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Abstract—This paper presents a comparative analysis of tra-
ditional machine learning methods and Convolutional Neural
Networks (CNNs) for hyperspectral image classification. Utilizing
the Indian Pines dataset, we explore the efficacy of Principal
Component Analysis (PCA) combined with a Support Vector
Machine (SVM) classifier against a deep learning approach
involving CNNs. Our methodology includes dimensionality re-
duction via PCA, followed by SVM classification, and the design
of a tailored CNN model for hyperspectral data. Performance
metrics like accuracy, supported with confusion matrices and
classification maps, are employed to evaluate and compare the
models. Results indicate that CNNs, with their ability to capture
spatial and spectral information, outperform traditional methods
in classification accuracy and robustness.

Index Terms—Hyperspectral imaging, Convolutional Neural
Network (CNN), Principal Component Analysis (PCA), Support
Vector Machine (SVM) classifier

I. INTRODUCTION

Hyperspectral imaging (HSI) captures a wide spectrum
of light across numerous spectral bands, providing detailed
information about the physical and chemical properties of
objects. Traditional machine learning techniques, such as Prin-
cipal Component Analysis (PCA) followed by Support Vector
Machines (SVM), have been widely used for hyperspectral
data analysis [2]. However, the advent of deep learning has
opened new possibilities for more accurate and efficient feature
extraction and classification [5]. This paper aims to compare
these two approaches, highlighting their strengths and limita-
tions.

For this study, we utilize the Indian Pines dataset, a widely
recognized hyperspectral dataset in remote sensing research
[9]. The dataset consists of 145x145 pixels and 220 spectral
bands, capturing detailed spectral information over agricultural
fields in northwest Indiana, USA. This dataset is particularly
challenging due to the high dimensionality and the presence of
mixed pixels, making it an excellent benchmark for evaluating
different hyperspectral image classification techniques.

Feature extraction is a critical step in the analysis of hyper-
spectral data. The high dimensionality and volume of HSI data
pose significant challenges for traditional image processing
and machine learning techniques. Effective feature extraction
techniques are necessary to reduce data dimensionality, en-
hance signal-to-noise ratio, and highlight relevant information
for classification and analysis tasks [1]. Traditionally, methods
such as Principal Component Analysis (PCA), Linear Discrim-
inant Analysis (LDA), and Support Vector Machines (SVM)

have been employed for feature extraction in HSI [2]. These
methods rely on manual feature engineering and statistical
techniques to transform and reduce the dimensionality of
hyperspectral data.

In recent years, Convolutional Neural Networks (CNNs)
have revolutionized the field of image analysis by providing
powerful tools for automatic feature extraction and classifi-
cation. CNNs are capable of learning hierarchical features
directly from raw data through backpropagation, making them
particularly suited for complex image analysis tasks. The ap-
plication of CNNs to hyperspectral data has shown promising
results, offering improved accuracy and the ability to capture
intricate spatial and spectral patterns [6].

This paper aims to compare the performance of traditional
machine learning methods and CNNs in feature extraction for
hyperspectral imaging. We conduct experiments on the Indian
Pines dataset, evaluating both approaches in terms of accuracy,
computational efficiency, and scalability. Our findings provide
valuable insights into the strengths and limitations of each
method, guiding the selection of appropriate techniques for
different HSI applications.

II. METHODOLOGY

In this paper, the methodology is divided into three main
parts: data collection and preprocessing, model training, and
model testing. The aim is to compare the performance of
traditional machine learning methods and Convolutional Neu-
ral Networks (CNNs) for feature extraction in hyperspectral
imaging (HSI).

A. Data Collection and Preprocessing

1) Dataset: The Indian Pines hyperspectral dataset is used
for this study [9]. It consists of 145x145 pixels and 220
spectral bands, covering various land cover types. We load
the dataset and reshape the labels to match the data shape
(Fig. 1).

2) Principal Component Analysis (PCA): Principal Com-
ponent Analysis (PCA) is employed to reduce the dimension-
ality of the hyperspectral data. We retain 30 components that
capture the most significant variance in the data [4]. This step
reduces computational complexity while preserving essential
information (Fig. 2).
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Fig. 1. Sample hyperspectral image (RGB composite).
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Fig. 2. Explained variance by principal components in PCA.

B. Model Training

1) Support Vector Machine (SVM): A Support Vector Ma-
chine (SVM) classifier with a linear kernel is trained on the
PCA-reduced data [2]. The dataset is split into 80% training
and 20% testing sets. We use grid search with cross-validation
to optimize the hyperparameters, ensuring robust classification
performance.

2) Convolutional Neural Network (CNN): We design a
Convolutional Neural Network (CNN) tailored for hyperspec-
tral image classification [3]. The network includes multiple
convolutional layers, max-pooling layers, and fully connected
layers. The data is prepared for the CNN by extracting patches
from the PCA-reduced data. Data augmentation techniques are
applied to enhance the model’s generalization capability.

C. Model Testing

1) Evaluation Metrics: To evaluate the performance of both
approaches, we use metrics like accuracy and loss. Confusion
matrices are employed to visualize the classification results
and gain insights into misclassification patterns [7].

2) Implementation Details: All experiments are conducted
using Python with libraries such as scikit-learn for the tra-
ditional machine learning pipeline and TensorFlow/Keras for
the CNN [8]. The dataset is split into 80% training and 20%
testing sets. Each experiment is repeated five times to ensure
statistical significance, and the average results are reported.

III. RESULTS AND ANALYSIS
A. Support Vector Machine (SVM)

The SVM classifier was trained on the PCA-reduced data.
The confusion matrix (Fig. 3) shows the classification per-
formance of the SVM. The overall accuracy achieved by the
SVM classifier was satisfactory, indicating that PCA effec-
tively reduced the dimensionality while preserving essential
information for classification. The classification map (Fig. 4)
provides a visual representation of the spatial distribution of
the classified labels, showing distinct regions corresponding to
different land cover types.
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Fig. 3. Confusion matrix for SVM classifier.
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Fig. 4. Classification map for PCA + SVM.
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B. Convolutional Neural Network (CNN)

The CNN was designed and trained for hyperspectral im-
age classification. The training and validation accuracy over
epochs are shown in Fig. 6. The CNN achieved high accuracy,
indicating its effectiveness in learning features from the hy-
perspectral data. The training and validation loss values over
epochs (Fig. 7) demonstrate the model’s convergence during
training. The confusion matrix (Fig. 5) highlights the CNN’s
classification performance, showing fewer misclassifications
compared to the SVM. The classification map (Fig. 8) illus-
trates the spatial distribution of the classified labels by the
CNN, with clearer and more precise regions corresponding to
different land cover types.
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Fig. 5. Confusion matrix for CNN classifier.
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Fig. 6. Training and validation accuracy of CNN model.
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Fig. 7. Training and validation loss values over epochs for CNN.
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Fig. 8. Classification map for CNN.

IV. CONCLUSION

This study compared the performance of traditional machine
learning methods and Convolutional Neural Networks (CNNs)
for feature extraction in hyperspectral imaging (HSI) using
the Indian Pines dataset. Principal Component Analysis (PCA)
was employed to reduce the dimensionality of the data, which
significantly improved the computational efficiency of the
classifiers.

The Support Vector Machine (SVM) classifier, combined
with PCA, demonstrated satisfactory classification accuracy,
as evident from the confusion matrix and classification map.
However, the Convolutional Neural Network (CNN) outper-
formed the SVM in terms of overall accuracy and classification
precision. The CNN’s ability to learn complex features directly
from the hyperspectral data, without requiring manual feature
extraction, proved advantageous.

The visual representations, including the confusion matrices
and classification maps, highlighted the superiority of the
CNN in accurately identifying land cover types with minimal
misclassifications. The training and validation accuracy and
loss plots for the CNN further confirmed its robustness and
convergence during training.

In conclusion, while PCA combined with traditional ma-
chine learning methods like SVM can offer reasonable perfor-
mance, CNNs provide a more powerful and effective approach
for hyperspectral image classification. This study underscores
the potential of deep learning techniques in advancing the field
of hyperspectral imaging.
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