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Accurate land cover classification is a fundamental step in engineering geology studies, particularly
for assessing slope instability and mass movements. With the growing availability of satellite data and
machine learning tools, automated and reproducible classification frameworks have become essential.
This study presents a comprehensive Python-based framework for land cover classification, comparing
the performance of two machine learning algorithms, Support Vector Machine (SVM, supervised) and
K-means clustering (unsupervised), against traditional spectral indices (NDVI, NDWI, Ul, SAVI) using
Landsat 8 imagery. The study area is located in East Azerbaijan Province, Iran, covering approximately
80x70 km with diverse land cover types, including vegetation, bare soil, urban areas, and surface water.
Prior to classification, data underwent several preprocessing steps: gamma correction for visual
enhancement, Min-Max normalization for data scaling, and Principal Component Analysis (PCA) for
dimensionality reduction and multicollinearity mitigation. PCA retained components explaining at least
95% of total variance. Classification was performed on four main classes. Results were evaluated using
Overall Accuracy (OA), Kappa Coefficient, and weighted Precision, Recall, and F1-Score. The SVM
algorithm, using an RBF kernel, achieved the highest accuracy with 84% OA and a Kappa of 0.81,
demonstrating superior ability in defining clear class boundaries, particularly in distinguishing urban
areas from bare soil. In contrast, K-means clustering yielded 73% OA and a Kappa of 0.68, with
noticeable class overlap. Spectral indices alone provided a baseline accuracy of ~65%, but their
integration with machine learning models significantly improved performance. The findings confirm that
supervised machine learning models, particularly SVM, outperform unsupervised clustering and
standalone spectral indices. However, K-means remains viable in data-scarce scenarios. The proposed
Python-based workflow offers a reproducible, transparent, and efficient approach for land cover analysis,
making it a valuable tool for engineering geology applications such as landslide susceptibility mapping.

Introduction

means, an unsupervised method, group’s data based on

In the era of rapid technological advancement, the
integration of advanced computational tools in earth
sciences has become essential. One of the most
prominent trends is the application of machine learning
in remote sensing and geospatial analysis. Depending on
specific objectives, a range of machine learning-based
algorithms both supervised and unsupervised have been
developed and refined for land cover classification.
Among these, K-means clustering and Support Vector
Machine (SVM) stand out as widely used techniques. K-

similarity, while SVM, a supervised algorithm, finds an
optimal hyperplane to separate classes with maximum
margin (Pedregosa et al.,, 2011). Python, with its
modularity and powerful libraries such as Scikit-learn,
NumPy, and Pandas, has become the preferred
programming language for implementing such models in
earth sciences (Petrelli, 2021).

In engineering geology, particularly in studies of
slope instability and mass mo vements like landslides,
accurate land cover classification is critical. Traditional
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spectral indices such as NDVI, NDWI, SAVI, and Ul
have long been used to identify vegetation, water, and
urban areas (Javed et al., 2021; Xu, 2006). However,
these indices may struggle to distinguish between
spectrally similar classes (e.g., bare soil and urban areas).
Machine learning algorithms, on the other hand, can learn
complex patterns from data and offer higher
classification accuracy.

This study aims to present a reproducible Python-
based framework for land cover classification, evaluate
the performance of SVM and K-means in engineering
geology applications, compare them with spectral
indices, apply Principal Component Analysis (PCA) to
improve model efficiency, anduse advanced evaluation
metrics (F1 Score, Precision, Recall).

The novelty of this research lies in the simultaneous
comparison of supervised, unsupervised, and spectral
based methods in engineering geology a comprehensive
approach not commonly found in previous studies,
especially in the context of Iranian landscapes.

Study area and data

The study area is located in East Azerbaijan Province,
Iran, between latitudes 37.5° to 38.2°N and longitudes
46.1° to 46.8°E, covering an area of approximately
80x70 km. The region exhibits high spatial diversity in
land cover, including forests, rangelands, bare soil, urban
settlements, and surface water bodies such as rivers and
reservoirs. The climate is semi-arid (BSk classification),
which influences the seasonal dynamics of vegetation
and soil moisture.

Landsat 8 OLI/TIRS imagery from July 20, 2023, was
downloaded from the USGS Earth Explorer portal.
Bands 2 (blue), 3 (green), 4 (red), 5 (NIR), and 7
(SWIR2) were used for spectral index calculation and
subsequent classification. These bands are essential for
computing key indices such as NDVI, NDWI, Ul, and
SAVI, which serve as primary features for model input.

Materials and methods
Spectral indices calculation
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Four widely used spectral indices were computed to
extract land cover features:

NDVI: Assesses vegetation health and density.
NDWI: Identifies surface water bodies.Ul (Urban Index):
Highlights built-up areas. SAVI: Reduces soil brightness
effects in low-vegetation regions.

These indices were calculated using standard
mathematical formulas:
1. Normalized Difference Vegetation Index
(NDVI):
NDVI = (NIR - Red) / (NIR + Red) (1)

NDVI is widely used to assess vegetation health and
density (Mréz and Sobieraj, 2004).
2. Normalized Difference Water Index (NDWI):

NDWI = (Green - NIR) / (Green + NIR) 2
NDWI is used to monitor water content in vegetation and
soil (Xu, 2006).

3. Urban Index (UI):

Ul = (SWIR2 - NIR) / (SWIR2 + NIR) (3)

Ul helps in identifying urban areas (Javed et al., 2021).
4, Soil Adjusted Vegetation Index (SAVI):

SAVI= ((NIR-Red) /( NIR+Red+L)) x(1+L), L=0.5 (4)

SAVI is used to minimize soil brightness influences
on vegetation indices.

Machine learning algorithms
Two algorithms were employed:

K-means clustering (Unsupervised): Data were
clustered into k=4 groups using the Elbow Method for
optimal cluster selection. The objective is to minimize
the within-cluster sum of squares:

J=i=13ki=13nlIxi (j)—wjli2 (5)

Support Vector Machine (SVM, Supervised): An
RBF kernel was used to handle non-linear separability.
The dual optimization problem is:

amaxi=1Y nai—211,j> aiojyiyjK (xi,Xj) (6)
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Subject to: Y aiyi=0 , 0<ai<C

Support Vector Machine (SVM) is a supervised
machine learning algorithm  widely used for
classification and regression problems. The goal of this
algorithm is to find an optimal hyperplane that separates
data belonging to different classes with the largest
margin (Bishop, 2006).

In this research, the number of land cover classes was
considered to be 4 and 50 labeled training samples were
used for each class.

Data preprocessing

The data used in this study were extracted from
Landsat 8 satellite images. To increase the accuracy of
the analyses, the data underwent several preprocessing
steps before applying machine learning algorithms.
1. Gamma Correction:

Icorrected=Iy,y€[0.4,1.2] @)
2. Min-Max Normalization:
X'=Xmax—XminX—Xmin 8)
3. Principal Component Analysis (PCA):

Y=XW 9)

Retained components explaining >95% of total
variance.

Implementation in Python

All steps including data preprocessing, spectral index
calculation, machine learning model implementation,
and result analysis were performed within the Python
programming environment. To enhance accuracy,
efficiency, and reproducibility, a suite of widely used and
powerful libraries in data science and machine learning
was employed.The entire workflow was implemented in
Python 3.10 using the following libraries:
NumPy and Pandas for data manipulation and
processing,
Scikit-learn for machine learning algorithms and
Principal Component Analysis (PCA),
Matplotlib and Seaborn for data visualization,
Rasterio for reading and writing geospatial raster data.
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Discussion and results

The study area, includes a diverse range of land cover
types that are broadly classified into four main groups:
1. Vegetation (such as forests and fields)

2. Bare soil (areas with no or low cover)
3. Urban areas (construction, roads and infrastructure)
4. Surface water (rivers, lakes and reservoirs)

This spatial and structural diversity in land cover
makes the study area an ideal testbed for evaluating
machine learning algorithms in land cover classification.
Figure 1 illustrates the land cover status before and after
applying gamma correction. The gamma filter
significantly enhanced image contrast, particularly in
transitional zones between classes.

Use of spectral indices

To improve discrimination among land cover types
and extract relevant features, several standard spectral
indices were computed. As shown in Figure 2, these
indices  effectively  highlight  distinct  surface
characteristics. The indices used include:
NDVI (Normalized Difference Vegetation Index): for
identifying and assessing vegetation health and density,
NDWI (Normalized Difference Water Index): for
detecting surface water bodies,
SAVI (Soil-Adjusted Vegetation Index): for minimizing
soil brightness effects in low-vegetation areas,
Ul (Urban Index): for highlighting built-up and urban
regions.

Applying support vector machine (SVM) and K-
means

The Support Vector Machine (SVM) and K-means
clustering algorithms were applied to the derived spectral
indices; the classification outputs are presented in Figure
3. Analysis of the results reveals several key findings:

SVM demonstrated superior performance in
accurately classifying land cover types. This is evident
from the well-defined class boundaries and minimal
overlap in the classification map. Quantitative evaluation
shows that SVM achieved an overall accuracy of 84% in
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this study. Its high performance stems from its supervised
learning framework and its ability to model complex,
non-linear decision boundaries using the RBF kernel.

RGB Image Gamma RGB Image

Fig. 1. Land cover status. a) RGB composite image of the study area before applying gamma correction b) RGB composite
image of the study area after applying gamma correction.

KOVI NDWI

o o

Fig. 2. The output of spectral indices. a) NDVI: High values correspond to dense vegetation; b) NDWI: Highlights surface water
bodies; ¢) Ul: Emphasizes built-up and urban areas; d) SAVI: Enhances vegetation signal in arid and low-vegetation zones.
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k-means

Fig. 3. Land cover classification results using machine learning algorithms applied to spectral indices (a) Support Vector

Machine (SVM) (b) K-means clustering.

Model evaluation metrics
Model performance was evaluated using Overall
Accuracy, Kappa Coefficient, and weighted averages of

Precision, Recall, and F1-Score. The results for these
evaluation metrics are presented in Table 1.

Table 1. Comparison of classification performance metrics between SVM and K-means

Evaluation Metric SVM K-means
Overall Accuracy (OA) 84% 73%
Kappa Coefficient 0.81 0.68
Weighted Precision 0.82 0.65
Weighted Recall 0.83 0.66
Weighted F1-Score 0.82 0.64

Conclusions

This study demonstrates that the Support Vector
Machine (SVM) outperforms K-means clustering and
standalone spectral indices in land cover classification,
achieving an overall accuracy of 84% and a Kappa
coefficient of 0.81. Key findings include:

The proposed Python-based framework is
reproducible, transparent, and computationally efficient,
making it suitable for operational use in engineering
geology.

SVM with an RBF kernel is highly effective in
modeling non-linear class boundaries, particularly in
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complex landscapes with spectrally similar land cover
types.

The integration of spectral indices with machine
learning models significantly enhances classification
performance compared to using indices alone.

K-means clustering remains a viable option in
unsupervised scenarios where labeled training data are
unavailable or limited.

These findings confirm that supervised machine
learning models, especially SVM, substantially improve
the accuracy of land cover classification for critical
engineering geology applications such as slope
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instability assessment and
mapping.

Future research should explore advanced technigques
such as deep learning models (e.g., CNNs) and ensemble
methods (e.g., XGBoost), as well as multi-temporal
satellite analysis, to further enhance classification
robustness and generalizability across diverse geological
and climatic regions.

landslide susceptibility
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Fig. 1. Land cover status. a) RGB composite image of the study area before applying gamma correction b) RGB composite image of
the study area after applying gamma correction.
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Table 1. Comparison of classification performance metrics between SVM and K-means

Evaluation Metric SVM K-means
Overall Accuracy (OA) 84% 73%
Kappa Coefficient 0.81 0.68
Weighted Precision 0.82 0.65
Weighted Recall 0.83 0.66
Weighted F1-Score 0.82 0.64
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