at 8 m spatial resolution, together with a 2 m panchromatic band. The spectral
characteristics and derived variables used in the analysis are presented in Table 1.

Table 1. Spectral bands and derived variables used in the analysis.

Source/Sensor Description/
Application Resolution (m) Spectral Range (µm) Variable/Band Category

CBERS-4A/WPM
Sensitive to reflectance

of water bodies and
urban areas

2 0.45–0.52 Blue (B1) Spectral

CBERS-4A/WPM Enhances vegetation
and exposed soils 2 0.52–0.59 Green (B2) Spectral

CBERS-4A/WPM
Useful for vegetation
discrimination and

agricultural use
2 0.63–0.69 Red (B3) Spectral

CBERS-4A/WPM High spatial resolution
at the pixel level 2 0.77–0.89 µm NIR Spectral

Derived from
multispectral bands

Proportion of exposed
soil in each pixel – – Soil fraction

Linear Spectral
Mixture Model

(LSMM)

Derived from
multispectral bands

Proportion of green
vegetation cover – – Vegetation fraction

Linear Spectral
Mixture Model

(LSMM)

Derived from
multispectral bands

Represents shaded
areas caused by terrain

or dense vegetation
– – Shadow fraction

Linear Spectral
Mixture Model

(LSMM)

Note: NIR = Near infrared.
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Preprocessing steps included radiometric and geometric corrections prior to spectral
decomposition. A pan-sharpening procedure was then applied to fuse the spectral informa-
tion from the four multispectral bands with the spatial detail of the panchromatic band,
producing multispectral images with a final spatial resolution of 2 m. The resulting images
were used for subsequent object-based segmentation and feature extraction.

The pan-sharpened multispectral images constituted the primary input for the subse-
quent processing steps. Spectral variables were derived directly from the four multispectral
bands, while sub-pixel information was obtained using the Linear Spectral Mixture Model
(LSMM). The LSMM was applied to estimate the proportions of soil, vegetation, and shade
within each pixel, following the approach described by Vasconcelos and Novo [37] and
the theoretical foundations of spectral mixture analysis [4,5]. The resulting fraction images
were incorporated into the feature extraction procedures.

Geographic Object-Based Image Analysis (GEOBIA) was subsequently applied to
the pan-sharpened CBERS-4A/WPM imagery. Image segmentation was used to generate
spatially homogeneous objects from which spectral, fractional, and textural attributes were
extracted. These object-based attributes complemented the original spectral bands and the
LSMM-derived fractions [6,8,18,19].

Following feature extraction, the spectral, fractional, and object-based attributes were
integrated into a unified feature dataset for subsequent classification. Particular attention
was given to the discrimination between consolidated native vegetation and areas under
natural regeneration, given their relevance to the assessment of restoration dynamics [1,3].
In addition, a temporal image mosaic was adopted to minimize seasonal effects and provide
a more stable representation of LULC classes, particularly in agricultural and transitional
environments [11,14].

The overall methodological workflow, including image acquisition, preprocessing,
spectral mixture analysis, GEOBIA segmentation, feature extraction, and integration of the
resulting variables, is presented in Figure 2.

3.3. Machine Learning Classification

The land use and land cover (LULC) classes used in the classification were defined
based on the classification system adopted by the MapBiomas Project, which served as
the reference framework for class definition in this study [37]. This approach ensured
compatibility with a nationally recognized LULC classification system. The selected classes
were defined according to their occurrence and relevance within the analyzed Environ-
mental Restoration Commitment Agreements (TCRAs), considering the predominance of
forest formation, pasture, and agricultural areas, as well as the presence of urban areas
and water-related classes. These classes represent the main land cover conditions and
restoration contexts observed within the study area.

A visual interpretation key was subsequently developed to support the recognition of
LULC patterns within the TCRA areas using CBERS-4A/WPM imagery in natural color
composition (R: Band 3, G: Band 2, B: Band 1). The key considered spectral response, color,
texture, shape, spatial arrangement, and landscape context to guide the identification and
characterization of the main LULC patterns prior to the classification procedure. The visu-
ally identified patterns were subsequently consolidated into the final classification scheme
according to their thematic relevance, spectral distinguishability, and the characteristics
of the available imagery. The consolidated classes were used consistently as the target
classes for the machine learning algorithms, and the corresponding interpretation criteria
are presented in Table 2.
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Figure 2. Steps in the methodology.

Table 2. Visual Interpretation Key for Land Use and Land Cover Classes.

WPM Image Criteria Characteristics Classes

Color: dark green. Texture:
rough and granular, adjacent to
an area of exposed soil. Shape:

sinuous and irregular, identified
as an area of native vegetation.

Area characterized by Dense
Ombrophilous Forest,

Semideciduous Forest, and
Pioneer Formation, composed of

distinct vegetation strata,
including the understory and

herbaceous layers.

Forest formation

Color: shades of green and light
brown. Texture: exhibiting minor
variations potentially caused by
shrubs, small tress, or the uneven

distribution of ground
vegetation. Shape: irregular,
with the presence of trails or

linear roads.

Planted pasture areas directly
associated with livestock

farming. Natural pasture areas
predominantly feature grassland
or flooded field formations and

may or may not be subject to
grazing practices.

Pasture
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Table 2. Cont.

WPM Image Criteria Characteristics Classes

Color: shades of white and pink,
predominant in built-up areas.

Texture: rough and
heterogeneous, with the presence

of various built and natural
elements. Shape: irregular and
fragmented, typical of an urban
environment with houses, streets,

and other constructions.

Areas with a significant density
of buildings and roads, including
infrastructure and open spaces.

Urban area

Color: light to medium green, or
light brown for exposed soil.
Texture: medium to smooth.,

without abrupt variations in tone.
Shape: regular and geometric,

characterized as a planned
agricultural area.

Temporary, perennial, and
semi-perennial crops

intentionally cultivated by
humans.

Crop

Color: dark blue to black.
Texture: smooth, formed by a

dyke or artificial. Shape: linear.
The color can range from black to

blue; the lighter the color, the
higher the sediment presence, It
shows little variation between

the dry and rainy seasons.

Rivers, lakes, dams, reservoirs,
and other water bodies. Flooded areas

The classification of the image objects was preceded by GEOBIA segmentation using
the Orfeo Toolbox 9.1.1 (OTB) integrated within the QGIS 4.0 environment. The objective
was to generate spatially and spectrally homogeneous image objects for subsequent feature
extraction and classification [6,8,38–40]. The segmentation parameters were set to scale = 10,
shape = 0.05, and compactness = 0.5. These parameters were selected to preserve fine-scale
spatial variability, which is particularly important in restoration areas characterized by
small and heterogeneous land cover patches. The low shape weight prioritizes spectral
information over geometric regularity [6,8,38]. Parameter selection was performed through
iterative visual assessment to reduce over-segmentation and under-segmentation and
ensure spatial consistency of the generated image objects [6,8,38].

Following segmentation, spectral, fractional, and textural attributes were extracted
from the image objects [6,8]. Descriptive statistics were calculated for the multispectral
bands and LSMM-derived fractions, including minimum, maximum, mean, standard
deviation, and the 5th, 25th, 50th, 75th, and 95th percentiles. A total of 63 attributes
were generated from the four multispectral bands (Blue, Green, Red, and NIR) and the
LSMM-derived soil, vegetation, and shadow fractions. The complete set of attributes is
presented in Table 3.
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Table 3. Table of Analyzed Attributes.

Description Attribute * Feature Group Category

Minimum reflectance (Blue band) blue_min Blue

Spectral

Maximum reflectance (Blue band) blue_max
Mean reflectance (Blue band) blue_mean

Standard deviation (Blue band) blue_std
5th percentile blue_p05
25th percentile blue_p25

Median (50th percentile) blue_p50
75th percentile blue_p75
95th percentile blue_p95

Same statistics applied to Green band green_ * Green
Same statistics applied to Green band red_ * Red
Same statistics applied to Green band nir_ * NIR

Fraction of soil component LSMM_solo_ * Soil
Fractional (LSMM)Fraction of shadow component LSMM_sombra_ * Shadow

Fraction of vegetation component LSMM_vegetation_ * Vegetation

* A total of 63 attributes were derived from the multispectral bands (Blue, Green, Red, and NIR)
and spectral mixture analysis (LSMM) components (soil, shadow, and vegetation). For each vari-
able, nine statistical descriptors were computed: minimum, maximum, mean, standard deviation,
and percentiles (5th, 25th, 50th, 75th, and 95th). NIR = Near infrared, LSMM = Linear Spectral
Mixture Model.

The resulting feature dataset combined spectral, LSMM-derived fractional, and GEO-
BIA object-based attributes. Feature selection procedures were applied prior to classifica-
tion to reduce redundancy among predictors and improve model efficiency. The resulting
dataset was subsequently used as input for four supervised machine learning classifiers:
Random Forest (RF), Extreme Gradient Boosting (XGB), Support Vector Machine (SVM),
and Multilayer Perceptron (MLP) [9,21–24].

Random Forest (RF) is an ensemble learning algorithm that constructs multiple deci-
sion trees from random subsets of samples and predictor variables, with the final classifica-
tion determined by majority voting [20,24]. Extreme Gradient Boosting (XGB) sequentially
constructs decision trees, with each iteration focusing on errors from previous models [21].
Multilayer Perceptron (MLP) is a feedforward artificial neural network trained using back-
propagation to model nonlinear relationships among predictor variables [23]. Support
Vector Machine (SVM) identifies an optimal decision boundary between classes and uses
kernel functions to model nonlinear relationships [22,27].

The Random Forest classifier was configured with 500 trees, with maximum depth
optimized during training. XGBoost was parameterized with a learning rate of 0.1 and a
maximum depth of 6. The SVM classifier used a radial basis function (RBF) kernel, while
the MLP consisted of a single hidden layer with 100 neurons.

3.4. Experimental Design and Accuracy Assessment

The sampling strategy considered the internal spectral and spatial variability of the
LULC classes to ensure representative samples across the dataset [9,11]. The dataset was
divided into training and validation subsets, with approximately 70% of the samples
allocated to model training and 30% reserved for independent validation. The training
subset was used for model calibration, whereas the validation subset was retained for
evaluating classification performance.

Class imbalance was observed in the dataset, particularly because Forest Formation
and Pasture contained substantially more samples than the minority classes. To mitigate
this imbalance, a balancing procedure was applied exclusively to the training dataset by
reducing the number of samples from the majority classes while preserving the available
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samples from the minority classes [30–32]. The validation dataset retained its original
class distribution, allowing model performance to be evaluated under the natural class
proportions observed in the study area. The resulting sample distribution and balancing
procedure are presented in Table 4.

Table 4. Table showing class distribution, balancing strategy, and division between training and validation.

Validation
Proportion

Training
Proportion Validation Training Class

Weight
Final

Samples
Balanced
Samples

Initial
Samples Class *

0.7 0.3 700 300 0.0079 1 1 6033 Forest Formation
0.7 0.3 700 300 0.0079 1 1 4818 Pasture
0.7 0.3 65 28 0.0853 93 93 93 Agriculture
0.7 0.3 46 20 0.1203 66 66 66 Land Use Mosaic
0.69 0.31 45 20 0.1221 65 65 65 Urban Area
0.71 0.29 39 16 0.1443 55 55 55 Wetlands
0.71 0.29 22 9 0.256 31 31 31 Water
0.71 0.29 22 9 0.256 31 31 31 Silviculture

* The coefficient of variation (CV) across class sample size was reduced from 1.79 (initial distribution)
to 0.49 (balanced dataset).

The coefficient of variation (CV) across class sample sizes was reduced from 1.79 in
the initial dataset to 0.49 after the balancing procedure, indicating a reduction in disparities
among class sample sizes in the training dataset.

Model performance was assessed using overall accuracy (OA), F1-score, and confusion
matrix analysis at both the overall and class levels [9]. These metrics were selected to evalu-
ate general classification performance and class-specific discrimination, particularly under
the observed class imbalance [32]. In addition, SHAP (Shapley Additive Explanations)
was applied to interpret model predictions by quantifying the contribution of individual
features to the classification outcomes based on Shapley values [33,34].

A single train–validation split was adopted because of the large number of segmented
objects and the computational cost associated with feature extraction and model training.
Although this strategy enabled the evaluation of model performance using an independent
validation subset while preserving the original class distribution, it may limit the statistical
generalization of the results. Therefore, future studies should incorporate k-fold cross-
validation and spatially stratified validation schemes to improve robustness and reduce
potential sampling bias in heterogeneous restoration landscapes.

4. Results and Discussion
This section presents the results of the analysis of CBERS 4A/WPM images, taking into

account spectral bands and LSMM fractions. It evaluates the performance of the classifiers
and the importance of each attribute in class discrimination.

4.1. Identification of TCRAs and Land Use and Land Cover Map

Table 5 presents a summary of the areas (in hectares) of the TCRAs evaluated in
this study, including descriptive statistics such as minimum, maximum, mean, standard
deviation, and variance. These indicators characterize the spatial heterogeneity of the
polygons analyzed, highlighting the coexistence of small-scale TCRAs—which may be more
susceptible to edge effects, spectral mixing, and greater influence from the surrounding
environment—and larger areas, which may exhibit greater internal homogeneity [4,16].
This variation in spatial scale reinforces the need to adopt methodological approaches
capable of capturing patterns across both compact areas and extensive polygons.
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Table 5. TCRA Data.

Value Metric

902 Number of TCRA polygons
0.27 ha Minimum Area
8.76 ha Maximum Area
6.02 ha Mean Area
1.86 ha Area standard deviation
3.40 ha Area variance

The land use and land cover map (Figure 3) shows a heterogeneous spatial distribution
of TCRAs in the study area, characterized by polygons of varying sizes, shapes, and levels
of fragmentation. Larger TCRAs, especially those associated with the Florestal Formation,
exhibit more continuous and homogeneous cover, while smaller or more fragmented
areas, such as urban areas, croplands, and pastures, display greater spatial complexity,
marked by the coexistence of agricultural matrices, bare soil, and vegetation at different
stages of succession.

 

Figure 3. Location and classification of land use and land cover.

This structural variability poses challenges for automatic classification, such as in-
creased spectral confusion between classes and the underrepresentation of less frequent
categories in classifier training. In scenarios with sample imbalance, these factors can
compromise the generalization ability of models [30,31].

In the present study, this effect was mitigated by applying balancing techniques to the
training set, reducing the influence of unequal class representation during model training
and promoting a more balanced learning process [30–32]. Nevertheless, performance
limitations persist for classes with greater internal heterogeneity, indicating that balancing,
while essential, does not completely eliminate the effects of spectral complexity.

In this context, the integration of the Linear Spectral Mixture Model (LSMM) with
supervised classification provided an additional source of subpixel information for class
discrimination [4,15,41]. By estimating the relative contributions of soil, vegetation, and
shade within individual pixels, LSMM can improve the representation of spatially hetero-
geneous landscapes and support the discrimination of land cover conditions affected by
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spectral mixing [16,39,40]. This approach is particularly relevant for fragmented restoration
landscapes, where multiple land cover components may occur within individual pixels.

4.2. Comparison of the Accuracy Results of the Classification Models Used

The Random Forest (RF) model showed the best overall performance, with an accuracy
of approximately 0.66, indicating its suitability for classifying the heterogeneous land use
and land cover patterns observed in TCRAs. This performance may be related to the
ensemble structure of Random Forest, which combines multiple decision trees generated
from different subsets of samples and predictor variables, increasing model robustness and
reducing sensitivity to individual decision boundaries [20,24]. The result is also consistent
with previous studies in heterogeneous remote sensing environments, in which tree-based
ensemble methods have demonstrated strong capability to model nonlinear relationships
and complex spectral responses [24,25].

The variation in accuracy as a function of the number of attributes (Top-k) exhibited
a nonlinear pattern, with substantial gains during the initial iterations, increasing from
approximately 0.40 (k = 1) to values above 0.60 at around k ≈ 10 (Figure 4). This pattern
indicates that a relatively small subset of variables contains a substantial proportion of
the discriminatory information required for land use and land cover classification in frag-
mented tropical restoration landscapes, whereas the contribution of additional attributes
becomes progressively smaller. Among these variables, LSMM-derived fractions may
have contributed to the early increase in accuracy, particularly those related to vegetation
abundance and shadow components, which provide information on sub-pixel composition
and differences in vegetation cover and illumination conditions [16,39,40].

Figure 4. Accuracy Over Time by Number of Attributes.

Maximum performance was reached near k ≈ 30, suggesting an optimal dimension-
ality for the dataset. Beyond this point, accuracy stabilized and subsequently decreased
slightly, indicating that additional attributes contributed limited discriminatory informa-
tion. This pattern reflects diminishing returns, whereby increasing the number of predictors
may increase computational complexity without providing corresponding improvements
in classification performance. In this context, the inclusion of highly correlated or weakly
discriminative variables may add noise to the feature space and limit the effectiveness of
the classifier, particularly in datasets characterized by substantial spectral variability [8,9].

Although the overall accuracy of approximately 0.66 indicates a moderate level of
classification performance, it should be interpreted in relation to the characteristics of
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the TCRAs analyzed. Small polygon sizes, fragmented land cover, and the coexistence
of different cover components within individual pixels increase classification uncertainty
and reduce class separability [4,5,16]. These characteristics are consistent with challenges
reported in previous studies of heterogeneous tropical environments, particularly those
involving mixed spectral responses, complex landscape patterns, and diffuse transitions
between classes [5,8,12]. In addition, the medium spatial resolution of the satellite imagery
may intensify mixed-pixel effects in areas undergoing secondary succession and presenting
heterogeneous vegetation structures [4,16].

Despite these constraints, the integration of LSMM, GEOBIA, and machine learning
provided complementary information for representing the spatial and sub-pixel charac-
teristics of the study areas. LSMM contributed information on the relative composition of
individual pixels, GEOBIA incorporated spatial context, and machine learning enabled
the integration of these attributes for class discrimination. This combination therefore
represents a suitable framework for land cover classification in complex tropical restoration
landscapes [6,9,16,39,40].

The variable-importance analysis (Figure 5) further supports the contribution of de-
rived attributes to classification performance. Variables associated with the Linear Spectral
Mixture Model (LSMM) were among the most relevant predictors, with the SHAP analysis
highlighting the minimum vegetation fraction (LSMM_vegetation_min) as particularly
influential. This result may be explained by the relatively persistent vegetation signal
in forested areas, which can facilitate their discrimination from pasture and agricultural
mosaic classes. By estimating the relative contribution of vegetation and other spectrally dis-
tinct components within individual pixels, LSMM provides information that complements
conventional spectral bands [4,16,39,40]. Previous studies have likewise demonstrated
the usefulness of spectral mixture analysis for characterizing vegetation conditions and
discriminating spectrally heterogeneous tropical environments [5,16,17].

Variables related to vegetation and shadow fractions were particularly relevant for
distinguishing forest formations, whereas the water class showed a strong association with
near-infrared attributes, consistent with its high spectral separability. In contrast, individual
spectral variables, including the blue, green, and NIR bands, showed moderate importance
when considered separately. These results indicate that combining original spectral infor-
mation with derived attributes can provide a more comprehensive representation of land
cover characteristics, particularly in heterogeneous landscapes [7,8,38,40].

Classes such as land-use mosaic, silviculture, and wetlands exhibited a more diffuse
distribution of variable importance, suggesting that their discrimination depends on multi-
ple attributes rather than on a single dominant predictor. Pasture also showed contributions
distributed across several variables, consistent with its intermediate spectral characteristics
and broad representation in the dataset. The lower contribution of individual attributes
for urban areas and wetlands may similarly reflect the influence of multiple landscape
components on their spectral responses.

The relevance of shadow fractions for distinguishing native vegetation formations is
particularly noteworthy. Shadow components can capture information related to canopy
structure, vertical stratification, and variations in illumination within vegetation canopies,
thereby providing an additional dimension for differentiating forest environments from
pasture and other anthropogenic land uses [16,39,40]. This result highlights the value
of derived attributes for characterizing structural properties that may not be adequately
represented by individual spectral bands.

The application of SHAP further improved model interpretability by quantifying the
contribution of individual predictors to classification outcomes [33–35]. In addition to iden-
tifying the most influential variables at the global level, SHAP provides local explanations
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of individual predictions, allowing model behavior to be examined in greater detail [33,34].
This approach was particularly useful for identifying the contribution of LSMM-derived
and object-based attributes to the classification results.

Figure 5. SHAP importance of attributes.

Figure 6 presents the correlation matrix of the 20 most relevant attributes
(Top-20), revealing strong associations among statistical descriptors derived from the
same variable groups, particularly spectral bands and LSMM-derived fractions. This
pattern indicates that some predictors contain overlapping information, which can in-
crease feature dimensionality and computational complexity without necessarily improving
classification performance [7,9].

The observed correlations are partly explained by the feature extraction strategy
adopted in this study. For each spectral band and LSMM-derived fraction, several object-
level statistical descriptors were calculated, including minimum, maximum, mean, standard
deviation, and percentiles. Because these descriptors summarize the same underlying
spectral distribution, a certain degree of correlation is expected. The potential redundancy
becomes more relevant when numerous spectral, fractional, and object-based attributes are
simultaneously incorporated into machine learning models [8,9].

Nevertheless, the correlation between spectral bands and LSMM-derived fractions
does not imply that these variables provide equivalent information. LSMM fractions offer a
physically interpretable representation of sub-pixel composition by explicitly estimating the
relative contributions of vegetation, soil, and shadow [4,16,39,40]. Their high importance
in the SHAP analysis suggests that, despite partial correlations with the original spectral
variables, they retain information relevant to class discrimination.

Among the evaluated classifiers, Support Vector Machine (SVM) presented the lowest
performance. This result may be related to the high dimensionality of the feature space,
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spectral overlap among classes, and the nonlinear variability of the study area. SVM
performance depends on class separability, training-sample characteristics, and classifier
and kernel configuration [22,27,28]. Under heterogeneous remote sensing conditions,
overlapping class distributions can make the identification of effective decision boundaries
more challenging [22,27,28].

Figure 6. Correlation between attributes (Top 20).

These characteristics are particularly relevant to the TCRA dataset, in which small
restoration areas, transitional vegetation, pasture, agricultural areas, and remnants of native
vegetation may occur in close spatial proximity. Such spatial arrangements can increase
spectral overlap and classification uncertainty [8,9]. Foody and Mathur [28] demonstrated
the influence of mixed spectral responses and training-sample characteristics on supervised
classification, while Mountrakis et al. [22] emphasized the dependence of SVM performance
on feature-space characteristics and classifier configuration.

The lower SVM accuracy observed here should therefore not be interpreted as evidence
that SVM is intrinsically unsuitable for remote sensing classification. Rather, it suggests that
the specific combination of feature dimensionality, class overlap, mixed spectral responses,
and unequal class representation in the TCRA dataset was less favorable to SVM than
to the ensemble-based classifiers. This interpretation is consistent with previous studies
showing that classifier performance depends on the interaction among the algorithm,
feature representation, training data, and landscape characteristics [9,22,27,28].

Overall, the variable-importance and correlation analyses demonstrate that classi-
fication performance depends not only on the number of predictors but also on their
discriminatory value, complementarity, and degree of redundancy. The results support the
integration of original spectral variables with LSMM-derived fractions and object-based
attributes, while emphasizing the importance of feature selection to retain informative
predictors, reduce redundancy, and improve computational efficiency [7,9,16,38,40].

The LSMM components (vegetation, soil, and shadow) exhibited distinct correla-
tion patterns with one another and with the multispectral bands, reflecting differences in
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the physical properties and sub-pixel composition of the analyzed targets. In particular,
shadow-related variables showed negative correlations with vegetation and near-infrared
attributes, consistent with contrasting responses associated with vegetation structure and il-
lumination conditions [4,16,39,40]. These relationships provide additional evidence that the
fractional components capture aspects of pixel composition that are not directly represented
by the original spectral bands.

The relationships among spectral variables, including red_mean and green_mean, also
indicate differences in the internal spectral variability of land-cover classes. More ho-
mogeneous targets tend to present more consistent responses, whereas classes such as
urban areas and wetlands may exhibit greater dispersion because of the coexistence of
multiple materials and land-cover components within the same objects [7,8]. This variation
supports the use of combined spectral, fractional, and object-based attributes, particularly
for representing classes with complex internal composition and lower representation in
the dataset [6–9].

Class imbalance may have further influenced classifier performance, particularly
for less represented categories. Imbalanced training datasets can favor majority classes
and reduce the ability to correctly identify minority categories, especially when class
distributions overlap in high-dimensional feature spaces [30–32]. Although balancing
was applied to the training dataset in this study, differences in class-level performance
indicate that this procedure alone was insufficient to fully compensate for variation in class
representation and separability.

Figure 7 shows that the tree-based ensemble models, particularly Random Forest
(RF) and XGBoost (XGB), achieved stronger class discrimination, as indicated by the
greater concentration of correct predictions along the main diagonal of the confusion
matrices. In contrast, SVM presented a more dispersed pattern of errors among classes. The
performance of RF and XGB is consistent with the ability of tree-based ensemble approaches
to capture nonlinear relationships and interactions among multiple predictors, which can be
advantageous when integrating spectral, fractional, and object-based information [20,21,24].

Overall, the classification accuracies were approximately 0.66 for RF, 0.63 for XGB, and
0.62 for MLP, indicating moderate performance across the evaluated models. Rather
than reflecting a limitation of a single predictor or classifier, these results highlight
the difficulty of simultaneously discriminating multiple land-cover classes with differ-
ent levels of spectral variability, spatial complexity, and representation in the reference
dataset [5,9,16]. The integration of multispectral information, LSMM-derived fractions,
and object-based attributes therefore provides a useful framework for mapping complex
restoration landscapes, while further gains may be obtained through more extensive spatial
validation, expanded and better-balanced reference datasets, and the incorporation of
complementary temporal or ancillary information.

The forest formation class showed comparatively high classification performance,
although some confusion with pasture was observed, indicating partial spectral simi-
larity between these vegetated classes [5,16]. Land-use mosaic and wetlands exhibited
greater dispersion of classification errors, consistent with the greater diversity of land-
cover components represented within these classes [8,16]. In contrast, water achieved
comparatively high classification performance, likely because of its distinctive spectral
response, particularly in the near-infrared region, which increases its separability from most
terrestrial classes.

Despite the balancing of the training dataset, differences in class representation and
variability remained relevant to model performance. In addition, the use of a single train–
validation partition limits the assessment of performance variability and may reduce the
statistical robustness and generalizability of the reported estimates. Cross-validation and
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spatially stratified validation are therefore recommended for future studies to provide more
robust and reproducible estimates, particularly when assessing classification performance
across spatially heterogeneous landscapes. This consideration is especially important for
environmental monitoring applications, in which differences in class-level accuracy can
influence the detection and interpretation of land-cover changes.

Figure 7. Confusion matrix for the MLP, RF, SVM, and XGB models.

Class imbalance was another relevant factor, with Forest Formation and Pasture
substantially more represented than minority classes such as Water and Silviculture. Imbal-
anced datasets may bias machine learning models toward majority classes, reducing the
identification of less represented categories and affecting class-specific performance [30–32].
Although the balancing strategy adopted in this study improved the distribution of samples
in the training dataset, reducing the number of majority-class samples may also discard
potentially informative observations. Future studies could therefore evaluate alternative
approaches, such as class weighting and synthetic sampling, in combination with spatially
stratified validation to assess their effects on model robustness and generalizability [30–32].

Figure 8 shows that Random Forest (RF) and XGBoost (XGB) achieved the highest
overall accuracies, approximately 0.66 and 0.63, respectively, followed by Multilayer Percep-
tron (MLP), with approximately 0.62. Support Vector Machine (SVM) showed substantially
lower performance, with an overall accuracy of approximately 0.10. The stronger perfor-
mance of RF and XGB is consistent with the ability of tree-based ensemble methods to
represent nonlinear relationships and interactions among high-dimensional predictors in
heterogeneous remote sensing datasets [9,20,21,24].
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Figure 8. Quantitative Comparison of the Models.

The precision results showed a different pattern across the classifiers. RF achieved the
highest precision (approximately 0.58), followed by XGB and MLP, whereas SVM presented
a substantially lower value (approximately 0.24). Recall values were more similar among
the models, ranging from approximately 0.33 for RF to 0.43 for SVM. Consequently, the
F1 scores were approximately 0.38 for RF, 0.40 for MLP, 0.14 for SVM, and 0.41 for XGB,
indicating a marked imbalance between precision and recall for SVM. Kappa values were
approximately 0.38–0.41 for RF, MLP, and XGB, compared with approximately 0.06 for
SVM. Taken together, these metrics indicate that RF and XGB provided a more balanced
combination of classification performance, whereas the low precision and F1 score of SVM
reveal greater difficulty in producing reliable class assignments despite its comparatively
higher recall [22,27,28].

Regarding class balance, XGBoost showed the most consistent overall class-level
performance, with an F1 score of approximately 0.41 and Recall of approximately 0.40,
followed by MLP, whereas RF presented a higher Precision (approximately 0.58). Al-
though RF achieved the highest accuracy during the Top-k feature-selection procedure
(approximately 0.66), the final comparative evaluation showed slightly higher overall
accuracy for XGBoost and MLP (approximately 0.63) than for RF (approximately 0.62).
This difference indicates that overall accuracy alone may not fully represent classifier
performance when class frequencies are unequal, as majority classes can have a greater in-
fluence on aggregate metrics [30–32]. In contrast, SVM exhibited substantially lower
overall performance, with an F1 score of approximately 0.14 and Kappa of approxi-
mately 0.06, indicating greater difficulty in producing reliable class assignments across the
evaluated categories [22,27,28].

The comparison of complementary metrics further highlights differences among the
classifiers. RF showed the highest Precision (approximately 0.58), whereas XGB achieved
the highest Kappa (approximately 0.41) and F1 (approximately 0.41), with MLP showing
similar values (Kappa ≈ 0.39; F1 ≈ 0.40). SVM presented a comparatively high Recall
(approximately 0.43), but this was not accompanied by comparable Precision
(approximately 0.24) or F1 performance, indicating a less balanced classification outcome.
These results emphasize the importance of considering multiple evaluation metrics when
comparing classifiers under imbalanced conditions, since overall accuracy may not ade-
quately reflect differences in class-specific recognition [30–32]. Thus, the final comparative
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results do not indicate a single model as superior across all metrics; rather, XGBoost pro-
vided the most balanced overall performance, while RF showed the highest Precision and
the strongest result during the Top-k feature-selection procedure [20,21,24].

Thus, although XGBoost exhibited greater balance across class-level performance
metrics, it provided the strongest overall performance in the final comparative evalua-
tion. Random Forest, however, achieved the highest Precision and the strongest result
during the Top-k feature-selection procedure. These results highlight the importance of
considering both overall and class-specific metrics when selecting a classifier for complex
restoration landscapes [20,21,24].

The ROC curves shown in Figure 9 reveal differences in the discriminative capacity of
the XGBoost model across the mapped classes. The highest AUC values were obtained for
Water (0.99), Silviculture (0.93), and Crops (0.90), indicating strong discrimination for these
classes. The high AUC for Water is consistent with its distinctive spectral response, particu-
larly its low reflectance in the near-infrared (NIR) region, which facilitates its separation
from most terrestrial land-cover classes. The high AUC for Silviculture may be associated
with the relatively consistent spectral and structural characteristics of planted vegetation,
whereas the high AUC for Crops indicates effective discrimination of this class within the
integrated feature space.

Figure 9. ROC Curves (One-vs-Rest).

Intermediate AUC values were observed for Urban area (0.81), Native forest (0.79),
and Pasture (0.77), whereas Land use mosaic and Wetland showed lower values (0.67 for
both classes). These differences indicate that the XGBoost model was more effective in
distinguishing classes with comparatively distinctive spectral or structural characteristics,
while classes represented by more diverse or overlapping land-cover conditions showed
lower discriminative capacity. Overall, the ROC analysis complements the classification
metrics by showing that model performance varied substantially among classes, with
Water, Silviculture, and Crops being the most readily discriminated categories and Land
use mosaic and Wetland presenting the greatest discrimination challenges.
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The Urban area (AUC = 0.81), Forest Formation (0.79), and Pasture (0.77) classes
showed intermediate discriminative performance, indicating greater overlap with other
categories in the feature space. Forest Formation and Pasture may be particularly chal-
lenging to separate because of similarities in vegetation abundance, canopy conditions,
and illumination effects, despite differences detectable in the red, green, and near-infrared
(NIR) regions [16,39,40]. The performance of Urban area may likewise reflect the diversity
of materials and surface conditions represented within this class [7,8].

The lowest AUC values were obtained for Land-use mosaic and Wetland (0.67 for both
classes), indicating greater overlap with other categories. Their lower discriminative perfor-
mance may be related to the diversity of land-cover components and transitional conditions
represented within these classes [5,8,16]. Seasonal changes in vegetation condition, soil
exposure, and water availability may further modify their spectral responses, increasing
temporal variability [12,15]. These results indicate that Land-use mosaic and Wetland
require greater caution when used in applications involving automated classification and
change detection.

The differences in class-level discriminative performance have direct implications for
environmental monitoring. Water and Silviculture, which showed the highest AUC values,
can be mapped with greater confidence, whereas Forest Formation and Pasture require
greater attention in multitemporal analyses. Land-use mosaic and Wetland represent
the most challenging classes and may benefit from complementary temporal or ancillary
information to improve classification reliability [12,15].

The integration of GEOBIA attributes with LSMM-derived fractions provided com-
plementary spatial and sub-pixel information for the classification. LSMM characterized
the relative abundance of vegetation, soil, and shadow components, whereas GEOBIA
incorporated object-level spatial, textural, and contextual properties [4,6,16,39,40]. This
combination is particularly relevant to TCRA environments, where restoration areas may
encompass different vegetation stages and land-cover configurations within relatively
small spatial units [1,3,17,18]. Object-based approaches can also reduce some limitations of
pixel-level classification by incorporating spatial context into the analysis [6].

The class-specific SHAP analysis (Figure 10) revealed differences in the contribution
of predictors among land-cover categories. For Forest Formation, LSMM-derived frac-
tions, particularly vegetation and shadow, showed strong influence. Vegetation fractions
represent the relative abundance of vegetated components within each pixel, whereas
shadow fractions provide information related to canopy structure and illumination con-
ditions [16,39,40]. Their contribution may therefore facilitate the separation of Forest
Formation from Pasture and other classes with less complex vegetation structure [17,18].

In pasture areas, the combined contribution of soil and vegetation fractions re-
flects differences in vegetation abundance, soil exposure, and seasonal variations in
herbaceous cover [12,16,17]. The land-use mosaic class shows a diffuse distribution of
SHAP values, indicating strong spectral mixing associated with heterogeneous land-cover
composition [8,16,18]. In contrast, the water class exhibits a well-defined pattern dominated
by near-infrared attributes, consistent with the low reflectance of water in this spectral
region and its high separability from most terrestrial classes. Silviculture shows a greater
concentration of vegetation-related attributes, suggesting greater structural and spectral
consistency than more heterogeneous vegetated classes.

The urban and wetland classes display greater dispersion in SHAP values, with no
clear dominance of individual attributes, reflecting the coexistence of multiple spectral com-
ponents within these classes [8,11]. Overall, the observed patterns highlight the influence
of biophysical properties and spectral mixing on class-specific model responses [16,17,40].
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Figure 11 presents the SHAP dependence plots for LSMM_vegetacao_min and
LSMM_solo_p95, highlighting the influence of these variables on model predictions.
LSMM_vegetacao_min shows an approximately monotonic increase in SHAP contribu-
tion, particularly at higher values, indicating that its effect varies across the feature space
and that nonlinear relationships are captured by the tree-based model. Through recur-
sive partitioning of the predictor space, tree-based ensemble methods can represent such
complex relationships, which is particularly relevant for heterogeneous remote sensing
datasets [21,25,26]. The non-uniform contribution of LSMM_vegetacao_min across its range
further suggests that specific vegetation-fraction intervals may reflect differences in the
sub-pixel composition of the mapped targets [4,16,39,40].

Figure 10. SHAP by Class.

On the other hand, the LSMM_solo_p95 attribute shows an inverse and nonlinear
relationship with the model response, with lower values associated with higher positive
SHAP contributions and increasing values leading to a progressive reduction in predic-
tive influence. This pattern indicates varying sensitivity across the feature space, with
stronger effects within specific value ranges and greater stabilization or dispersion at
extreme values. Such behavior is consistent with the nonlinear structure of tree-based
models, which represent predictor effects through recursive partitioning of the feature
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space [20,21,25]. The influence of LSMM-derived soil fractions may also reflect variations in
sub-pixel composition, particularly in heterogeneous landscapes where soil exposure and
vegetation cover vary spatially [4,16,39–41]. Overall, the observed relationship suggests
that the contribution of soil-related attributes is conditioned by interactions among bio-
physical properties, sub-pixel composition, and spectral variables rather than by a simple
linear response [16,40,41].

Figure 11. SHAP Dependency Plots.

5. Conclusions
This study evaluated the integration of Linear Spectral Mixture Model (LSMM) frac-

tions, textural attributes, Geographic Object-Based Image Analysis (GEOBIA), and machine
learning algorithms for land use and land cover (LULC) classification in Environmental
Restoration Commitment Agreements (TCRAs) in the state of São Paulo, Brazil. Among
the evaluated classifiers, Random Forest achieved the best overall performance (0.66),
followed by XGBoost (0.63) and Multilayer Perceptron (0.62), whereas Support Vector
Machine showed substantially lower performance (0.10). Water bodies and forest formation
exhibited greater class separability, while more heterogeneous classes showed greater classi-
fication uncertainty. These results indicate that combining spectral, sub-pixel, textural, and
object-based information can improve the representation of heterogeneous and fragmented
restoration landscapes.

Classification performance was affected by spectral and structural variability, class
imbalance, and landscape complexity. LSMM fractions provided information on sub-
pixel composition, while GEOBIA incorporated spatial and textural characteristics, com-
plementing the spectral information used by the classifiers. Nevertheless, the use of a
single training–validation split and medium-resolution imagery limits the statistical ro-
bustness and generalization of the results and should be considered when interpreting the
reported accuracies.

From an applied perspective, the proposed framework shows potential for supporting
LULC monitoring in TCRAs using freely available CBERS-4A/WPM imagery. Its com-
bination of complementary image attributes and machine learning offers a cost-effective
approach for characterizing fragmented restoration areas and supporting environmental
monitoring and decision-making. Future research should assess spatially stratified cross-
validation, time-series imagery, higher spatial resolution data, and alternative machine
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learning and deep learning methods to enhance the robustness and generalizability of
LULC classification in heterogeneous restoration landscapes.
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