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Abstract—This paper proposes an image classification method
using Binary Space Partitioning (BSP) for adaptive image
representation. Labelled images of buildings, flowers, grasses, and
hills are pre-processed and partitioned using BSP trees based on
pixel intensity to extract structural features. Key features such as
node count, tree depth, and intensity statistics form feature vectors
used to train a Support Vector Machine (SVM) classifier.
Performance is evaluated using accuracy, precision, recall, F1-
score, and a confusion matrix. Experimental results demonstrate
that the BSP-based approach enhances feature extraction and
improves classification of complex image classes.

Index Terms— image dataset, SVM algorithm, supervised
learning, machine learning, image processing.

l. INTRODUCTION

Image classification is a crucial task in computer vision,
enabling the categorization of images into predefined
classes. Traditional methods using Decision Tree classifiers
involve preprocessing images through resizing, grayscale
conversion, or noise removal, followed by feature extraction
techniques like Histogram of Oriented Gradients (HOG),
Local Binary Patterns (LBP), or color histograms to capture
relevant visual patterns. The extracted features are then
used to train a Decision Tree classifier, which splits the
data at each node by selecting features that best separate the
classes using metrics such as Gini impurity or information
gain.

While Decision Trees are easy to interpret and implement,
they are prone to overfitting and struggle with high-
dimensional data and complex decision boundaries,
impacting classification accuracy. Ensemble methods like
Random Forests or Gradient Boosting partially address
these limitations but may still face challenges with detailed
image structures.

To address these challenges, Binary Space Partitioning
(BSP) has emerged as a promising alternative. BSP
recursively subdivides space using hyperplanes, creating a
tree structure that effectively captures spatial and structural
information. Initially developed for 3D graphics and
rendering, BSP has broader applications, including
constructive solid geometry, collision detection, and ray
tracing. In image classification, BSP enables more adaptive
and detailed image representations, especially when
combined with Support Vector Machine (SVM) classifiers,
enhancing accuracy and performance.

To overcome these issues, adaptive methods such as Binary
Space Partition (BSP) image representation have emerged
as promising alternatives. BSP effectively captures
structural information by partitioning images based on
pixel intensity, enabling improved feature extraction and
classification. This

study explores the application of BSP representation
combined with Support Vector Machine (SVM) classifiers to
enhance image classification accuracy and performance.

Binary space partitioning was invented in the context of 3D
computer graphics in 1969, where the structure of a BSP tree
permits for spatial information about the objects in a scene that
is useful in rendering, such as objects being ordered from front-
to-back with respect to a viewer at a given location, to be
accessed quickly. Other applications of BSP include
accomplishing geometrical operations with shapes (constructive
solid geometry) in CAD, collision detection in 3D video games
and robotics, ray tracing, and other applications that involve the
handling of complex spatial scenes.

Binary space partitioning is treated as a generic process of
recursively dividing a scene into two until the partitioning
satisfies one or more requirements. It can be viewed as a
generalization of other spatial tree structures such as k-d trees
and quadtrees, one where hyperplanes that partition the space
may have any orientation, instead of being aligned with the
coordinate axes as they are in k-d trees or quadtrees. When
implemented in computer graphics to render scenes composed
of planar polygons, the partitioning planes are frequently
selected to coincide with the planes defined by polygons in the
scene. The specific choice of partitioning plane and criterion for
completing the partitioning process varies depending on the
purpose of the BSP tree.
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Fig. 1 The BSP Tree Consists of only Polygons in a single Plane
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For example, in computer graphics rendering, the scene is
divided until and unless each node of the BSP tree consists of
only polygons that can render in arbitrary order. When back-
face culling is implemented, each node therefore consists of a
convex set of polygons, whereas when rendering double-sided
polygons, each node of the BSP tree consists of only polygons
in a single plane. In collision detection or ray tracing, a scene
can be divided up into some primitives on which collision or
ray intersection tests are straightforward.

The canonical implementation of a BSP tree is for rendering
polygons (that are double-sided, that is, without back-face
culling) with the help of the painter's algorithm. Each polygon
is designated with a front side and a back side which could be
chosen arbitrarily and only affects the structure of the tree but
not the required result. Such a tree is built from an unsorted list
of all the polygons in a scene. The recursive algorithm for
building a BSP tree from that list of polygons is

e Selectapolygon A, from the list.

e Buildanode Nin the BSP tree, and add Ato the list of
polygons at that node.

e  For list's each other polygon

e If that polygon is located wholly in front of the plane
containing A, move that polygon to the list of nodes in
front of A.

e If that polygon is located wholly behind the plane
containing A, move that polygon to the list of nodes
behind P.

o If that polygon is intersected by the plane consisting
of A, split it into two polygons and move them to the
respective lists of polygons located behind and in front
of P.

e If that polygon is located within the plane containing
A, add it to the list of polygons at node N.

o Apply this algorithm to the list of polygons located in
front of A.

o  Apply this algorithm to the list of polygons located
behind A.

Il. LITERATURE SURVEY

[1] Zhang, Z.; Cui, P.; Zhu, W. Deep Learning on
Graphs: A Survey. IEEE Trans. Know |. Data Eng. 2020.

Deep learning has been shown to be successful in a number of
domains, ranging from acoustics, images, to natural language
processing. However, applying deep learning to the ubiquitous
graph data is non-trivial because of the unique characteristics
of graphs. Recently, substantial research efforts have been
devoted to applying deep learning methods to graphs,
resulting in beneficial advances in graph analysis techniques.
In this survey, we comprehensively review the different types
of deep learning methods on graphs. We divide the existing
methods into five categories based on their model
architectures and training strategies: graph recurrent neural

networks, graph convolutional networks, graph
autoencoders, graph reinforcement learning, and graph
adversarial methods. We then provide a comprehensive
overview of these methods in a systematic manner mainly
by following their development history. We also analyze
the differences and compositions of different methods.
Finally, we briefly outline the applications in which they
have been used and discuss potential future research
directions.

Summary: This survey explores deep learning techniques
applied to graph data.

[2] Wu, Z.; Pan, S.; Chen, F.; Long, G.; Zhang, C.; Yu,
P.S. A Comprehensive Survey on Graph Neural Networks.
IEEE Trans. Neural Networks Learn. Syst. 2021, 32, 4-24.

Deep learning has revolutionized many machine learning
tasks in recent years, ranging from image classification and
video processing to speech recognition and natural
language understanding. The data in these tasks are
typically represented in the Euclidean space. However,
there is an increasing number of applications, where data
are generated from non-Euclidean domains and are
represented as graphs with complex relationships and
interdependency between objects. The complexity of graph
data has imposed significant challenges on the existing
machine learning algorithms. Recently, many studies on
extending deep learning approaches for graph data have
emerged. In this article, we provide a comprehensive
overview of graph neural networks (GNNSs) in data mining
and machine learning fields. We propose a new taxonomy
to divide the state-of-the-art GNNSs into four categories,
namely, recurrent GNNs, convolutional GNNs, graph
autoencoders, and spatial-temporal GNNs. We further
discuss the applications of GNNs across various domains
and summarize the open-source codes, benchmark data
sets, and model evaluation of GNNs. Finally, we propose
potential research directions in this rapidly growing field.
Summary: This paper reviews Graph Neural Networks,
highlighting models, methods, and applications.

[3] Al-Garadi, M.A.; Mohamed, A.; Al-Ali, A.K.; Du,
X.; Ali, I.; Guizani, M. A Survey of Machine and Deep
Learning Methods for Internet of Things (loT) Security.
IEEE Commun. Surv. Tutorials 2020, 22, 1646-1685.

The Internet of Things (l1oT) integrates billions of smart
devices that can communicate with one another with
minimal human intervention. 10T is one of the fastest
developing fields in the history of computing, with an
estimated 50 billion devices by the end of 2020. However,
the crosscutting nature of loT systems and the
multidisciplinary components involved in the deployment
of such systems have introduced new security challenges.
Implementing security measures, such as encryption,
authentication, access control, network and application
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security for 10T devices and their inherent vulnerabilities is
ineffective. Therefore, existing security methods should be
enhanced to effectively secure the 10T ecosystem. Machine
learning and deep learning (ML/DL) have advanced
considerably over the last few years, and machine
intelligence has transitioned from laboratory novelty to
practical machinery in several important applications.
Consequently, ML/DL methods are important in transforming
the security of loT systems from merely facilitating secure
communication  between devices to  security-based
intelligence systems. The goal of this work is to provide a
comprehensive survey of ML methods and recent advances in
DL methods that can be used to develop enhanced security
methods for 10T systems. 10T security threats that are related
to inherent or newly introduced threats are presented, and
various potential 10T system attack surfaces and the possible
threats related to each surface are discussed. We then
thoroughly review ML/DL methods for loT security and
present the opportunities, advantages and shortcomings of
each method. We discuss the opportunities and challenges
involved in applying ML/DL to loT security. These
opportunities and challenges can serve as potential future
research directions.

Summary: This survey explores machine and deep learning
techniques for 10T security.

1. EXISTING METHOD

Existing methods for image classification using Decision
Tree classifiers involve dividing the dataset into Labelled
categories based on features extracted from images.
Typically, images are first pre-processed through resizing,
grayscale conversion, or noise removal. Feature extraction
techniques such as Histogram of Oriented Gradients (HOG),
Local Binary Patterns (LBP), or colour histograms are then
applied to capture important visual patterns. These extracted
features form input vectors that are used to train a Decision
Tree classifier. The Decision Tree splits the data at each node
by selecting the feature that best separates the classes,
measured using metrics like Gini impurity or information
gain. This hierarchical structure continues until the tree
reaches leaf nodes, which correspond to the final class labels.
Although Decision Trees are simple and easy to interpret,
they are prone to overfitting, especially with complex image
data. To overcome this, pruning techniques or ensemble
methods like Random Forest or Gradient Boosting are often
used to improve generalization. Despite these enhancements,
Decision Trees may struggle with high-dimensional features
and complex decision boundaries, limiting their accuracy in
detailed image classification tasks. Therefore, more adaptive
methods, such as Binary Space Partition (BSP)
representation, are explored to improve classification
performance.

The decision tree algorithm is a hierarchical tree-based
algorithm that is used to classify or predict outcomes based
on a set of rules. It works by splitting the data into subsets
based

on the values of the input features. The algorithm
recursively splits the data until it reaches a point where
the data in each subset belongs to the same class or has
the same value for the target variable. The resulting tree is
a set of decision rules that can be used to make
predictions or classify new data.

The Decision Tree algorithm works by selecting the best
feature to split the data at each node. The best feature is
the one that provides the most information gain or the
most reduction in entropy. Information gain is a measure
of the amount of information gained by splitting the data
at a particular feature, while entropy is a measure of the
randomness or disorder in the data. The algorithm uses
these measures to determine the best feature to split the
data at each node.

IV.PROPOSED METHOD

The methodology for image classification using adaptive
processing of Binary Space Partition (BSP) image
representation begins with collecting Labelled images of
buildings, flowers, grasses, and hills. These images are
pre- processed by resizing and converting them to
grayscale if necessary. A BSP Tree is then implemented
to partition the images based on pixel intensity, capturing
structural information effectively. From the BSP Tree,
features such as the number of nodes, leaf nodes,
maximum depth, average region size, and intensity
statistics are extracted. These features are combined into
feature vectors and labelled according to their respective
image classes. The dataset is then divided into training
and testing sets.

A Support Vector Machine (SVM) classifier is trained
using the feature vectors and corresponding labels as
shown in below fig2. The trained model is tested on the
test dataset to predict the image classes. Classifier
performance is evaluated using metrics such as accuracy,
precision, recall, Fl-score, and a confusion matrix.
Additionally, BSP tree partitions on sample images are
visualized, and the confusion matrix is plotted to aid
interpretability. This adaptive BSP-based approach
enhances feature extraction and classification, enabling
accurate categorization of complex image classes.

Margin

Y-Axis

Support

L 4

X-Axis

Fig 2: Support Vector Machine Model
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to just specify the kernel for this step and the data is never
explicitly transformed to the feature space. This process is
commonly known as the kernel trick.

Solve a quadratic optimization problem to fit an optimal
hyper plane to classify the transformed features into two
classes. The number of transformed features is determined by
the number of support vectors.

V.METHODOLGY

The proposed methodology for image classification using
adaptive processing of Binary Space Partitioning (BSP) image
representation involves the following stages:

1. Data Collection and Preprocessing

A labelled dataset consisting of images from multiple
categories (e.g., buildings, flowers, grasses, hills) is
collected. Images are resized to a standard resolution using
MATLAB's interpolation methods (e.g.bilinear or The
followings are important concepts in SVM

e Support Vectors: Data points that are closest to the
hyper plane is called support vectors. Separating line
will be defined with the help of these data points.

e Hyper plane: As we can see in the above diagram, it
is a decision plane or space which is divided between
a set of objects having different classes.

e Margin: It may be defined as the gap between two
lines on the closet data points of different classes. It
can be calculated as the perpendicular distance from
the line to the support vectors. Large margin is
considered as a good margin and small margin is
considered as a bad margin.

The main goal of SVM is to divide the datasets into classes to
find a maximum marginal hyper plane (MMH) and it can be
done in the following two steps —

e First, SVM will generate hyper planes iteratively that
segregates the classes in best way.

e Then, it will choose the hyper plane that separates the
classes correctly.

A support vector machine (SVM) is a supervised
learning algorithm that can be used for binary classification or
regression. Support vector machines are popular in applications
such as natural language processing, speech and image
recognition, and computer vision. A support vector machine
constructs an optimal hyper plane as a decision surface such
that the margin of separation between the two classes in the data
is maximized. Support vectors refer to a small subset of the
training observations that are used as support for the optimal
location of the decision surface. Support vector machines fall
under a class of machine learning algorithms called kernel
methods and are also referred to as kernel machines.

Training for a support vector machine has two phases:
Transform predictors (input data) to a high- dimensional
feature space. It is sufficient

bicubic) to ensure consistency across the dataset. Images
are converted to grayscale if necessary to reduce
computational complexity and focus on intensity-based
partitioning.

2. Image Normalization

Each image is normalized using image2 double () to scale
pixel intensity values between 0 and 1. This step ensures
stable and consistent partitioning during BSP tree
construction.

3.BSP Tree Construction

A BSP tree is built for each normalized image using
predefined threshold (e.g., 0.05). The image is recursively
partitioned into sub-regions based on pixel intensity
variation. Splitting continues until the variation within a
region is below the threshold. The BSP tree captures the
structural hierarchy and complexity of image regions.

4. Feature Extraction
From each BSP tree, key features are extracted:
. Total number of nodes
. Number of leaf nodes
. Maximum tree depth
e  Average region size
. Statistical intensity measures (mean, variance, etc.)
These features provide a compact structural representation
of the image.

5. Feature Vector Creation
Extracted features are organized into a numerical feature
vector for each image. To reduce dimensionality,
statistical aggregation (e.g., mean or normalized values) is
applied where appropriate.

6. Classification Using Support Vector Machine (SVM)
The dataset is divided into training and testing subsets. an
SVM classifier is trained using the feature vectors and
corresponding class labels. The radial basis function
(RBF) or linear kernel is selected based on performance
through experimentation.

7. Performance Evaluation
The trained model is evaluated on the test dataset.
Classification performance is measured using:

. Accuracy
. Precision
° Recall

° F1-score
. Confusion matrix

BSP tree partitions are visualized on sample images to
validate effective region segmentation.
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VI. EXPERIMENTAL RESULTS Yy - X

Various color images have been considered for validation
process. Some of the sample results have been listed below.

Buildings

Building Image: ) o
Fig5: Classification Results

Trains an SVM classifier, predicts image category using input
features, and displays the result in a message box.

Buildings

Flowers 1

True Class

Grasses

Hills 1

Fig3: Input Image

Buildings Flowers Grasses Hills
Predicted Class

The above figure shows the input image that is loaded using a
file dialog and resized to 256x256 pixels. The image is Fig6: Confusion Matri
displayed using imshow with the title "Input Image." )

The data into training and testing sets, trains an SVM classifier,
predicts test labels, and then generates a confusion matrix chart to
evaluate model performance.

Extracted BSP Tree Features:
TotalNodes: 115129
LeafNodes: 57565
MaxDepth: 19
AvgRegionSize: 3.4154
RegionSizes: [57565x1 double]

Accuracy: 87.5
Precision: 87.5
Recall: 90
Fl-Score: 87.3016

Fig4: BSP Tree Visualization

This figure visualizes the BSP (Binary Space Partitioning) Fig7: Parameters
Tree built with a threshold of 0.05. The tree is traversed, and

the image is displayed with the BSP Tree structure overlaid Calculates and displays performance metrics: accuracy, precision,
to show the partitioning. The function draw BSP Tree recall, and F1-score from the confusion matrix, evaluating model
highlights the divisions in the image. effectiveness.
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2) Hill Image:

-l

Fig8: Input Image

The above figure shows the input image that is loaded using a
file dialog and resized to 256x256 pixels. The image is
displayed using imshow with the title "Input Image."

_EFL

Fig9: BSP Tree Visualization

This figure visualizes the BSP (Binary Space Partitioning)
Tree built with a threshold of 0.05. The tree is traversed, and
the image is displayed with the BSP Tree structure overlaid
to show the partitioning. The function draw BSP Tree
highlights the divisions in the image.

Hills

Figl0: Classification Results

Buildings 1
Flowers 1
w
@«
Al
Q
o
2
=
Grasses 1
Hills 1 1
Buildings Flowers Grasses Hills
Predicted Class

Figll: Confusion Matrix

The data into training and testing sets, trains an SVM classifier,
predicts test labels, and then generates a confusion matrix chart to
evaluate model performance.

Extracted BSP Tree Features:
TotalNodes: 5719
LeafNodes: 2860
MaxDepth: 19
AvgRegionSize: 68.7441
RegionSizes: [2860x1 double]

Accuracy: 62.5
Precision: 62.5
Recall: 70
Fl-Score: 60

Figl2: Parameters

Calculates and displays performance metrics: accuracy, precision,
recall, and F1-score from the confusion matrix, evaluating model
effectiveness.

VII. CONCLUSION

In conclusion, this study demonstrates the effectiveness of
Binary Space Partition (BSP) image representation for
image classification by extracting meaningful structural
features and utilizing an SVM classifier for accurate
categorization. The proposed approach efficiently partitions
images based on pixel intensity, capturing essential
structural details and generating feature vectors that
improve classification performance. Experimental results
indicate that the method achieves high accuracy, precision,
recall, and F1-score, proving its reliability in distinguishing
between diverse image categories such as buildings,
flowers, grasses, and hills. The integration of BSP-based
feature extraction with SVM classification provides a robust
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framework for handling complex image datasets.
Moreover, the inclusion of BSP tree visualizations and
confusion matrix analysis enhances interpretability,
aiding in a deeper understanding of the model’s
decision-making process. The results suggest that BSP
image representation is a promising technique for
improving classification accuracy in various computer
vision applications. Future work may explore further
optimizations, including deep learning integration or
adaptive partitioning strategies, to enhance performance
across larger and more diverse datasets. Ultimately, this
study highlights the potential of BSP-based adaptive
processing as an effective and computationally efficient
approach to image classification, paving the way for
further advancements in the field of machine learning
and image processing.
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