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Abstract

Accurate land cover information is essential for environmental management, urban planning,
and sustainable development. This study presents a geospatial data fusion framework for land
cover mapping using Google Earth Engine (GEE). The framework integrates Landsat 9
imagery, five spectral indices (NDVI, NDWI, NDBI, BSI, and SAVI), and ALOS Digital
Surface Model (DSM) data. The methodology was applied in Hamedan Province, Iran, to
classify four land cover classes: water bodies, vegetation, urban areas, and bare lands. Five
supervised machine learning algorithms—Random Forest (RF), Support Vector Machine
(SVM), Classification and Regression Tree (CART), Gradient Tree Boosting (GTB), and
Minimum Distance (MD)—were evaluated. Classification performance was assessed using
overall accuracy, producer accuracy, user accuracy, and the Kappa coefficient. Results showed
that integrating spectral and topographic features improved class separability and classification
accuracy. RF achieved the best performance with an overall accuracy of 98% and a Kappa
coefficient 0of 0.97, followed by GTB. In contrast, MD produced lower accuracy and was more
affected by spectral confusion. The findings demonstrate the effectiveness of cloud-based
machine learning and multi-source geospatial data fusion for accurate land cover mapping and
support applications in environmental monitoring, resource management, and spatial planning
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1. Introduction

Accurate and up-to-date land cover information is a fundamental requirement for
environmental management, sustainable urban development, infrastructure planning, natural
resource assessment, and spatial decision-making. Land surface monitoring has emerged as a
critical scientific discipline that investigates the dynamics of terrestrial environments through
the analysis of remotely sensed observations, including satellite imagery and aerial
photographs (Borgogno-Mondino et al., 2018). Advances in Earth observation technologies
have significantly expanded the availability of geospatial information, enabling continuous
monitoring of environmental processes across multiple spatial and temporal scales (Nelson et
al., 2022; Ouchra et al., 2022a).

Remote sensing applications have become increasingly important in a wide range of
disciplines, including urban planning, agriculture, environmental monitoring, water resource
management, disaster assessment, and mineral exploration (Nelson et al., 2022; Saraei et al.,
2023; Ouchra et al., 2022b; Ouchra et al., 2022¢). The ability of satellite sensors to provide
repetitive, large-scale, and cost-effective observations has transformed the way land surface
dynamics are analyzed. Consequently, land cover mapping has become one of the most active
research areas in geospatial science and environmental engineering (Ouchra et al., 2022d;
Ouchra et al., 2022¢; Ouchra & Belangour, 2021; Hu et al., 2018; Xiao et al., 2021; Qiu et al.,
2025). Despite substantial progress in image analysis techniques, accurate discrimination of
land cover classes remains a challenging task because different surface features frequently
exhibit similar spectral and textural characteristics. Furthermore, heterogeneous landscapes
often contain complex spatial patterns where vegetation, urban areas, bare lands, and water
bodies overlap spectrally, increasing classification uncertainty (Ouchra et al., 2022d; Ouchra
et al., 2022e; Ouchra & Belangour, 2021; Hu et al., 2018).

In recent years, machine learning (ML) techniques have demonstrated remarkable success in
managing large and high-dimensional datasets across various scientific and engineering
domains (Torki, 2025). Compared with traditional statistical approaches, machine learning
algorithms are capable of modeling nonlinear relationships and extracting complex patterns
from remotely sensed data, thereby improving classification performance and robustness
(Ouchra et al., 2022¢; Xiao et al., 2021; Qiu et al., 2025). The increasing availability of satellite
imagery, together with advances in computational capabilities, has accelerated the adoption of
machine learning methods for automated land cover mapping and environmental monitoring
applications (Dhingra & Kumar, 2019; Rabbi et al., 2020; Usama et al., 2019).

The production of accurate land cover maps generally involves two major stages: feature
extraction and classification. Feature extraction aims to identify the most informative
characteristics from remotely sensed imagery while reducing data redundancy and
computational complexity. Once relevant features have been extracted, machine learning
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classifiers can be employed to assign each pixel to a predefined land cover category. Among
the most widely used supervised learning algorithms are Support Vector Machine (SVM),
Random Forest (RF), Classification and Regression Tree (CART), Gradient Tree Boosting
(GTB), and other ensemble-based approaches that have shown promising performance in
remote sensing applications (Xiao et al., 2021; Qiu et al., 2025).

Supervised classification techniques rely on representative training samples to learn the
spectral and spatial characteristics of different land cover classes (Dhingra & Kumar, 2019;
Rabbi et al., 2020; Usama et al., 2019). In contrast, unsupervised methods group pixels
according to inherent similarities without requiring prior knowledge of class labels. Numerous
studies have demonstrated that supervised machine learning algorithms generally outperform
traditional classification methods, particularly when high-quality training data and
complementary geospatial information are available (Basheer et al., 2022; Palanisamy et al.,
2023; Yang et al., 2021; Wahbi et al., 2023).

Recent developments in Earth observation systems have further enhanced land cover mapping
capabilities. Landsat 9, the latest mission in the Landsat program, provides improved
radiometric performance and data continuity for environmental monitoring applications
(NASA, 2023a; NASA, 2023b). However, relying solely on multispectral imagery may not be
sufficient for distinguishing spectrally similar land cover classes. To overcome this limitation,
researchers increasingly integrate spectral indices and auxiliary geospatial datasets into
classification workflows (Feng et al., 2022; Palanisamy et al., 2023; Capolupo & Tarantino,
2023). Spectral indicators such as the Normalized Difference Vegetation Index (NDVI),
Normalized Difference Water Index (NDWI), Normalized Difference Built-up Index (NDBI),
Bare Soil Index (BSI), and Soil-Adjusted Vegetation Index (SAVI) enhance the representation
of vegetation, water bodies, urban areas, and bare lands, thereby improving class separability
and classification accuracy (Rouse et al., 1974; McFeeters, 1996; Zha et al., 2003; Diek et al.,
2017; Huete, 1988).

In addition to spectral information, topographic variables derived from Digital Surface Models
(DSMs) provide valuable complementary information for land cover characterization.
Elevation-related features can reduce spectral confusion and improve the discrimination of
heterogeneous land surface conditions. Consequently, the integration of multisource geospatial
data has emerged as an effective strategy for enhancing classification performance and
producing more reliable land cover products (Feng et al., 2022; Palanisamy et al., 2023; Ouchra
etal., 2023).

Another major advancement in geospatial analysis is the emergence of cloud-based geospatial
computing platforms. Google Earth Engine (GEE) has revolutionized remote sensing research
by providing direct access to extensive satellite archives and large-scale computational
resources through a cloud-based environment (Chen et al., 2024; Pratico et al., 2021; Yang et
al., 2022). The platform enables efficient processing of massive geospatial datasets without the
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need for local storage or high-performance computing infrastructure (Tamiminia et al., 2020).
As a result, GEE has become one of the most widely used platforms for environmental
monitoring, land cover mapping, climate studies, flood assessment, and natural resource
management (Chen et al., 2024; Yang et al., 2021; Johary et al., 2023; Kazemi Garajeh et al.,
2024).

Although numerous studies have investigated machine learning-based land cover classification
using remotely sensed imagery (Basheer et al., 2022; Palanisamy et al., 2023; Ouchra et al.,
2023), several research gaps remain. First, many studies focus on evaluating individual
classifiers without comprehensively investigating the combined contribution of spectral indices
and topographic information within a unified analytical framework. Second, comparative
assessments of multiple machine learning algorithms using Landsat 9 imagery remain
relatively limited, particularly in semi-arid environments characterized by diverse land cover
patterns. Third, the potential of cloud-based geospatial data fusion approaches for supporting
environmental management and sustainable urban planning requires further investigation.

To address these challenges, this study develops a cloud-based geospatial data fusion
framework for land cover mapping in Hamedan Province, Iran. Landsat 9 multispectral
imagery, spectral indices (NDVI, NDWI, NDBI, BSI, and SAVI), and ALOS Digital Surface
Model (DSM) data were integrated within the Google Earth Engine environment. Five
supervised classification algorithms, including Support Vector Machine (SVM), Random
Forest (RF), Classification and Regression Tree (CART), Minimum Distance (MD), and
Gradient Tree Boosting (GTB), were evaluated for the classification of four major land cover
classes, namely water bodies, vegetation, urban areas, and bare lands.

The main contributions of this study are threefold: (i) the development of a multi-source
geospatial data fusion workflow for land cover mapping, (ii) a comprehensive comparison of
five machine learning classifiers within a cloud-computing environment, and (iii) the
identification of an effective framework for supporting environmental monitoring, spatial
planning, and sustainable land management applications. The findings provide valuable
insights into the role of machine learning and cloud-based geospatial analytics in improving
land cover classification accuracy and supporting evidence-based decision-making.

2. Materials and Methods
2.1. Study Area

The proposed framework was implemented in Hamedan Province, western Iran, which is
characterized by diverse topographic and land cover conditions. The province is located
between 47°34'E and 49°36'E longitude and 32°59'N and 35°48'N latitude, covering an area
of approximately 19,590 km?. Hamedan includes mountainous regions associated with the
Zagros Mountain system, agricultural lands, urban settlements, water bodies, and extensive
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bare land areas, making it an appropriate case study for evaluating land cover classification
algorithms under heterogeneous environmental conditions (Figure 1).

200N

- case study: Hmedan (IRAN)
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Figure 1. Geographic location of the study area (Hamedan Province, Iran).

2.2. Data Sources
Three categories of geospatial data were utilized in this study:

1. Landsat 9 Operational Land Imager (OLI) surface reflectance imagery;
2. Spectral indices derived from Landsat 9 bands;
3. ALOS Digital Surface Model (DSM) data.

Landsat 9 imagery was selected because of its improved radiometric quality, 30-m spatial
resolution, and suitability for environmental monitoring applications (NASA, 2023a; NASA,
2023b; Masoumi et al., 2017; Capolupo & Tarantino, 2023). Surface reflectance products
available through Google Earth Engine (GEE) were employed to minimize atmospheric effects
and ensure consistency among observations.

To improve class separability, five spectral indices were generated:

e NDVI (Normalized Difference Vegetation Index) (Rouse et al., 1974)
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o« NDWI (Normalized Difference Water Index) (McFeeters, 1996)
o NDBI (Normalized Difference Built-up Index) (Zha et al., 2003)
o BSI (Bare Soil Index) (Diek et al., 2017)

e SAVI (Soil Adjusted Vegetation Index) (Huete, 1988)

Additionally, elevation information derived from ALOS-DSM was incorporated as an auxiliary
variable to enhance discrimination among spectrally similar land cover classes.

2.3. Methodological Framework
The overall methodological workflow adopted in this study is illustrated in Figure 2.
The workflow consists of five sequential stages:

Acquisition and preprocessing of Landsat 9 imagery;
Generation of spectral indices and integration with DSM data;
Collection of training and validation samples;

Supervised classification using machine learning algorithms;

M

Accuracy assessment and comparative performance analysis.

The entire workflow was implemented within the Google Earth Engine cloud-computing
environment, allowing large-scale geospatial processing without local computational
constraints (Chen et al., 2024; Pratico et al., 2021; Yang et al., 2022; Ouchra & Belangour,
2021b; Tamiminia et al., 2020).

2.4. Image Pre-processing

Image preprocessing represents a critical stage in remote sensing applications because it
directly affects the quality of subsequent classification results (Wiirsch et al., 2017).

In this study, Landsat 9 Surface Reflectance imagery acquired during 2025 was accessed
through the Google Earth Engine platform. Cloud-contaminated observations were removed
and image compositing procedures were applied to generate a representative cloud-free image
for the study area.

The use of GEE enabled direct access to satellite archives and automated preprocessing
operations, including image filtering, mosaicking, and clipping to the study area boundary
(Chen et al., 2024; Yang et al., 2022).
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Figure 2. Overall methodological framework adopted for land cover mapping and classifier evaluation.
2.5. Feature Engineering and Geospatial Data Fusion

Feature engineering was performed to increase the discriminatory power of the classification
process.

A multi-source geospatial data fusion approach was adopted in which spectral bands, spectral
indices, and topographic information were integrated into a unified feature space.

The spectral indices were computed as follows:

Normalized Difference Vegetation Index (NDVI)

Nir — Red
Nir + Red

where NIR and Red denote the near-infrared and red spectral bands, respectively.

Normalized Difference Water Index (NDWI)

Green — Nir
Green + Nir

used to enhance the detection of water bodies.
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Normalized Difference Built-up Index (NDBI)

Nir — Swir
Nir + Swir

which highlights urban and built-up features.
Bare Soil Index (BSI)

Green + Nir
Green — Nir

for identifying exposed soil surfaces.
Soil Adjusted Vegetation Index (SAVI)

(Nir — Red)(1 + L)
(Nir + Red + L)

where L is the soil adjustment factor.

Actotal of 3,090 reference samples were collected and distributed among four land cover classes
(water, vegetation, urban area, and bare land). The samples were randomly divided into 70%
training data and 30% validation data (Table 1).

Table 1. Number of training samples used for each land cover class.

Class Number of points
Water 303
Urban area 1110
Vegetation 737
Bareland 940
Total 3090

2.6. Machine Learning Classification
Five supervised classification algorithms were evaluated:
Support Vector Machine (SVM)

Support Vector Machine (Fig 3) identifies an optimal separating hyperplane that maximizes the
margin between classes and has been widely applied in remote sensing classification tasks due
to its strong generalization capability (Awad, 2021).
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Support Vector Machine (SVM): Conceptual Representation and Parameterization

1. Linear Separation in Original Feature Space

2. Non-linear Mapping Using Kernel Function (RBF)

3. Maximum Margin Hyperplane in SVM ;
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Figure 3. Conceptual representation and parameterization of the SVM classifier.
Minimum Distance (MD)

The Minimum Distance classifier (Figure 4) assigns each pixel to the class whose mean spectral
signature is closest in Euclidean feature space. Although computationally efficient, its
performance may decline in heterogeneous environments (Basheer et al., 2022).

Gradient Tree Boosting (GTB)

Gradient Tree Boosting (Figure 5) is an ensemble learning technique that iteratively improves
classification performance by minimizing residual classification errors through sequential tree
construction (Feng et al., 2022; Natekin & Knoll, 2013).

Random Forest (RF)

Random Forest (Figure 6) is an ensemble-based classifier composed of multiple decision trees
generated using bootstrap sampling and random feature selection. It is recognized as one of the
most robust algorithms for land cover mapping due to its resistance to overfitting and ability to
model complex nonlinear relationships (Magidi et al., 2021; Phan et al., 2020).
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Minimum Distance Classification (Euclidean Distance)
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Figure 4. Conceptual workflow of the Minimum Distance classifier.
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GTB is an ensemble learning algorithm that builds trees sequentially, where each new tree attempts to correct the errors of the previous model.
A small learning rate (shrinkage) and a large number of trees improve model accuracy and generalization.

Figure 5. Structure of the Gradient Tree Boosting classifier.
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Figure 6. Random Forest architecture and parameter settings used in this study.

Classification and Regression Tree (CART)

CART constructs a hierarchical decision tree through recursive partitioning of the feature space
(Figure 7). The algorithm provides interpretable classification rules and has demonstrated
effectiveness in geospatial classification applications (Al Farikhi & Pramono, 2023).

2.7. Accuracy Assessment

Classification accuracy was evaluated using an independent validation dataset and confusion
matrix analysis. Four standard performance metrics, namely Overall Accuracy (OA),
Producer’s Accuracy (PA), User’s Accuracy (UA), and the Kappa coefficient, were calculated
to assess the reliability of the classification results.

Overall Accuracy (OA) = (Z xii) /N €9)]

where x; denotes the number of correctly classified samples in class i and N is the total number
of validation samples.

Producer's Accuracy (PA) = xii / Z xki 2)
Producer’s Accuracy measures the probability that a reference sample is correctly classified.

User's Accuracy (UA) = xii / X xik 3)
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User’s Accuracy represents the reliability of a classified category from the user’s perspective.
Kappa Coefficient (k) = [NZxii — Z(xi+ x+i)] / [N? — Z(xi+ x+i)] (4)

The Kappa coefficient evaluates the agreement between the classified map and reference data
beyond chance agreement.

These metrics are widely used in land cover mapping studies and provide a comprehensive
assessment of classification reliability and agreement beyond random chance (Zaraza Aguiler,
2020; Ouchra et al., 2023). The performance of all classifiers was compared using OA, PA,
UA, and Kappa values to identify the most effective machine learning algorithm for land cover
mapping in the study area.

Decision Trees for Classification and Regression (CART)

1. Decision Tree Structure 2. Recursive Partitioning Process 3. Splitting Criteria in CART
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@ Effective for non-i lationshi € Bias toward features with more levels (categories)

Figure 7. CART decision-tree structure utilized in the study.

3. Results
3.1. Land Cover Classification Results

Land cover maps of Hamedan Province were generated using five supervised machine learning
algorithms, namely Support Vector Machine (SVM), Random Forest (RF), Gradient Tree
Boosting (GTB), Classification and Regression Tree (CART), and Minimum Distance (MD).
Each classifier was implemented under two experimental scenarios: (i) using only Landsat 9
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spectral bands and (ii) using Landsat 9 imagery integrated with spectral indices (NDVI, NDWI,
NDBI, BSI, and SAVI) and ALOS-DSM elevation data.

The classification results obtained from the five supervised machine learning algorithms are
summarized in Figure 8. The figure presents a comprehensive comparison of the generated
land cover maps under two experimental scenarios: (i) using Landsat 9 spectral bands only and
(i1) integrating Landsat 9 imagery with spectral indices and ALOS-DSM data. For each
classifier, including Support Vector Machine (SVM), Random Forest (RF), Gradient Tree
Boosting (GTB), Classification and Regression Tree (CART), and Minimum Distance (MD),
the corresponding classification maps produced under both scenarios are displayed side by side,
enabling direct visual comparison.

A qualitative assessment of Figure 8 indicates that the integration of spectral indices and DSM
information generally improved the spatial coherence of the classified maps and enhanced the
delineation of major land cover classes. The additional features contributed to reducing spectral
confusion among classes with similar reflectance characteristics, particularly between bare
land and urban areas. Furthermore, ensemble-based classifiers, especially RF and GTB,
produced more homogeneous class distributions and fewer isolated misclassified pixels
compared with CART and MD, demonstrating their superior capability in capturing complex
spatial patterns within the study area.

3.2. Accuracy Assessment of Classification Algorithms

The accuracy of each classification result was evaluated using an independent validation
dataset and confusion matrix analysis. Overall Accuracy (OA), Kappa coefficient, Producer’s
Accuracy (PA), and User’s Accuracy (UA) were computed according to Equations (1)— (4).
The corresponding confusion matrices are reported in Tables 3.

Among the evaluated classifiers, Random Forest demonstrated the highest classification
performance under both experimental scenarios. As shown in Table 3, RF achieved an Overall
Accuracy of 98% and a Kappa coefficient of 0.97 regardless of whether spectral indices and
DSM data were included. These results indicate the robustness of RF against variations in input
feature space and confirm its suitability for heterogeneous land cover mapping applications.
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Figure 8. Comparative land cover classification results obtained from five machine learning classifiers
under two input data scenarios: Landsat 9 only and Landsat 9 combined with spectral indices and DSM.

As summarized in Table 3, the Gradient Tree Boosting (GTB) classifier demonstrated highly
competitive performance in both experimental scenarios. Using only Landsat 9 spectral bands,
GTB achieved an Overall Accuracy (OA) of 98% and a Kappa coefficient of 0.97. Following
the integration of spectral indices and DSM data, a marginal decrease in performance was
observed, with OA and Kappa values slightly declining to 97% and 0.96, respectively. Despite
this reduction, GTB remained among the most accurate classifiers evaluated in this study.

The Support Vector Machine (SVM) classifier also exhibited strong classification capability.
The incorporation of spectral indices and elevation information improved the Overall Accuracy
from 96% to 97%, while the Kappa coefficient increased from 0.95 to 0.96. These
improvements indicate that the additional spectral and topographic features enhanced class
separability and reduced classification uncertainty.

The CART classifier showed relatively stable performance under both classification scenarios.
As presented in Table 3, the Overall Accuracy remained constant at approximately 96%,
whereas the Kappa coefficient increased slightly from 0.94 to 0.95 after integrating spectral
indices and DSM data. This finding suggests that the inclusion of auxiliary variables had a
limited but positive effect on the classification performance of CART.
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In contrast, the Minimum Distance (MD) classifier produced the lowest classification
accuracies among all evaluated methods. When only Landsat 9 spectral bands were used, MD
achieved an Overall Accuracy of 91% and a Kappa coefficient of 0.88. The addition of spectral
indices and DSM information improved the OA to 94% and increased the Kappa coefficient to
0.92. Although this improvement demonstrates the positive contribution of multisource feature
integration, the MD classifier remained less effective than the machine learning—based

approaches.

Table 3. Comparative accuracy assessment of the evaluated classifiers using Landsat 9 imagery with and
without spectral indices and DSM data.

T ~ < =
> ¢ fe gz : 2 2 5 z £ % 3
2 5 £ - % = g 5 L] : g =
3 = g8 E g = g e g & = S
g 5 5= = & E§ & & & £ B
= & S =
SVM Landsat9  0.96 095 095 1.00 097 0096 0.97 098 097 0.95
Landsat 9
+
SVM Spectral 0.97 096 097 1.00 098 096 0.98 1.00 0.98 0.96
Indices +
DSM
CART Landsat9  0.96 094 093 1.00 098 0093 0.93 1.00 096 0.96
Landsat 9
+
CART  Spectral 0.96 095 095 1.00 097 0096 0.93 1.00 097 097
Indices +
DSM
RF Landsat9  0.98 097 097 1.00 098 098 0.98 1.00 0.97 0.98
Landsat 9
+
RF Spectral 0.98 097 098 1.00 098 0097 0.97 1.00 0.98 0.98
Indices +
DSM
MD Landsat9  0.91 0.88 087 096 095 0.88 0.84 0.96 095 0.88
Landsat 9
+
MD Spectral 0.94 092 091 098 095 0095 0.97 0.97 096 0.90
Indices +
DSM
GTB  Landsat9  0.98 097 096 1.00 098 0096 0.97 1.00 0.97 0.98
Landsat 9
GTB + 0.97 096 098 1.00 098 0096 0.95 1.00 0.97 0.98
Spectral
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Indices +
DSM

Overall, the results reported in Table 3 indicate that ensemble learning methods, particularly
Random Forest (RF) and GTB, consistently outperformed the conventional classifiers. Their
superior performance can be attributed to their ability to model complex nonlinear relationships
and effectively exploit the complementary information provided by spectral indices and
topographic variables.

3.3. Class-Level Accuracy Analysis

Producer’s Accuracy and User’s Accuracy values reported in Table 3 reveal differences in
classifier performance across land cover classes.

Water bodies consistently achieved the highest classification accuracies across all classifiers,
frequently reaching Producer’s Accuracy values close to 100%. This result can be attributed to
the distinct spectral characteristics of water surfaces, particularly in the near-infrared and
shortwave infrared wavelengths.

Vegetation classes also exhibited high classification accuracy, especially when spectral indices
were incorporated into the feature space. The inclusion of vegetation-sensitive indices such as
NDVI and SAVI improved class separability and reduced confusion with bare land surfaces.

The greatest classification challenges were observed for urban and bare land classes. These
categories share similar spectral characteristics in semi-arid environments, resulting in
increased misclassification rates. However, the addition of NDBI, BSI, and DSM information
substantially reduced this spectral overlap and improved classification reliability.

3.4. Effect of Spectral Indices and DSM Data on Classification Performance

The influence of spectral indices and topographic information on land cover classification
performance was evaluated by comparing the results obtained from two experimental
scenarios: (1) using Landsat 9 spectral bands only and (ii) integrating Landsat 9 imagery with
spectral indices (NDVI, NDWI, NDBI, BSI, and SAVI) and ALOS-DSM elevation data. The
comparative classification maps are presented in Figure 8, while the corresponding quantitative
accuracy measures are summarized in Table 3.

Visual inspection of Figure 8 indicates that the inclusion of spectral indices and DSM data
improved the spatial coherence of the classified maps and reduced the occurrence of isolated
misclassified pixels. The improvement is particularly evident in areas where urban surfaces
and bare lands exhibit similar spectral characteristics. The additional spectral and topographic
information enhanced class separability and contributed to a more realistic representation of
land cover patterns across Hamedan Province.
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The quantitative results presented in Table 3 further confirm the positive contribution of
multisource data integration. Among the evaluated classifiers, the Support Vector Machine
(SVM) showed a measurable improvement after incorporating spectral indices and DSM
information, with Overall Accuracy increasing from 96% to 97% and the Kappa coefficient
improving from 0.95 to 0.96. Similar trends were observed for the CART classifier, whose
Kappa coefficient increased from 0.94 to 0.95, although the Overall Accuracy remained
unchanged at 96%.

The most substantial improvement was observed for the Minimum Distance (MD) classifier.
The integration of spectral indices and elevation data increased the Overall Accuracy from 91%
to 94% and improved the Kappa coefficient from 0.88 to 0.92. This finding suggests that
distance-based classifiers benefit considerably from additional features that enhance spectral
discrimination among land cover classes. In particular, vegetation-sensitive indices and
topographic variables reduced confusion between vegetation and bare land classes, leading to
a notable increase in classification reliability.

In contrast, the ensemble-based classifiers Random Forest (RF) and Gradient Tree Boosting
(GTB) demonstrated consistently high performance under both scenarios. RF achieved an
Overall Accuracy of 98% and a Kappa coefficient of 0.97 regardless of the inclusion of
additional variables, indicating that the classifier was already capable of extracting highly
discriminative information from the original Landsat 9 spectral bands. GTB also maintained
excellent classification performance; however, a slight decrease in Overall Accuracy (from
98% to 97%) and Kappa coefficient (from 0.97 to 0.96) was observed after integrating spectral
indices and DSM data. Although the reduction was marginal, it suggests that the additional
variables did not provide substantial new information beyond that already captured by the
boosting ensemble.

A class-level examination of Producer’s Accuracy and User’s Accuracy values reveals that
water bodies consistently achieved the highest accuracies across all classification scenarios,
frequently approaching or reaching 100%. This outcome can be attributed to the distinctive
spectral behavior of water surfaces in the near-infrared and shortwave infrared regions.
Vegetation classes also benefited from the inclusion of NDVI and SAVI, whereas urban and
bare land classes exhibited the greatest improvement due to the incorporation of NDBI, BSI,
and elevation information.

Overall, the results demonstrate that the integration of spectral indices and DSM data generally
enhanced classification performance and improved the spatial quality of the resulting land
cover maps. Nevertheless, the magnitude of improvement varied among classifiers, with the
greatest benefits observed for conventional distance-based approaches and relatively limited
gains for advanced ensemble learning algorithms. These findings highlight the importance of
considering both classifier characteristics and feature selection strategies when developing land
cover classification frameworks based on multisource remote sensing data.
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3.5. Comparative Performance of Machine Learning Algorithms

The overall performance comparison among classifiers is presented in Table 3. The results
indicate that RF achieved the highest and most stable performance across all experimental
configurations. GTB ranked second and demonstrated comparable accuracy levels, followed
by SVM and CART. The Minimum Distance classifier consistently produced the lowest
accuracies.

Based on Overall Accuracy and Kappa coefficient values, the classifiers can be ranked as
follows:

RF > GTB > SVM > CART > MD

This ranking highlights the superiority of ensemble-based machine learning approaches for
land cover mapping in heterogeneous environments. The ability of RF and GTB to model
nonlinear relationships and exploit complex feature interactions appears to be a key factor
contributing to their superior performance.

The results further demonstrate that the integration of multisource geospatial information,
including spectral indices and DSM data, improves classification reliability and supports the
production of more accurate land cover maps for environmental monitoring and spatial
planning applications.

4. Discussion

The results demonstrate that integrating multisource geospatial data within a cloud-based
machine learning framework improves land cover classification performance. The
incorporation of spectral indices and ALOS-DSM data enhanced class separability and reduced
spectral confusion, particularly between urban and bare land classes. Similar improvements
resulting from the integration of spectral and topographic variables have been reported in
previous studies (Feng et al., 2022; Palanisamy et al., 2023; Ouchra et al., 2023; Kazemi
Garajeh et al., 2024).

Among the evaluated classifiers, Random Forest (RF) achieved the highest classification
performance, with an Overall Accuracy of 98% and a Kappa coefficient of 0.97. The strong
performance of RF can be attributed to its ensemble learning structure, which effectively
models nonlinear relationships and reduces overfitting (Magidi et al., 2021). Maxwell et al.
(Maxwell et al., 2018), and Pham et al. (Tamiminia et al., 2020), who identified RF as one of
the most reliable classifiers for land cover mapping.

Gradient Tree Boosting (GTB) also produced highly competitive results, confirming the
effectiveness of boosting-based ensemble approaches for remote sensing classification (Feng

485



Azizi et al. Interdisciplinary Journal of Civil Engineering

etal., 2022; Al Farikhi & Pramono, 2023). Although a slight decrease in accuracy was observed
after adding spectral indices and DSM data, GTB remained among the best-performing
classifiers.

The incorporation of spectral indices and elevation information improved the performance of
SVM and MD classifiers. For SVM, Overall Accuracy increased from 96% to 97%, while the
Kappa coefficient improved from 0.95 to 0.96. The most notable improvement was observed
for the MD classifier, whose Overall Accuracy increased from 91% to 94%. These findings
indicate that additional spectral and topographic variables enhance class discrimination and are
particularly beneficial for classifiers that rely heavily on spectral distance measures (Awad,
2021; Basheer et al., 2022; Zaraza Aguiler, 2020).

Class-level analysis revealed that water bodies consistently achieved the highest classification
accuracies across all algorithms. This can be explained by the distinct spectral response of
water surfaces and the effectiveness of NDWI for water extraction (McFeeters, 1996; Kazemi
Garajeh et al., 2024). Vegetation classes also benefited from the inclusion of NDVI and SAVI,
which improve vegetation discrimination and reduce soil background effects (Rouse et al.,
1974; Zha et al., 2003). In contrast, urban and bare land classes represented the greatest
classification challenge because of their spectral similarity in semi-arid environments. The
incorporation of NDBI, BSI, and DSM data reduced this confusion and improved classification
reliability (Zha et al., 2003; Maxwell et al., 2018).

The results further highlight the advantages of Google Earth Engine as a cloud-based geospatial
platform. GEE enabled efficient image preprocessing, feature extraction, classification, and
accuracy assessment within a unified environment, supporting previous findings regarding its
effectiveness for large-scale remote sensing applications (Chen et al., 2024; Pratico et al.,
2021).

Overall, the findings confirm that the integration of Landsat 9 imagery, spectral indices, and
DSM data can significantly enhance land cover classification performance. The superior
performance of RF and GTB demonstrates the potential of ensemble machine learning methods
for generating reliable land cover information that can support environmental monitoring,
urban planning, and sustainable land management.

5. Conclusion

This study developed a cloud-based geospatial data fusion framework for land cover mapping
by integrating Landsat 9 imagery, spectral indices, and ALOS-DSM data within the Google
Earth Engine platform. The performance of five supervised classification algorithms, including
RF, GTB, SVM, CART, and MD, was evaluated for mapping four major land cover classes in
Hamedan Province, Iran. The results demonstrated that the integration of spectral and
topographic information generally improved classification accuracy and reduced spectral
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confusion among land cover categories. Among the evaluated classifiers, Random Forest
achieved the highest performance, with an Overall Accuracy of 98% and a Kappa coefficient
of 0.97, followed closely by Gradient Tree Boosting. The findings confirm the effectiveness of
combining multisource geospatial data and machine learning techniques for accurate land cover
mapping. The proposed framework can support environmental monitoring, urban planning,
natural resource management, and sustainable spatial decision-making at regional scales.
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