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Abstract: Digital image processing is a field that employed computer algorithms to analyze digital images. Several images
have been subjected to digital classifications like trauma-related, hypertensive, cancer, plant leaf diseases, breast cancer,
etc. Feature extraction/selection is a pre-processing technique that removes redundant features from images. Several
feature extraction/selection techniques, especially statistical and deep learning methods, have been employed by
researchers but their performances have not dealt with adequately. This work focused on the performance comparison of
three selected feature extraction and selection techniques viz; Local Binary Pattern, Mutual Information and
Convolutional neural network in digital image processing. The datasets of MRI brain tumour images from the Kaggle
website of 394 were pre-processed and also subjected to feature extraction and selection using the selected techniques.
The extracted features were classified by Support Vector Machine and the outcome were evaluated by confusion matrix
parameters.. The results showed the CNN-SVM based Image detection system at threshold of 0.85 produced Recall
84.8%, Specificity 95.9%, False Positive Rate 4.2%, Accuracy 92.9% and Precision 88.1%; the MI-SVM system
produced Recall 70.5%, Specificity 92.0%, False Positive Rate 8.0%, Accuracy 86.3% and Precision 76.3%; while LBP-
SVM system produced Recall 64.8%, Specificity 88.9%, False Positive Rate 11.1%, Accuracy 82.5% and Precision
68.0%.
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I INTRODUCTION accumulation, pre-processing, feature extraction/selection

and matching/classification. [26], [4],[27].

In Artificial Intelligence realm, Digital Image

Processing is an area that explores the use of computer
algorithms or techniques to analyze digital images. Several
image diseases related datasets have been subjected to digital
image classifications like plant diseases data, trauma-related
data [23]; hypertensive data [36]; cancer data [35]; [2] breast
cancer, facial images [16] etc. Developing Digital image
processing architecture involves four stages viz; image
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Feature extraction in machine learning is a critical
process that transforms acquired mages into a set of
meaningful and informative data while reducing redundancy,
noise, and complexity. The primary goal is to simplify the
data representation, making it more suitable for machine
learning models to process and analyze effectively. Several
feature extraction techniques have been employed in the
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literature viz; principal component analysis (PCA) [9]; Linear
Discriminate Analysis [4]; Independent Component Analysis
(ICA) [ 24 ], Gabor filters [17]; Local Binary Pattern (LBP)
and its variants [43].

However, feature selection is relatively similar to
feature extraction, which is a pre-processing scheme used to
remove unnecessary attributes from digital images. Due to
data development which causes increment in dimensions-
cum-computational costs are overcome by feature selection
[28][34]. For instance, [3] employed particle swarm
optimization; [1] used Ant Colony Optimization [21,27]
employed gravitational search algorithm, deep learning by
[22],[28],[29] etc. Deep neural network is one of the machine
learning techniques that uses artificial neural networks
(ANNS) to perform complex computations on large datasets.
These algorithms are used in various industries such as
healthcare, eCommerce, entertainment, and advertisement.
Convolution Neural Network, Recurrent Neural Network,
Mutual Information Model, Self-organising map, Generative
Adversarial Network, Classical Neural Network, are some of
the deep learning techniques [37]. Over the years there have
been different researches to compare the performances of
these feature extraction or selection techniques for optimum
results which have brought relatively fair results. Thus, this
paper extends the research by comparing the performances of
Local Binary Pattern, Mutual Information model and
Convolution Neural network in image processing system.
Local Binary Pattern (LBP) is invented as local descriptor for
micro-structures of digital images. LBP is used to explain
the texture and shape of a digital image which is done by
patitioning an image into several small regions from which
the features are extracted [5],[33]. LBP has been employed
by [25,43]. Mutual information (MI) is a powerful scheme
for feature selection to identify the most relevant features. Ml
is used in filter feature selection as a measure of the
dependency between a set of features selected and the
classification prototypes. The final objective of feature
selection is to minimize the classification error. Recently,
researchers have used Ml, which can be considered as higher
order statistics [5], to identify the salient features [14,10,8],
[7]. The main advantages of Ml are the robustness to noise
and data transformation. [13], [45].

Convolution Neural Network (CNN) is one of the most
successful and broadly used architectures in deep learning. It
is a feed-forward multilayer neural network has three layers
viz; convolution layers, non- linear layers and pooling layers.
The main advantage of CNN is the weight sharing
mechanism through the use of the sliding kernel, which goes
through the images, and aggregates the local information to
extract the features. CNNs can easily learn features from
labeled data and their implementations are easy to build.
They also have great generalisation  abilities
[15,6,18,19,20,30]. The remaining part of this work is
organized as follows: related work is presented in section I;
Section |1l presents the relevant materials and methodology;
Implementation of the developed System is in section 1V;
while discussion of results and comparison of techniques
used are in Section V; and the Section VI concluded the
work.
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1. RELATED WORK

[38] researchers in 2016 presented a crop diseases
recognition model based on deep convolution networks for
plant image classification.. With the ability to identify crops
from their surroundings, the built model can recognize
thirteen types of plant illnesses from healthy leaves. A deep
learning framework (Caffe) was employed to perform the
training and testing. The experimentation of the developed
scheme showed that the results achieved precision of 96.3%
on average. In 2020, the authors in [40] developed a deep
learning model to improve accuracy of reported cases and to
precisely predict the disease from chest X-ray scans. The
model relied on Convolution neural networks (CNNs) to
detect structural abnormalities and disease categorization that
were keys to uncovering hidden patterns. The results gotten
offered a very high accuracy of 96.3%.

The researchers in [25] investigates discrimination
capabilities in the texture of images to differentiate between
pathological and healthy images. Hence, the performance of
Local Binary Patterns (LBP), LBP filtering and local phase
quantization as a texture descriptor for retinal images were
compared. The goal is to distinguish between diabetic
retinopathy (DR), age related macular degeneration and
normal fundus images analyzing the texture of the retina
background and avoiding a previous lesion segmentation
stage. Five experiments were designed and validated with the
proposed procedure obtaining promising results. For each
experiment, several classifiers were tested. An average
sensitivity and specificity higher than 0.86 in all the cases
and almost of 1 and 0.99, respectively, for AMD detection
were achieved.

In 2022, the authors in [30] detected the presence of
diabetic retinopathy in fundus images and grade the disease
severity without lesion segmentation. A series of
preprocessing steps were used to produce fundus images that
are in a standard state of brightness. Uniform LBPs was used
to extract features from acquired data. A proposed CNN-
SVM model were used to classify retinal fundus images. The
result showed that the developed system produced average
F1-score of 0.974 and an average accuracy of 96.99% on the
databases..

In 2023, [31] authors proposed a lightweight CNN
named ChestX-ray6 that automatically detects pneumonia,
COVID19, cardiomegaly, lung opacity, and pleural from
digital chest x-ray images. In the study, multiple databases
were combined, containing 9,514 chest x-ray images of
normal and other five diseases. The pre-trained ChestX-ray6
model has achieved an accuracy and recall of 97.94% and
98% for binary classification, which outweighs the state-of-
the-art (SOTA) models. [4] researchers in 2024 presented a
comparative performance analysis of selected feature
extraction techniques in human face images. Ninety face
images were acquired pre-processed after which they were
subjected to selected feature extraction techniques (LBP,
PCA, Gabor filter and LDA). The extracted features were
then classified using Back-propagation neural network. The
results of recognition accuracy produced by Gabor filter,
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PCA, LDA and LBP at 0.76 threshold are 76.7%, 72.2%.
78.9% and 85.6%. [7] authors developed a sophisticated
computer model using a deep CNN to accurately identify
pneumonia in chest X-rays images. The model was trained on
a vast collection of X-ray images, learning to distinguish
between healthy and pneumonia-affected lungs. The results
were impressive, on the test dataset, accuracy of 95.19%.

I1. MATERIALS AND METHODS

This research employed five stages which include data
acquisition, data pre-processing stage, feature
extraction/selection, data classification and evaluation stage.
The flowchart is shown in figure 1.

A. Data Acquisition

Datasets of MRI brain tumour images from the Kaggle
website were acquired. The datasets comprise of 394 MR
images. The data consists of gliomas, meningiomas and
pituitaries.

B. Pre-Processing Stage

The acquired datasets were subjected to pre-processing
including images cropping /re-sizing to uniform pixel
dimensions, contrast adjustment and conversion to grayscale.
Therefore, noise filtering was applied. Filtering in image
processing serves the primary purpose of achieving
interpolation, noise reduction, and resampling. In this study,
a combination of mean and median filters with different pixel
values was employed to remove noise from MRI images.

Brain Tumour |
[

Pre-processing Steps

Image Resize

Pose Orientation

T T P P PP PP PP

|
V o
LBP T CN
Classification

yes no

— i

Fig 1 Workflow of the Brain Tumor Classification System

Confusion Matrix
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C. Feature Extraction/Selection

The section describe the feature extraction techniques
used for the images detection. These techniques are LBP, M
and CNN.

> LBP

LBP is relatively new approach introduced in 1996 by
[32]. The LBP operator labels the pixels of an image by
thresholding the 3 x 3-neighborhood of each pixel with the
center value and considering the result as a binary string or a
decimal number.With LBP it is possible to describe the
texture and shape of a digital image. [11]. The LBP algorithm
is shown in Algorithm 1.

e Algorithm 1: The LBP Algorithm [32]

v Step 1. Set & which corresponds to the gray value of the
center pixel

v  Step 2: Set Br as the gray values of the “n” neighbor
pixels

B 11, ifg, = DI
v’ Step 3: Set 0, ifg. <0

v Step 4: Compute LBP features as described thus;

n—-1

LBP (% y0) = ) M(gp — 8c)+ 27
p=0

Where Xe and ¥e represent te horizontal and vertical

components of the image; Mgp and Mgc are neighborhood
patterns, P represents the bit binary number resulting in

2Fdistinct values for the LBP code.
v Step 5: Output selected LBP features

> Mi

In accordance with Shannon’s information theory [5],
the uncertainty of a random variable C can be measured by
the entropy H(C). For two variables X and C, the conditional
entropy H(C/X) measures the uncertainty about C when X is
known, and the MI 1(X;C) measures the certainty about that
is resolved by X. Apparently, the relation of H(C), H(C/X)
and 1(X;C) is H(C), = H(C/X) + I(X;C) equivalently.

I(X;C) = H(C), - H(C/X) (1)

The objective of training classification model is to
minimize the uncertainty about predictions on class labels C
for the known observations X . Thus, training a classifier is to
increase the MI, I(X;C) as much as possible. Zero value of
I(X;C) means that the information contained in the
observations (X) is not useful for determining their classes
(C). The goal of a feature selection process for classification
is naturally to achieve the higher values of 1(X;C) with the
smallest possible size of feature subsets. With the entropy
defined by Shannon, the prior entropy of is expressed as.
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H(C) =
Ech(c) log P(C) 2)

Where P(c) represents the probability of C. The
conditional entropy H(C\X) is

Hi(C) = — [, P(x) (T .P(c/x) log P(C/x)dx) (3)
The MI between X and C is

Piecx)
I(X:C) = E{,EE._J; Plc.x) Eugm dx @

The forward feature selection process in terms of Ml is
formulated in Algorithm 2.

o Algorithm 2: MI Algorithm [10]

v (Initialization) Set F to the Initial Feature Set, S to the
empty set;
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v' M fi e F compute I(C;,fi)
v" Find the feature fi that maximizes I1(C;, fi ), put fi into S
and delete it from F;

v (Greedy searching) repeat until the stopping criterion is
met

e Calculate I(C;S+f)ViieF;
e Choose the feature fi (fc € F) that maximizes I(C;fi + S)
put f into S and delete it from F

v Output the features set S
> CNN

A CNN has three layers: a convolutional layer, a
pooling layer, and a fully connected layer as shown in Fig 2.

;'_J

Input image Convolutional layer

——
olo]ele]0]e]o P -t
ol1felolof1]o — U
ojojejeiolo]o — h !
o0]o]1]0]0]o -> 1 [— o
ol1]ololo]1]o | — :
slolililifels Convolution “{||||!!] Pooling
ofofele]ofo]e 4

Pooling layer

—  Flattening

Fig 2 CNN Architecture [7]

Convolutional layer produces an activation map by
scanning the pictures several pixels at a time using a filter.
Pooling Layer reduces the amount of data created by the
convolutional layer so that it is stored more efficiently. While
in fully connected input layer: the preceding layers' output is
"flattened" and turned into a single vector which is used as an
input for the next stage. The first fully connected layer — adds
weights to the inputs from the feature analysis to anticipate
the proper label. Fully connected output layer — offers the
probability for each label in the end [7,31]. The pseudocode
of CNN is in algorithm 3.

NISRT25AUG140

Dense layers Output layer
e Algorithm 3: Pseudocode of CNN [7]
Parameters: input x (512,1), output y, (512,5)
1: For each epoch do:
# CNN Feature Extraction
2 For each convolutional layer do:
3: for each sample in X do:
4: Calculate ajj from X by the convolution layer process
5; End for
#Dimension of a is (512 — KernelSize + 1, FilterSize)
6: If af} length < 512 do:
T Apply zero padding to aj}
#Dimension of a is (512, FilterSize)
8: End if
9: End for
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10:  For each sample in a do:

11; Calculate Forward Pass of a
12: Calculate Backward Pass of a
# Dimension of the output a is (512,2*NeuronSize)
13: Calculate y;
14:  End for
15: End for

D. Classification Stage

Classification is the process of categorizing a given set
of data produced by feature extraction/selection into classes.
Once features have been extracted/selected from the acquired
images, then classification stage is next. Support Vector
Machine (SVM) is employed for this purpose. More
information can be found in [42, 44].

E. Performance Metrics

The performance of the techniques understudy was
evaluated based on recognition accuracy (acc), specificity
(spec), False Positive Rate (FPR), precision (prec), and
Recall. The values of the performance measures were
determined using a confusion matrix. As defined in
Equations 5 to 9. It comprises "True Positive (TP), False
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Positive (FP), False Negative (FN), and True Negative
(TN)."

False Positive Rate (FPR) = TN}-;-PFP (5)
Precision = TPTTFP (6)
Recall = TP+FN )
A _ TP+TH

ccuracy = grire-erre ®)

o
Specificity = TH+FF ©)
V. RESULTS

The To evaluate the selected techniques performance,
we used the following metrics: False Positive Rate (FPR),
Accuracy (ACC), Sensitivity (SEN), Specificity (SPEC), and
recognition time. These metrics were analyzed for different
average threshold values (0.3, 0.55, and 0.85).

Brain tumour
image 2

Bram tumour
image |

Brain tumour
image 3

Brain tumour
image 4

Operation

Acquired images

Conversion to gray scale

Contrast adjustment

Normalisation with CLAHE

Fig 3 Results of the Preprocessing Stages.

Table 1 LBP-SVM Based Tumour Detection System

THRESH RECALL SPEC FPR ACC PREC
0.3 52.4 76.5 235 70.1 44.7
0.55 56.2 83.4 16.6 76.1 55.1
0.85 64.8 88.9 111 82.5 68.0

From table 1, the developed LBP-SVM based Image
detection system at threshold of 0.3 produced Recall 52.4%,
Spec 76.5%, FPR 23.5%, ACC 70.1% and PREC 44.7%. At
threshold 0.55 the system produced Recall 56.2%, Spec

NISRT25AUG140

83.4%, FPR 16.6%, ACC 76.1% and PREC 55.1%. While at
threshold 0.85 the system produced Recall 64.8%, Spec
88.9%, FPR 11.1%, ACC 82.5% and PREC 68.0%.
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Table 2 MI-SVM Based Image Detection System

THRESH RECALL SPEC FPR ACC PREC
0.3 55.2 79.2 20.8 72.8 49.2
0.55 61.9 85.1 14.9 78.9 60.2
0.85 70.5 92.0 8.0 86.3 76.3

From table 2, the developed MI-SVM based Image
detection system at threshold of 0.3 produced Recall 55.2%,
Spec 79.2%, FPR 20.8%, ACC 72.8% and PREC 49.2%. At
threshold 0.55 the developed system produced Recall 51.9%,

Spec 85.1%, FPR 14.9%, ACC 78.9% and PREC 60.2%.
While at threshold 0.85 the system produced Recall 70.5%,
Spec 92.0%, FPR 8.0%, ACC 86.3% and PREC 76.3%.

Table 3 CNN-SVM Based Image Detection System

THRESH RECALL SPEC FMR ACC PREC
0.3 67.6 84.4 15.6 79.9 61.2
0.55 73.3 89.3 10.7 85.0 71.3
0.85 84.8 95.9 4.2 92.9 88.1

From table 3, the developed CNN-SVM based Image
detection system at threshold of 0.3 produced Recall 67.6%,
Spec 84.4%, FPR 15.6%, ACC 79.9% and PREC 61.2%. At
threshold 0.55 the developed system produced Recall 73.3%,
Spec 89.3%, FPR 10.7%, ACC 85.0% and PREC 71.3%.
While at threshold 0.85 the system produced Recall 84.8%,
Spec 95.9%, FPR 4.2%, ACC 92.9% and PREC 88.1%.

From tables 1, 2 and 3, at threshold 0.85, CNN-SVM
based system produced the best results in terms of all the
metrics employed while MI-SVM based system produced
better results that LP_SVM based detection system. The
graphs of the results generated by the three techniques are
shown in figure 4,5,6,7 and 8.

Accuracy Vs Thresholds
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0 0.2 0.4 0.6 0.8
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Fig 4 Graphs for Accuracy vs Threshold
False Positive rate Vs Thresholds
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Fig 5 Graphs for FPR vs Threshold
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V. DISCUSSION
> As Stated in Table 1, 2 and 3, it could be Deduced that:

e In case of FPR , the results showed that CNN-SVM
yielded a lesser FPR than MI-SVM and LBP-SVM. this
implies that CNN-SVM is less prone to false positive
error in than MI-SVM and LBP-SVM.

o In case of Recall, the results showed that CNN-SVM has
higher recall than MI-SVM and LBP-SVM which implies
that CNN-SVM has the ability to identify the presence of
images (true positives) in the database.

o In case of Specificity: the results showed that CNN-SVM
has higher specificity than MI-SVM and LBP-SVM,
which implies that CNN-SVM has the ability to identify
the absence of images (true negatives) in the database.;

e In case of Precision: the results showed that CNN-SVM
produced hiher precision than MI-SVM and LBP-SVM,
this implies that CNN-SVM has better positive predictive
capability.

e In case of Accuracy, the results showed that CNN-SVM
gave higher value than both MI-SVM and LBP-SVM.
this implies that CNN-SVM has the ability to identify the
presence and absence of images (true negatives and true
positives) in the database.

VI CONCLUSIONS

This work was based on experimentation selected
feature extraction and selection techniques viz LBP, and two
deep learning techniques (Ml and CNN) on digital diseases
database. These techniques were selected based on their
notable performances in image classification problems. The
evaluation procedure employed four stages which are image
acquisition, pre-processing, feature extraction/selection and
data classification. The diseases datasets were first pre-
processed and then subjected to selected feature
extraction/selection techniques (LBP, MI and CNN). The
extracted/selected features were then classified with SVM.
The results of recognition accuracy produced by LBP, M
and CNN at 0.85 threshold are 82.5%, 86.3% and 92.9%
respectively. Hence, it can be deduced that CNN performed
the best than other two feature extraction/selection
techniques. However, this work can be improved on by
considering other notable feature extraction/selection
techniques for evaluation and also possibly improve the
efficiency of any of these techniques through cascade or
optimization methods.
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