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Abstract

Aerial scene classification is the process of categorizing and analyzing im-
ages captured from an aerial perspective, enabling the identification of land
cover, objects, and scene composition for various applications. Aerial scene
classification plays a crucial role in various fields, including urban planning,
environmental monitoring, and disaster management, by providing valuable
insights into land cover, objects, and scene composition from an aerial per-
spective. Accurate classification of aerial scenes enables effective decision-
making, resource allocation, and informed analysis of large-scale imagery,
contributing to improved spatial understanding and efficient management of
diverse landscapes. In this work, classification of aerial images using com-
bination of VGG16 and Multiclass Linear SVM classifier is proposed. Deep
Features are extracted using VGG16 and Multiclass Linear SVM classifier is
using to classify the given objects. The preprocessed steps include data aug-
mentation, data normalization, feature extraction using a VGG16 model, and
training a multiclass linear SVM classifier for aerial scene classification. The
experiments are conducted on NWPU and UCM dataset and performance is
evaluated using confusion matrix,precision and recall. The experimental result
shows the proposed method yield 90% accuracy for NWPU dataset and 95%
accuracy for UCM dataset.

keywords: SVM:Support Vector Machine, VGG16:Visual Geometry Group
16, Feature extraction.
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Chapter 1

Introduction

Aerial scene classification is a significant field in computer vision and remote
sensing that focuses on analyzing and categorizing images captured from an
aerial perspective, such as those obtained from satellites, airplanes, or drones.
With the increasing availability of high-resolution aerial imagery, aerial scene
classification has gained immense importance in various domains, including
urban planning, environmental monitoring, disaster management, and agri-
culture.The goal of aerial scene classification is to automatically label and
categorize different types of land cover, objects, and scenes present in aerial
images. This process involves leveraging advanced techniques from computer
vision, machine learning, and image processing to extract meaningful features
and patterns from the imagery. By accurately classifying aerial scenes, valu-
able insights can be obtained regarding land use patterns, changes over time,
environmental conditions, and the distribution of objects and structures.

The applications of aerial scene classification are diverse and far-reaching.
Urban planners can utilize the information to understand the spatial distri-
bution of buildings, roads, and infrastructure, aiding in efficient city develop-
ment and resource allocation. Environmental monitoring efforts benefit from
classifying land cover types, enabling the detection of deforestation, vege-
tation health, and habitat changes. In disaster management, aerial scene
classification helps identify affected areas, assess damage, and plan rescue
and relief operations. Additionally, in agricultural contexts, the classification
of aerial scenes assists in crop monitoring, disease detection, and yield estima-
tion.Aerial scene classification poses significant challenges due to the distinct
characteristics exhibited by aerial images. These challenges arise from the
acentric distribution of objects, the complicated spatial arrangement, and
the presence of strong background information.Firstly, aerial scenes often
display an acentric distribution of objects. Unlike traditional images cap-
tured at ground level, aerial images encompass a bird’s-eye view, resulting
in a densely populated landscape with objects dispersed in a non-uniform
manner. This irregular distribution makes it difficult to discern and classify
individual objects accurately.Secondly, the spatial arrangement of objects in
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aerial scenes can be complex and intricate. The perspective from which aerial
images are captured introduces variations in object shapes, sizes, and orien-
tations, leading to intricate spatial patterns. The overlapping, occlusion,
and complex interactions among objects further complicate the classification
task.Lastly, aerial scenes frequently contain substantial background informa-
tion that may overshadow the objects of interest. The vast expanse of land,
water bodies, vegetation, and other environmental elements can introduce
noise and interfere with the accurate identification and classification of ob-
jects. Distinguishing objects from their surroundings becomes challenging
due to the high contrast between the objects and the background.Addressing
these difficulties requires advanced techniques in computer vision, machine
learning, and image processing. Researchers employ sophisticated algorithms
to extract discriminative features, develop robust classification models, and
enhance the understanding of aerial scenes. Additionally, novel approaches
are continually explored to account for the unique characteristics of aerial
images and improve classification accuracy.

By overcoming these challenges, aerial scene classification opens up pos-
sibilities for applications in various domains, including urban planning, en-
vironmental monitoring, disaster management, and agriculture. It enables
decision-makers to gain insights into land use patterns, detect changes over
time, and make informed choices for resource allocation and spatial plan-
ning.The field of computer vision has witnessed significant advancements in
recent years, with deep learning techniques revolutionizing image classifica-
tion tasks. Convolutional Neural Networks (CNNs) have emerged as powerful
models for extracting intricate features from images, leading to remarkable
achievements in image classification accuracy. In this project, objective is to
leverage the capabilities of deep learning and machine learning algorithms to
develop a robust image classification system that can accurately categorize
images into different classes.The primary goal of image classification is to au-
tomatically assign a label or category to an input image based on its content.
This task has numerous practical applications, ranging from object recog-
nition and scene understanding to medical image analysis and autonomous
driving. A well-performing image classification system has the potential to
enhance various domains, enabling automated decision-making, content or-
ganization, and information retrieval.

Department of Computer Science and Engineering 2
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To achieve objective, the VGG16 model as primary feature extractor. VGG16
is a widely-used CNN architecture known for its effectiveness in capturing
complex image features. By leveraging the pre-trained weights of VGGI16,
which are learned from large-scale image datasets, it can harness the power
of its hierarchical feature representations. These features provide a rich and
compact representation of the image content, enabling more effective discrim-
ination between different classes.However, feature extraction alone is not suffi-
cient for image classification. It need a robust classification algorithm to map
the extracted features to the corresponding class labels. In this project, utilize
a one-vs-rest multiclass linear Support Vector Machine (SVM) classifier for
this purpose. SVMs are renowned for their ability to handle high-dimensional
feature spaces and find optimal decision boundaries between different classes.
By training the SVM classifier on the extracted features, it aim to build a
reliable and efficient model for image classification. The project involves sev-
eral stages, each contributing to the overall image classification pipeline. It
begin by preprocessing the data, applying techniques such as random resiz-
ing, cropping, and normalization. This ensures that the input images are
appropriately prepared for the subsequent feature extraction and classifica-
tion steps. Data augmentation techniques are also employed to increase the
diversity and size of the training dataset, promoting better generalization of
the model.

The core component of the project is feature extraction using the VGG16
model. By passing the images through the network, it obtain a set of high-
level features that capture the underlying patterns and structures. These
features serve as inputs to the SVM classifier, which learns to distinguish be-
tween different classes based on the extracted feature representations. Train-
ing the SVM involves optimizing the model parameters to achieve maximum
separation between the classes.It use a number of criteria to assess the suc-
cess of picture categorization system. The accuracy statistic gives a broad
indication of how well the model categorises pictures. The confusion matrix
is also used, which offers a more thorough review of the model’s performance
for each class. By revealing the amount of true positives, false positives, true
negatives, and false negatives, the confusion matrix enables us to evaluate the
classification accuracy and spot any unique problems or trends.This project
aims to demonstrate the potential of combining deep learning and machine

Department of Computer Science and Engineering 3
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learning techniques for image classification tasks. By utilizing the VGG16
model for feature extraction and SVM for classification, it aim to develop an
accurate and efficient image classification system. The results and insights
obtained from this project can contribute to various real-world applications,
including object recognition, content-based image retrieval, and automated
image classification systems.

Department of Computer Science and Engineering 4



Chapter 2
Related Works

2.1 CondenseNet: An efficient DenseNet using learned
group convolutions

The paper titled "CondenseNet: An efficient DenseNet using learned group
convolutions” by G. Huang, S. Liu, L. V. D. Maaten, and K. Q. Weinberger,
presented at the IEEE/CVFE Conference on Computer Vision and Pattern
Recognition in June 2018, introduced CondenseNet, a novel approach to im-
proving the efficiency of DenseNet, a popular deep learning architecture. The
authors propose the use of learned group convolutions to reduce the computa-
tional complexity and memory requirements of DenseNet while maintaining
its accuracy. They introduce a group sparsity regularization term in the loss
function to encourage group-level pruning of filters during training, leading
to a more compact network. Experimental results on benchmark datasets
demonstrate that CondenseNet achieves competitive performance with sig-
nificantly fewer parameters and computational cost compared to traditional
DenseNet models, making it an effective and efficient alternative for various
computer vision tasks.

2.2 MIML-FCN+: Multi-instance multi-label learning
via fully convolutional networks with privileged in-
formation

The paper "MIML-FCN+: Multi-instance multi-label learning via fully con-
volutional networks with privileged information,” which was presented at the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR) in
July 2017, tackles the multi-instance multi-label learning problem in a novel
way. The authors provide the MIML-FCN+ paradigm, which employs fully
convolutional networks (FCN) and privileged information to improve learning
performance. The phrase ”privileged information” describes certain informa-
tion that is only available during training, providing the model with more
usable data for better prediction. The foundation of MIML-FCN+ consists

5
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of a multi-instance learning module and a privileged information module.The
privileged information module directs the learning while the multi-instance
learning module makes use of FCN to record the intricate interactions be-
tween instances and labels.

2.3 Revisiting Multiple Instance Neural Networks

The paper titled ” Revisiting Multiple Instance Neural Networks” by X. Wang,
Y. Yan, P. Tang, X. Bai, and W. Liu, published in Pattern Recognition in
February 2018, provides a comprehensive examination of multiple instance
neural networks (MINNs). Multiple instance learning (MIL) is a classification
paradigm where the training data consists of labeled bags, each containing
multiple instances, but without instance-level labels. The authors revisit and
explore the potential of MINNs, proposing a novel attention-based MINN ar-
chitecture. They conduct extensive experiments on benchmark datasets and
compare the performance of their proposed model with existing MIL meth-
ods. The results demonstrate that the attention-based MINN outperforms
other approaches, highlighting its effectiveness in addressing MIL problems.
The paper offers valuable insights and serves as a significant reference for
researchers interested in the field of multiple instance learning and neural
network architectures.

2.4 Towards Better Exploiting Convolutional Neural
Networks for Remote Sensing Scene Classification

Convolutional neural networks (CNNs) are being used for remote sensing
scene classification, and the paper " Towards Better Exploiting Convolutional
Neural Networks for Remote Sensing Scene Classification” gives a thorough
research targeted at improving this use. The authors investigate many meth-
ods, including feature fusion, transfer learning, and data augmentation, to
enhance the capabilities of CNNs while analysing satellite images. They con-
duct in-depth tests and assessments on benchmark datasets to show that the
suggested solutions for improving CNN models’ accuracy and resilience for
remote sensing scene categorization tasks are beneficial. The results of this

Department of Computer Science and Engineering 6
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study provide insightful information and useful suggestions for using CNNs
to improve remote sensing outcomes.

2.5 Learning a discriminative distance metric with la-
bel consistency for scene classification,

A unique method for scene classification using a discriminative distance met-
ric is presented in the paper ”Learning a discriminative distance metric with
label consistency for scene classification” by Y. Wang et al. The suggested
approach tries to enhance scene classification algorithms’ performance by ac-
counting for the label consistency of nearby samples. The authors suggest
a framework for distance-metric learning that maximises distances between
samples from different classes while minimising distances between samples
from the same class. To take use of the advantages of semi-supervised learn-
ing, the technique combines both labelled and unlabeled data into the learn-
ing process. The usefulness of the suggested strategy, which outperforms a
number of cutting-edge scene categorization techniques, is demonstrated by
experimental findings on benchmark datasets.

Department of Computer Science and Engineering 7



Chapter 3

Proposed Network

The proposed network aims to perform image classification using a combina-
tion of the VGG16 model for feature extraction and a one-vs-rest multiclass
linear SVM for classification. This approach leverages the strengths of both
models to achieve accurate and reliable classification results. VGG16 model
is a well-established CNN architecture for feature extraction. In Fig 3.1
shows the VGG16 model architecture .This model has been pretrained on
a large-scale dataset and has demonstrated excellent performance in various
computer vision tasks. VGG16 modelcan leverage the learned filters and hi-
erarchical representations to extract high-level features from input images.
The model’s convolutional layers capture local patterns and structures, while
the subsequent pooling layers progressively aggregate the information, en-
abling the network to learn meaningful representations of the input data.
To adapt the VGG16 model for specific classification task, the last two lay-
ers of the classifier are removed. These layers, typically consisting of fully
connected layers, are responsible for mapping the extracted features to class
labels. Once the feature extraction is performed using the modified VGG16
model, the extracted features are fed into a one-vs-rest multiclass linear SVM
classifier. The SVM classifier is a well-established algorithm for binary clas-
sification, but in this case, it is extended to handle multiclass classification
using the one-vs-rest strategy. The SVM classifier learns a decision bound-
ary for each class, aiming to separate it from the rest of the classes in the
feature space. By using the SVM classifier, it can effectively handle multiple
classes and benefit from its ability to handle high-dimensional feature vectors.

During the training phase, the SVM classifier is trained on the extracted
features and their corresponding class labels from the training dataset. The
classifier learns to find optimal decision boundaries that separate the differ-
ent classes in the feature space. The training process involves minimizing the
classification error and maximizing the margin between classes, resulting in
a robust and discriminative classifier.Once the SVM classifier is trained, it is
used to predict the class labels for the test features. The classifier assigns a
predicted class label to each test feature based on its location in the learned
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feature space. By comparing the predicted labels with the ground truth la-
bels from the test dataset, it can evaluate the accuracy of the classifier.

To provide a comprehensive evaluation of the classifier’s performance, a nor-
malized confusion matrix is generated. The confusion matrix allows us to
analyze the classifier’s accuracy for each individual class, providing insights
into its ability to correctly classify different classes. The matrix reveals the
number of correctly classified instances as well as any potential confusion
between classes. The normalized version of the confusion matrix provides a
more meaningful representation of the classifier’s performance, as it considers
the relative proportions of the different classes.

The proposed network combines the power of the VGG16 model for fea-
ture extraction and the one-vs-rest multiclass linear SVM for classification.
By leveraging the learned features and the discriminative capabilities of the
SVM classifier, this approach aims to achieve accurate and reliable image
classification results. The use of the normalized confusion matrix helps pro-
vide a comprehensive evaluation of the classifier’s performance and identify
areas for further improvement.

PRETRAINED LAYERS
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Figure 3.1: VGG16 MODEL ARCHITECTURE

Before training a one-vs-rest multiclass linear SVM to do classification,

Department of Computer Science and Engineering 9



Aerial Scene Classification using VGG16 and Multiclass Linear SVM

first use a pre-trained VGG16 model to extract features from images. To
evaluate how well the categorization model is working, a confusion matrix
is employed. Data preparation, feature extraction, visualisation, and assess-
ment are among its numerous purposes.

e Data Augmentation: Data augmentation is performed to enhance the
diversity and robustness of the training dataset. Techniques such as
random resizing and cropping are applied to the images, introducing
variations in scale and viewpoint. Additionally, normalization is applied
to ensure consistent pixel value ranges across the dataset. Data aug-
mentation helps in reducing overfitting and improving the generalization
capability of the model.

e Model Setup: The VGGI16 model, a pre-trained convolutional neural
network (CNN) architecture, is chosen as the base model for feature
extraction. The model is loaded, and the last two layers of the classifier
are removed. This modification is made to extract features from the
deeper layers of the network, which capture more abstract and high-
level representations of the input images. By freezing the weights of the
remaining layers, ensure that these pre-trained features are preserved
and not updated during training.

e Feature Extraction: The pre-processed images are passed through the
modified VGG16 model to extract features. The output activations from
the chosen intermediate layer serve as the feature representations for
each image. These features encode relevant visual patterns and charac-
teristics of the input images, enabling effective discrimination between
different classes. By utilizing pre-trained models for feature extraction,
benefit from the transfer learning capability and leverage the learned
representations from a large-scale image dataset.

e SVM C(lassification: The extracted features and their corresponding la-
bels are used to train a one-vs-rest multiclass linear Support Vector
Machine (SVM) classifier. This approach constructs multiple binary
classifiers, each distinguishing between one class and the rest. The SVM
algorithm learns decision boundaries in the feature space, aiming to max-
imize the margin between different classes. The scikit-learn library pro-
vides an efficient implementation of the SVM classifier, enabling effective

Department of Computer Science and Engineering 10
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training and prediction.

e Evaluation: The trained SVM classifier is evaluated using the test set.
The classifier makes predictions on the test images based on their ex-
tracted features. The accuracy of the classifier is calculated by compar-
ing the predicted labels with the ground truth labels. Additionally, a
confusion matrix is generated to analyze the performance of the classi-
fier across different classes. The confusion matrix provides insights into
the distribution of correct and incorrect predictions, enabling a more de-
tailed assessment of the classifier’s performance.lt can effectively extract
features from images using a pre-trained VGG16 model, train a one-
vs-rest multiclass linear SVM classifier, and evaluate the classification
performance using accuracy and the confusion matrix. This approach
leverages the representational power of deep learning models and the
discriminative capability of SVM classifiers, resulting in an accurate and
reliable image classification system.

In additionally add softmax classifier and evaluate its performance using
the confusion matrix.

Department of Computer Science and Engineering 11



Chapter 4

Experiments And Results

The experimental settings utilized for the work and the feature extraction
results obtained by the confusion matrix is explained in this section.

4.1 Experimental Settings

To validate the experimental results, confusion matrix is used to display the
findings of the experiment. The confusion matrix details the actual and antic-
ipated labels for each class. The performance of the classifier is also measured
using metrics for class accuracy and total accuracy.

Feature Extraction and SVM Classification: The VGG16 model is used for
feature extraction, where the images are passed through the model, and the
output activations are collected. These extracted features are then used as
input to train a one-vs-rest multiclass linear SVM classifier. The SVM classi-
fier is trained to distinguish between different classes based on the extracted
features.

4.2 Datasets

Two datasets are used in this study,first one is UCM[9] and second one is
NWPU][11]

4.2.1 UCM

UC Merced (UCM) Land Use Dataset is an aerial image scene classification
benchmark containing 10 scene categories . Images in this dataset are all cap-
tured via airplane platform. This dataset is characterized by highly similar
categories such as dense residential, medium residential and sparse residential
to distinguish similar spatial structures with different densities.

12



Aerial Scene Classification using VGG16 and Multiclass Linear SVM

4.2.2 NWPU

NWPU-RESISC45 dataset is a publicly available benchmark for aerial im-
age scene classification created by Northwestern Polytechnical University
(NWPU) . It has 10 scene categories. The challenges of this benchmark lie
in the varied spatial resolution, high within-class diversity and between-class
similarity.

4.3 Results

4.3.1 Confusion Matrix

When describing the performance of a classification model on a set of test
data for which the true values are known, a confusion matrix is a table that
summarises the predictions generated by the model and how they compare
to the actual values.In a confusion matrix, the columns stand in for the ex-
pected classes while the rows represent the actual or true classes of the data.
The number or percentage of data points for each cell in the matrix corre-
sponds to a particular mix of true and anticipated classes. The classification
algorithm’s effectiveness for each class is shown by the confusion matrix. The
off-diagonal elements represent misclassifications, whereas the diagonal ele-
ments show how many instances of each class were properly identified. By
accounting for the class imbalance, the normalised confusion matrix offers
a clearer understanding of the classification performance. To measure the
performance of the classifier, metrics for class accuracy and total accuracy
are also computed.

4.3.2 Confusion matrix of SVM classifier and Softmax classifier

Using the test dataset, the image categorization system’s effectiveness was
assessed. The dataset was made up of a total of X images from Y distinct clas-
sifications. On these images, the trained classifier was used to predict, and the
outcomes were examined to gauge the efficacy of the suggested method.On
the test dataset, the classifier’s overall accuracy was founded. In fig 4.5 shows
the Overall accuracy of svm and softmax classifier on two datasets.This indi-
cates the percentage of correctly classified images out of the total number of
images in the test set. The high overall accuracy demonstrates the capability
of the model to effectively classify images into their respective classes.

Department of Computer Science and Engineering 13
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Normalized confusion matrix

Airfield 1¥A=§10.000.000.000.010.010.000.040.010.01
Anchorage 0.0508£10.010.000.000.000.000.020.170.00f 0.8
Beach 40.010.0048k:0.000.000.000.000.000.000.00
Dense Residential 40.010.000.000%:£]0.000.000.000.070.020.01 0.6
% Farm —0.010.000.000.0008:k0.000.000.010.000.00 .
?EJ Flyover 40.010.000.000.000.00(2:150.000.020.010.00
" Forest 0.000.000.000.000.000.00(4821:10.000.000.01 [ 04
Game Space 0.020.000.000.030.000.010.0088:510.020.04
Parking Space {0.000.000.000.000.000.000.000.0308=13 [ 02
Sparse Residential 40.010.000.000.000.010.010.010.070.01[sR:3:) 0.0

b 2 X0 . & S & 2 2
s SR S CO N/ N & gL
ST T & K
o '2;"\ @l.'b qu E‘f’
® < N &
& O 7 &
& 2
Q o

Predicted label

Figure 4.1: NWPU Dataset using svim classifier

To gain deeper insights into the performance of the classifier, a confusion
matrix was generated. The confusion matrix provides a detailed breakdown
of the predicted and true labels for each class. It allows us to analyze the dis-
tribution of correct and incorrect predictions, identify any potential sources
of missclassification, and evaluate the classifier’s performance on a class-wise
basis.Analyzing the confusion matrix, observed that some classes achieved
high accuracy, with most of their instances correctly classified. However, some
classes exhibited lower accuracies, indicating challenges in correctly classify-
ing images belonging to these classes.It is important to note that the clas-
sification performance can vary depending on the nature and complexity of
the dataset. The proposed approach demonstrated promising results overall,
but further optimization and fine-tuning may be required to improve the ac-
curacy on challenging classes.

The experimental results provide compelling evidence of the proposed ap-
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Normalized confusion matrix
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Figure 4.2: UCM Dataset using svm classifier

proach’s effectiveness in image classification through feature extraction and
SVM classification. The model demonstrates a high overall accuracy and
offers a detailed analysis via the confusion matrix, affirming its ability to
successfully classify images across various classes. These outcomes serve as a
solid foundation for the potential real-world applications of the image clas-
sification system. The feature extraction technique, in conjunction with the
SVM classifier, delivers promising results on the NWPU and UCM datasets.
Specifically, the confusion matrix for the SVM classifier is illustrated in figures

4.1 and 4.2, while the confusion matrix for the softmax classifier is presented
in figures 4.3 and 4.4.

The accuracy values of different class labels in a confusion matrix is visu-
alize. The plot displays the accuracy of each class label on the y-axis, while
the corresponding class labels are shown on the x-axis.The accuracy values,
ranging from 0 to 1, represent the performance of a classification model in
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Normalized confusion matrix
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Figure 4.3: NWPU Dataset using softmax classifier

correctly identifying instances belonging to each class. The higher the accu-

racy value, the better the model performs in classifying that particular class
label.

To calculates precision, recall, and F'1 score for each class used to evaluate
the performance of classification models.Precision measures the proportion
of correctly predicted positive instances (true positives) out of all instances
predicted as positive (true positives + false positives).

TP

- TP +FP
where, TP represents the number of true positives, and FP represents the
number of false positives.

Precision (P) (4.1)

Recall, also known as sensitivity or true positive rate, is an evaluation
metric used in binary and multiclass classification problems. It measures
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Normalized confusion matrix
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Figure 4.4: UCM Dataset using softmax classifier

the ability of a model to correctly identify positive instances from the total
number of actual positive instances.

TP
~ TP +FN

where, TP represents the number of true positives, and FN represents the
number of false negatives.

Recall (R) (4.2)

The F-measure, also known as the F1 score, is a widely used evaluation
metric for assessing the performance of classification algorithms, particularly
in binary classification problems. It combines precision and recall into a single
value, providing a balanced measure of both metrics.

2. (P R)

F-measure (F) = Pir

(4.3)
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SVM Classifier

Softmax Classifier

Figure 4.5: Overall accuracy of svm and softmax classifier on two datasets

A bar graph used to represent the accuracy values of different class labels
in a confusion matrix. The class labels are represented on the x-axis, while the
corresponding accuracy values are shown on the y-axis.The confusion matrix
accuaracy of different classes for both SVM and softmax classifier using the
two datasets.In Fig 4.7..fig 4.10.fig 4.12,fig 4.15 shows the confusion matrix
accuracy for SVM and softmax classifier. Each class label represents a cate-
gory or class in a classification problem, and the accuracy value denotes the
accuracy of the classification model in correctly predicting instances of that
particular class. The purpose of this graph is to provide a visual representation
of the accuracy of the model’s predictions for each class, allowing for easy
comparison and identification of classes with high or low accuracy.The bar
graph helps to quickly assess the performance of the model across different
classes. The height of each bar corresponds to the accuracy value, providing
a clear visualization of the accuracy differences among the classes.

To calculates precision, recall, and F1 score for each class based on con-
fusion matrix and then plots metrics using a bar chart. It helps evaluate the
model’s performance across different classes and identify areas of strength and
improvement.In Fig 4.8 fig 4.11,fig 4.13,fig 4.16 shows the Accuracy Compari-
son of SVM and softmax classifier.It indicates how well the model performs in
terms of minimizing false positives. A higher precision value indicates fewer
false positives. The precision values for each class are displayed.
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Average F1 Score
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Figure 4.6: Accuracy of average F'1 score for SVM on NWPU dataset

To calculates the average F'1 scores for each class. The F1 score is a com-

monly used metric in classification tasks that balances precision and recall.
The F1 score represents the harmonic mean of precision and recall, provid-
ing a single metric that combines both measures. It is a useful metric when
both false positives and false negatives are important. The average F'1 Score
of SVM classifier on nwpu dataset is 90 %.The average F1 Score of SVM
classifier on ucm dataset is 95 %.The average F1 Score of softmax classifier
on nwpu dataset is 90 %.The average F1 Score of Softmax classifier on ucm
dataset is 95 %.
The fig.4.6.fig 4.9.fig 4.14 fig 4.17 shows accuarcy of F1 score for both SVM
and softmax classifier. To calculates the average F1 scores for each class and
visualizes it using a bar plot. The F1 score is a metric commonly used in
classification tasks to evaluate the model’s performance in terms of precision
and recall.
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Confusion Matrix Accuracy of Different Classes
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Class Labels

Figure 4.7: Confusion matrix accuracy for SVM on NWPU dataset
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Metrics by Class
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Figure 4.8: Accuracy Comparison for SVM on NWPU dataset
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Figure 4.9: Accuracy of average F1 score for SVM on UCM dataset
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Confusion Matrix Accuracy of Different Classes
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Figure 4.10: Confusion matrix accuracy for SVM on UCM dataset

Department of Computer Science and Engineering

22



Aerial Scene Classification using VGG16 and Multiclass Linear SVM

Metrics by Class
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Figure 4.11: Accuracy Comparison for SVM on UCM dataset
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Confusion Matrix Accuracy of Different Classes
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Figure 4.12: Confusion matrix accuracy for Softmax on NWPU dataset
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Figure 4.13: Accuracy Comparison for Softmax on NWPU dataset
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Figure 4.14: Accuracy of average F1 score for Softmax on NWPU dataset
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Accuracy

Class Labels

Figure 4.15: Confusion matrix accuracy for Softmax on UCM dataset
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Figure 4.16: Accuracy Comparison for Softmax on UCM dataset
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Figure 4.17: Accuracy of average F1 score for Softmax on UCM dataset
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Chapter 5

Conclusion

The work aims to implement an image classification system that leverages
the power of deep learning and machine learning algorithms. By using the
VGG16 model for feature extraction and a one-vs-rest multiclass linear SVM
classifier for classification, it achieved accurate and reliable image classifica-
tion results. The combination of the VGG16 model and SVM classifier has
proven to be effective in capturing meaningful image features and making
accurate predictions. The VGG16 model, with its deep architecture and pre-
trained weights, enables the extraction of rich and informative features from
input images. These features are then used as inputs to the SVM classifier,
which learns to distinguish between different classes based on the extracted
representations. The evaluation of the image classification system has been
conducted using metrics such as accuracy and the confusion matrix. The sys-
tem achieves high accuracy rates, indicating its ability to accurately classify
images into their respective classes. The combination of deep learning for
feature extraction and SVM classification has shown promising results, high-
lighting the potential of utilizing both techniques in image classification tasks.

The findings from this project contribute to the advancement of image
classification methodologies and pave the way for further research and devel-
opment in this field. The developed image classification system has various
practical applications. It can be used for object recognition, scene under-
standing, content-based image retrieval, and automated image classification
in domains such as healthcare, autonomous vehicles, and visual content orga-
nization. The accurate classification of images can enhance decision-making
processes, improve search and retrieval capabilities, and provide valuable in-
sights from visual data.The findings from this project contribute to the ad-
vancement of image classification methodologies and pave the way for further
research and development in this field.
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