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ABSTRACT

The classification of scenes from images is a fundamental task in computer
vision, vital for various applications ranging from autonomous driving to surveillance
systems. An ongoing challenge in this field is the identification of discriminative
features for accurate classification. This study addresses this challenge by comparing

the effectiveness of two approaches: object-based feature extraction and deep learning.

We propose a novel methodology that leverages YOLOV3, a state-of-the-art
pre-trained model for object detection, to extract object-based features from scene
images. By utilizing YOLOV3, we obtain feature vectors representing the presence and
characteristics of objects within each scene. These features are then used as input for

four distinct machine learning algorithms to classify scenes.

Concurrently, we develop a deep learning model using the original images,
which typically requires more computational resources and time for training.
We conduct comprehensive experiments to evaluate the performance of both

approaches across various scene classification tasks.

Surprisingly, our results demonstrate that simple machine learning models

utilizing object-level features achieve comparable performance to deep learning
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methods. This finding suggests that focusing on object-based representations can
effectively classify scenes while circumventing the resource-intensive nature of deep

learning algorithms.

Keywords: Deep learning, Training, Machine Learning Algorithms, Computational
Modeling, Object Detection, Feature Extraction, Convolutional Neural

Networks
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CHAPTER 1

INTRODUCTION

Scene classification has become an important and widely studied problem in
computer vision due to its numerous practical applications. The ability to categorize
images into different scene categories has been shown to be useful in a variety of fields,
including autonomous driving, surveillance, and image retrieval. In this chapter,
we will provide background information and the rationale behind our research in scene
classification, outlining the key challenges and opportunities in this area. We will also
present our research objectives, the scope of our study, the expected results, and
the location and equipment used for our experiments. By the end of this chapter, readers
should have a clear understanding of our research goals and methodology, as well as
a comprehensive overview of the key concepts and issues involved in scene

classification.

1.1 Background and Rational

In recent years, scene classification has gained popularity as a research area
among scientists due to the increasing number of studies that have emerged recently,
including works by Cheng et al. (2018), Liu et al. (2019) and Zeng et al. (2018), which
provide evidence. The goal of scene classification is to develop a method for
automatically categorizing images of different scenes into pre- defined categories.
However, unlike humans, machines have difficulty identifying the relevant features in
an image that are necessary for accurate classification. As a result, scientists must
determine the appropriate level of detail for the features used in the classification
process, such as fine- grained textures and shapes, or recognizable objects and
components. In this research work, our goal is to conduct indoor scene classification,

which consists of four types of room scenes: bathroom, bedroom, living room, and



kitchen. We aim to use simple machine learning methods and compare their
performance in terms of classification accuracy with the baseline Convolutional Neural
Network (CNN). This will help us determine if the alternative approaches can achieve

similar levels of performance in the scene classification task.

1.2 Objective

Our research aims to compare the performance of machine learning and deep
learning models. To achieve this goal, we plan to train machine learning models using
YOLO, a state-of-the-art object detection model. Specifically, we will develop an
object-based feature extractor for machine learning model training, leveraging
the capabilities of YOLO. Our assumption of this approach is to enhance
the performance of the machine learning models, particularly in tasks like image
classification. We selected four common types of indoor scenes, including bathroom,
bedroom, living room, and kitchen, because they represent the most common indoor
areas in a typical household.

Additionally, we aim to compare the performance of our machine learning
models with the base-line deep leaning that is the model in terms of classification
accuracy. Deep learning has recently gained a lot of attention in the field of artificial
intelligence and has been shown to achieve impressive results in various tasks.
By comparing the performance of simple machine learning with base-line CNN models,
we hope to gain a better understanding of the advantages and limitations of different

approaches to machine to perform indoor scene classification.

1.3 Scope

1.3.1 Apply object-based feature extraction for machine learning models
training.

1.3.2 Train and classify four types of indoor scene data set consists of bedroom,
restroom, living room and kitchen.

1.3.3 Train machine learning and base-line CNN models four types of indoor



scene data set.
1.3.4 Perform scene classification with machine learning and base-line CNN model.
1.3.5 Compare the accuracy performance of machine learning and baseline
CNN model.

1.4 Expected Result

1.4.1 Able to extract features using YOLOv3 from images for machine learning
models.

1.4.2 Train and validate machine learning and base-line CNN models.

1.4.3 Get classification accuracy results for machine learning and base line
CNN model.

1.4.4 Able to compare the performance of machine learning and base-line CNN

model.

1.5 Equipment

1.5.1 Software
1.5.1.1 Python version 3.8
1.5.1.2 Ubuntu 18.04
15.1.3 YOLOvV3
1.5.1.4 Jupyter Notebook

1.5.2 Hardware
1.5.2.1 CPU 16 cores
1.5.2.2 Memory 16 GB
1.5.2.3 Storage 500 GB



CHAPTER 2

LITERATURE REVIEW

In this chapter, we will provide a comprehensive review of the literature
on scene classification. Specifically, we will examine recent advancements in scene
classification research, including the related technology and existing work that have

focused on improving scene classification accuracy.

2.1 Related Technology

2.1.1 Computer Vision and Image Processing

Computer vision and image processing are important fields of study in the area
of artificial intelligence, which have gained significant attention in recent years due to
their many real-world applications. Computer vision involves developing algorithms
that can automatically extract, analyze, and understand information from visual data,
while image processing involves manipulating digital images to improve their quality,
extract features, or perform other operations. These fields have numerous applications,
such as object recognition (Xie et al., 2021), autonomous driving (Chen, Li et al., 2024),
and medical imaging (Shen et al., 2017). Recent advancements in deep learning have
led to significant improvements in computer vision tasks such as object detection,
segmentation, and classification. For a comprehensive overview of the latest
advancements in computer vision and image processing, see the book Computer Vision:
Models, Learning, and Inference by Jeremy (2014). The diagram in figure 2.1 displays
pixel data of an image of Lincoln with values ranging from 0 to 255. It highlights digital

image representation, essential for image processing and computer vision.
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Source Nguyen et al. (2018)

Figure 2.1 Example of image processing

2.1.2YOLOvV3

According to Redmon and Farhadi (2018), YOLOv3 is a popular object
detection algorithm that utilizes a grid-based approach to predict bounding boxes and
class probabilities for multiple object categories simultaneously, as depicted in
Figure 2.2, illustrating the architecture of YOLOvV3. The detection employs a multi
scale feature extraction technique and includes features like feature pyramid networks
and residual blocks, which make it more accurate than its predecessor, YOLOV2.
The algorithm has achieved state-of-the-art accuracy on a variety of object detection

benchmarks and is widely used in computer vision applications.
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Figure 2.2 YOLOv3 architecture

2.1.3 Feature Extraction

Content Based Image Retrieval (CBIR) is a process for retrieving relevant
images from a large image database. The goal is to identify images that are visually
similar based on specific features such as color, shape, texture, etc. Feature extraction
is a crucial step in CBIR as it determines the quality of the results. There are several
techniques used for feature extraction, such as color histogram, color correlogram, color
co-occurrence matrix, Tamura texture feature, steerable pyramid, wavelet transform,
and Gabor wavelet transform. Each technique has its own strengths and weaknesses,
and it is important to understand the differences between them to select the most
appropriate method for a given CBIR task (Patel & Gamit, 2016). Refer to Figure 2.3

for the block diagram illustrating the fundamental structure of a CBIR system.
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Figure 2.3 Block diagram of basic CBIR system

2.1.4 Machine Learning (ML)

Machine learning involves the creation of computer algorithms that are capable
of learning and making predictions or decisions without explicit programming. This is
achieved through training the computer system on large amounts of input data, which
allows it to develop its own understanding and improve its accuracy over time. Machine
learning is now widely used across various industries and applications, such as email
filtering, computer vision, speech recognition, and finance, among others.
Technology is becoming increasingly valuable due to the vast amounts of data being
generated and collected, and the potential for machine learning to revolutionize the way
we live, and work is immense. The field is expected to continue growing and evolving,
making it a worthwhile area of study for those interested in computer science and
artificial intelligence.

The algorithms discussed in this work are Decision Tree, K-Nearest Neighbors,

SVM, and Naive Bayes. These algorithms are considered simple but play an important



role in the field of machine learning.

2.1.4.1 Decision Tree

Decision tree algorithms have been widely used for classification and
regression tasks in the field of machine learning. They are simple to understand and
interpret and can handle both categorical and numerical data. The tree structure can also
be visualized and analyzed to gain insights into the decision-making process of
the algorithm. Random Forests (Breiman, 2001), XGBoost (Chen et al., 2016), and
Stochastic Gradient Boosting (Friedman, 2002) are some of the popular variants of
the decision tree algorithm that have been shown to improve accuracy and reduce
overfitting. These algorithms have been successfully applied in various domains,
including image classification, text classification, and financial forecasting, among

others as displayed in Figure 2.3.

Single Decision Tree Random Forest
Class 2

Source Sharma (2021)

Figure 2.4 Decision tree and random forest

2.1.4.2 K-Nearest Neighbors

K- Nearest Neighbors (KNN) is a popular supervised machine learning
algorithm used for both classification and regression tasks (Alpaydin, 2010; Hastie et
al., 2009). The algorithm functions by identifying the K nearest data points in the
training set to a new data point, subsequently assigning either the most frequent class

among these neighbors for classification or the average value of the neighbors for



regression, as demonstrated in Figure 2.5 (Alpaydin, 2010). KNN is a simple algorithm
and can be used as a baseline for more complex machine learning algorithms (Hastie et
al., 2009). However, the choice of parameter K is crucial for the algorithm’s
effectiveness, and it can be computationally expensive when dealing with large
datasets. Feature scaling is also necessary to ensure all features are given equal weight
(Alpaydin, 2010). KNN is commonly used in applications such as image recognition,
natural language processing, and recommendation systems (Alpaydin, 2010; Hastie
et al., 2009).
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Source Srivastava (2018)

Figure 2.5 K-Nearest neighbors

2.1.4.3 Support Vector Machine

Support Vector Machines (SVM) is a popular supervised machine learning
algorithm used for classification, regression, and outlier detection tasks ( Cortes &
Vapnik, 1995; Hastie et al., 2009). The algorithm works by finding the hyperplane that
best separates the data into different classes, with the maximum margin between the
classes as demonstrated in Figure 2.6 (Cortes & Vapnik, 1995). SVM can handle both
linear and nonlinear data by using different kernel functions to transform the data into
a higher-dimensional space (Hastie et al., 2009). SVM has been shown to be effective
in various applications, including image and text classification, bioinformatics, and

finance (Cortes & Vapnik, 1995; Hastie et al., 2009). However, the algorithm’s
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performance can be affected by the choice of kernel function and the regularization
parameter (Hastie et al., 2009). In addition, SVM can be computationally expensive

when dealing with large datasets (Hastie et al., 2009).

Source Hastie et al. (2009)

Figure 2.6 Support vector machines

2.1.4.4 Naive Bayes

Naive Bayes is a popular supervised machine learning algorithm used for
classification tasks, particularly in natural language processing and document
classification (Rish, 2001; Manning, Raghavan & Schutze, 2008). The algorithm is
based on Bayes theorem and assumes that the features are conditionally independent
given the class variable, hence the term naive (Rish, 2001). Naive Bayes is simple, fast,
and performs well on small and high-dimensional datasets (Manning et al., 2008).
However, it may not perform well when there are correlated features or when
the training data is imbalanced (Manning et al., 2008). Different variants of Naive
Bayes exist, such as Gaussian Naive Bayes for continuous data and Multinomial Naive
Bayes for discrete data (Rish, 2001). Naive Bayes has been applied in various fields,
including spam filtering, sentiment analysis, and medical diagnosis (Rish, 2001;
Manning et al., 2008).
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Figure 2.7 Naive bayes

2.1.5 Convolutional Neural Network (CNN)

Deep Learning, also known as Deep Neural Networks (ANN), involves the use
of multiple layers in artificial neural networks to handle large amounts of data.
This technology has become very popular in recent decades and is now widely used for
pattern recognition in various fields. One of the most widely used deep neural networks
is the Convolutional Neural Network (CNN), named after the mathematical linear
operation called convolution. The structure of a CNN includes multiple layers, such as
the convolutional layer, non-linearity layer, pooling layer, and fully connected layer, as
shown in Figure 2.8. The CNN is particularly effective in machine learning applications
that involve image data, such as the ImageNet dataset, computer vision, and natural
language processing. In this paper, we will focus on explaining the important elements
of CNN and how they work, as well as the parameters that affect its efficiency. It is
assumed that readers have a basic understanding of machine learning and artificial

neural networks (Albawi et al., 2017).
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Figure 2.8 Visualizing convolutional deep neural network layers

2.2 Related Work

The study of scene classification techniques has seen growth in recent years,
with Convolutional Neural Network (CNN) emerging as a popular choice. According
to research (King, 2017), a baseline CNN model was trained on 5,000 images and
365 classes, however, it did not perform well with unseen samples. To improve its
performance, a new model was proposed (Zhang et al., 2019). This model uses CNN as
a feature extractor and applies CapsNet for classification in the field of remote sensing.
The remote sensing data is first processed by CNN to create feature maps, which are
then passed on to CapsNet to produce the final classification result.

The research work discussed in (Li et al., 2020) proposes a framework that
leverages feature maps obtained from CNN to train a classifier using Graph Neural
Network. According to the findings reported in (Ozyurt, 2019), these feature maps
extracted from CNN can be utilized to build effective classification models through
various algorithms such as VGG16, VGG19, ResNet, SqueenzeNet, and AlexNet.
This method has shown to improve the accuracy and efficiency of scene classification.
Many studies have explored the use of state-of-the-art models that incorporate CNN as
a feature extractor, with the aim of addressing the limitations of the baseline CNN
(Cheng et al., 2018; Liu et al., 2019; Zeng et al., 2018).

While Convolutional Neural Network (CNN) is widely considered as the state-
of the-art approach in scene classification, there are still alternative methods that offer
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competitive accuracy. One such method is proposed by (Walther et al., 2011), which
involves using fMRI to analyze data by drawing lines and determining the scene.
Another feature-based machine learning approach is presented in (Mandhala et al.,
2014), which explores the use of Support Vector Machine (SVM) with three different
types of kernels (linear, polynomial, and RBF). Both methods offer alternative solutions
for scene classification and have the potential to achieve similar levels of accuracy
compared to CNN.

In the related work section, it can be inferred that the previous research has
primarily focused on enhancing the accuracy of scene classification using machine
learning and deep learning algorithms. However, in contrast, the present study aims to
evaluate and compare the performance in accuracy of machine learning and base-line
CNN techniques for scene classification, rather than improving the existing model.
The outcomes of this study provide valuable insights into the relative effectiveness of
these methods, which can aid in selecting appropriate techniques for scene
classification for the four-room type scene dataset that were selected for this

experiment.



CHAPTER 3

METHODOLOGY

The purpose of this research is to compare the results of machine learning and
deep learning algorithms, considering that their training processes are different. While
Convolutional Neural Networks (CNNs) can be trained by feeding images directly,
machine learning algorithms require feature extraction. The system flow Figure 3.1 and
Figure 3.3 show that this experiment will encompass machine learning, CNNs, and

feature extraction, which will be discussed in further detail in subsequent sections.
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3.1 Indoor Scene Dataset

In this research, we use a dataset of 400 images of house scenes that were
randomly collected from the internet as the training dataset. These images represent
four different types of rooms: living room, bathroom, bedroom, and kitchen. These four
classes serve as the targets for the development and evaluation of the model. The
distribution of images is 100 images each for the four classes, and examples of class-
specific images from the dataset can be seen in Figure 3.3. The testing dataset comprises
a total of 500 new images of house scenes that were randomly selected from the
internet. The dataset includes 120 images for each class.
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Living room Bathroom

Bedroom Kitchen

ik, s

Figure 3.3 Examples of image data set, living room, bathroom, bedroom, and kitchen

e

3.2 Feature Extraction

In the first part of this experiment, feature extraction is performed using an
object detection model, YOLOv3 (Zhao & Li, 2020). YOLOV3 is a pre-trained object
detection model that is optimized for real-time object detection. Its simplicity and
lightweight nature make it suitable for fast classification. The list of features extracted
by YOLOV3 is displayed in Figure 3.4. The dataset used in this experiment consists of
400 images, and YOLOv3 extracts 41 features from each image. The four target classes

are bedroom, bathroom, living room, and Kitchen, each containing roughly 100 images.
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bottle orange bed oven

wine glass  broccoli dining table toaster
cup carrot toilet sink

fork hot dog tv refrigerator
knife pizza laptop book
spoon donut mouse clock
bowl cake remote vase
banana chair keyboard scissors
apple couch cell phone  teddy bear
sandwitch  pottedplant microwave hair drier
toothbrush

Figure 3.4 List of objects that can be extracted from YOLOvV3

3.3 Machine Learning

In the model training phase, four basic models were used to train the model
from the extracted dataset. The models are Decision Tree, K-Nearest Neighbors
(KNN), Naive Bayes, and Support Vector Machine (SVM).

3.3.1 Decision Tree

The Decision Tree is an algorithm based on a tree structure. The depth of
the tree can have a significant impact on the accuracy of the resulting model. Therefore,
it is necessary to specify the maximum depth of the tree. To determine the optimal
maximum depth, we need to train the model with different depths starting from 1 and
evaluate the accuracy to identify the maximum depth of 17 that provides the best

performance as shown in Figure 3.5.
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3.3.2 K-Nearest Neighbors

In the K- Nearest Neighbors algorithm, a new data point is classified by

18

identifying the K closest data points in the training set, and then assigning the class that

appears most frequently among these neighbors. For regression, the algorithm assigns

the average value of the target variable among the K nearest neighbors to the new data

point. This required us to train with different K values to get the best result. For the

distance metrics we chose Euclidean distance for this experiment because it is the one

of the most popular as it is the default metric of SKlearn library.

Source Fiori (2020)

Figure 3.6 Euclidean distance
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In Figure 3.6, it is an illustration of Euclidean distance, showing how it
measures the straight-line distance between two points in a two-dimensional space.
This visualization helps in understanding how the algorithm calculates the distances
between data points.

d(x,y) = 4| X(xi — y;)°

I=

Source Fiori (2020)
Figure 3.7 Euclidean distance equation

Furthermore, Figure 3.7, represents the Euclidean distance equation, providing
a mathematical representation of how the distance between two points is computed.
This equation serves as the foundation for calculating distances in the
K-Nearest Neighbors algorithm, aiding in the understanding of its implementation and
optimization.

To maintain simplicity in the models, we used the baseline version without any

modifications for Naive Bayes and SVM.
3.4 Deep Learning

Convolutional Neural Networks (CNNs) are a type of Artificial Neural Network
(ANN). They are specifically designed to solve image-based pattern recognition
problems. In recent times, CNNs have become a state-of-the-art method for scene
classification. In this experiment, we use a simple set of CNNs with Inception module.
The inception module is a neural network architecture that incorporates a combination
of parallel convolutions of different sizes, including 1x1, 3x3, and 5x5. The purpose of

the 1x1 convolutions is to perform dimensionality reduction before the more
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computationally expensive 3x3 and 5x5 convolutions are applied (Noor et al., 2012).
A single inception module can be visualized in Figure 3.8. Due to its sparsely connected
architecture, the inception module can reduce the number of computational resources

required for training and inference.
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Source Zhao et al. (2017)

Figure 3.8 Inception module

3.5 Evaluation

The evaluation framework of 10-fold cross-validation (Smith & Johnson, 2019)
is utilized to generate and assess the quality metric of accuracy. This metric is estimated
from the corresponding confusion matrix, where accuracy is calculated as equation
(3.1), with TP representing true positives, TN indicating true negatives,

FP referring to false positives, and FN denoting false negatives, respectively.

TP+TN
TP+TN+FP+FN

Figure 3.9 Accuracy result calculation equation



CHAPTER 4

EXPERIMENT AND RESULTS

This chapter is all about putting our research into action. It is divided into two
parts: the experiment and the results. In the experiment section, we will talk about the
process of experiment, while in the results section, we will share what we found out.

It is where theory meets practice.

4.1 Experiment

This section details the experimental procedures and methodologies conducted
to investigate the research question proposed at the beginning of this thesis. As the
experiment's design was presented in Chapter 3, we now delve into the practical
implementation of the experiment. This chapter encompasses a comprehensive
exploration of the research design, data collection, and the distinct training processes
of machine learning and deep learning algorithms, with a focus on Convolutional
Neural Networks (CNNs).

4.1.1 Data Set Preparation

Before we can start our experiment, we need to get our data ready.
As we mentioned in Chapter 3, the data we're using in this research consists of images.
First, we randomly picked images of four different types of rooms: bedrooms,
bathrooms, kitchens, and living rooms from the internet. We didn't worry about how
big or small the images were. We decided not to make any changes to these images
because we want to compare machine learning and deep learning without any extra
help. To train our machine learning model, we took the objects out of these images
using a special tool called YOLOv3, a pre-trained object detection model.
The information about these objects was then saved in a CSV file, as you can see in
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Table 4.1. For deep learning, we're going to use the images themselves to teach our
model directly. No extra steps or changes will be made to the images.

The machine learning model will use the features extracted from the object
detection process, while CNN will use the raw images to train the model. The reason
behind this approach is to highlight the differences between traditional machine
learning methods and deep learning techniques. Machine learning models often rely on
pre-processed and feature-extracted data to perform well, whereas deep learning
models like CNNs are designed to automatically learn and extract features from raw
data, which can lead to more effective and scalable solutions for image classification

tasks.

Table 4.1 Extracted data set example

bottle cup fork knife pizza book bowl cake class
1 1 1 1 1 0 1 1 0
0 0 0 0 0 1 1 1 . 1
0 0 1 0 1 1 0 0 2
1 1 1 0 1 0 0 0 . 3

Note 0 indicates the absence of an object, while 1 signifies the presence of an object,

and classes 1-4 represent the specific types of room.

4.1.2 Machine Learning Model Training

This section will go through the process of training machine learning models.
As mentioned in Chapter 3, we will be experimenting on 4 basic machine learning
models and they are Decision Tree, KNN, Naive Bayes and SVM.

Firstly, we will talk about Decision Tree. In the context of decision tree
modeling, we find the best maximum depth setting by identifying the depth value that
gives us the highest training accuracy. Figure 4.1 shows a clear trend where training
accuracy increases as the maximum depth ranges from 10 to 18. Based on this evidence,
we determine that the best parameter value is 17, and we'll use this value during

the upcoming testing phase.
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Secondly, we delved into a comparable exploration aimed at pinpointing the
most effective number of neighbors (k) for the KNN technique. Within Figure 4.2,
a range of training accuracy values is presented for KNN, spanning from 1 to 9

for different k values. Our scrutiny of this data demonstrates a clear preference for the

value k =4 as the most advantageous. As a result, our choice for the forthcoming testing
phase aligns with k = 4.
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Figure 4.2 Training accuracy to find the best K value for KNN training parameters



24

Finally, the last Two models of machine learning Naive Bayes and SVM. For
Naive Bayes, we will be using the Gaussian distribution and for SVM, we will be using

the linear kernel.

4.1.3 CNN Model Training

Regarding the CNN approach, which showcases the utilization of
low-level feature descriptors, we've opted for Inception-v3 (Nguyen et al., 2018) to
showcase its applicability in addressing this problem. It's important to note that we've
configured specific settings for this demonstration, including a batch size of 1, an epoch

count of 100, and the utilization of the SoftMax activation function.

4.2 Result

In this section, we present the findings obtained from our research, highlighting
the outcomes of our model configurations, training, and evaluation efforts. The results
provide valuable insights into the performance of different models in addressing
the objectives of our study. As we delve into the outcomes, it becomes evident that
certain models have demonstrated remarkable accuracy, while others have exhibited
distinctive characteristics. This section offers a detailed analysis of these findings,
laying the foundation for a deeper understanding of our research outcomes and their
implications.

After configuring our models, we proceeded with their training. The results of
this training phase revealed a distinct performance ranking. As illustrated in table 4.2,
the cross-validation accuracy result shows that the Decision Tree model emerged as the
top performer, boasting an impressive accuracy rate of 91.6%. It was closely followed
by the KNN, SVM, and Naive Bayes models, arranged in descending order of accuracy.
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Table 4.2 Cross validation accuracy

Models Cross Validation Result
Decision Tree 91.6%
KNN 91.1%
SVM 90.1%
Naive Bayes 78.0%

To evaluate the models, we calculated accuracy using Equation (1). The results,
as presented in Table 4.3, clearly indicate the model best suited for indoor scene
classification. The Decision Tree model outperforms the others with the highest
at 84.7%. It achieved an impressive accuracy rate, followed by SVM at 84.6%, KNN
at 83.9%, CNN at 81%, and Naive Bayes at 46%.

Table 4.3 Accuracy results of the models

Models Accuracy Result
Decision Tree 84.7%
SVM 84.6%
KNN 83.9%
CNN 81.0%

Naive Bayes 46.0%




CHAPTER 5

CONCLUSION AND DISCUSSION

5.1 Conclusion

In this thesis, we presented a comparative study of machine learning and deep
learning models for indoor scene classification. We trained four basic machine learning
models (Decision Tree, KNN, Naive Bayes, and SVM) and a simple CNN model on a
dataset of indoor scene images. We evaluated the performance of the models using 10-
fold cross-validation.

Our results showed that the Decision Tree model outperformed all the other
models, including the CNN model. The Decision Tree achieved an accuracy of 84.7%,
while the CNN achieved an accuracy of 81%. This suggests that simple machine
learning models can still be effective for indoor scene classification, even when
compared to more complex deep learning models. Inception-v3 is a convolutional
neural network architecture introduced by Google, known for its ability to capture
features at multiple scales and its computational efficiency. The use of the Inception-

v3 model, which | did not develop myself, ensures that these findings can be trusted.

5.2 Discussion

One possible explanation for the good performance of the decision tree is that
it can learn complex relationships between the features of the data. For example, the
Decision Tree may be able to learn that a bathroom is more likely to contain a toilet
than a kitchen, or that a bedroom is more likely to contain a bed than a living room.

Another possible explanation is that the Decision Tree is less susceptible to
overfitting than the other models. Overfitting occurs when a model learns the training

data too well and is unable to generalize to new data. The decision tree regularization
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mechanism, such as pruning, may help to prevent overfitting.

The CNN model performed well overall, but it was slightly outperformed by
the Decision Tree model in terms of accuracy. This may be because the CNN model is
more complex and requires more training data to achieve optimal performance. The
dataset used in this experiment is relatively small, so it is possible that the CNN model
was not able to learn the underlying patterns in the data as effectively as the Decision
Tree model.

However, in terms of execution time, CNNs often outperform traditional
machine learning models. This advantage stems from their streamlined approach to
object detection and feature extraction, which eliminates the additional steps that
traditional ML methods require, thereby reducing processing time.

The KNN model performed well overall, but it was slightly outperformed by
the Decision Tree and CNN models. This may be because the KNN model is sensitive
to the choice of distance metric and the number of neighbors. In this experiment,
we used the Euclidean distance metric and the K=4 nearest neighbors. It is possible that
different values for these parameters would have resulted in better performance.

The Naive Bayes model performed the worst of all the models in this
experiment. This is likely due to several factors, including:

1. The Naive Bayes model assumes that the features are independent of
each other. This is not necessarily true in the case of indoor scene classification. For
example, the presence of a bed in a room is likely to be correlated with the presence of
other bedroom furniture, such as a dresser or nightstand.

2. The Naive Bayes model is sensitive to noise in the data. The dataset
used in this experiment is relatively small and may contain some noise. The Naive
Bayes model may be more susceptible to the effects of noise than the other models.

3. The Naive Bayes model is a simple model that does not have a lot of
parameters to tune. This can make it difficult to improve the performance of the model
on complex tasks.

In addition to these factors, it is also possible that the Naive Bayes model is
simply not well-suited for the task of indoor scene classification. Indoor scene
classification is a complex task that requires the model to be able to learn complex
relationships between the different features of the data. The Naive Bayes model may
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not be able to learn these relationships as effectively as the other models.
Overall, the Naive Bayes model is a simple but effective model for
classification tasks. However, it may not be the best choice for complex tasks, such as

indoor scene classification.

5.3 Limitations and Future Work

One limitation of this experiment is that the dataset is relatively small.
With more training data, it is possible that the CNN model would have outperformed
the Decision Tree model. Additionally, a larger data set would allow for more rigorous
evaluation of the models, such as using a holdout test set.

Another limitation of this experiment is that we only used a simple CNN model.
There are more complex CNN models that could be used, such as ResNet or DenseNet.
Additionally, we could experiment with different feature extraction methods.

In future work, we plan to address these limitations by using a larger data set
and experimenting with different CNN models and feature extraction methods. We also
plan to explore the use of machine learning and deep learning models for indoor scene
classification in real-wQorld applications.

For example, we could develop a mobile app that uses indoor scene
classification to help blind or visually impaired people navigate their surroundings.
We could also develop a system that uses indoor scene classification to monitor
the safety and security of a building.

We believe that indoor scene classification is a promising area of research with
a wide range of potential applications. We are excited to continue our work in this area
and to contribute to the development of new and innovative indoor scene classification

systems.
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