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Abstract. The most recurrent kind of osteoarthritis is Knee osteoarthritis (KOA). Doctors
encounter difficulties for a precise diagnosis through its features and to the naked eye. In this
paper, we propose a new approach for the classification of KOA by combining the discrete
wavelet decomposition (DWT) and random forest classifier from knee X-ray images. A total of
50 images from patients suffering or not from osteoarthritis were used in this study.

The suggested technique includes image enhancement using the Gaussian filter followed by
Haar wavelet transform. Five texture features namely, contrast, entropy, correlation, energy, and
homogeneity were extracted from the transformed image, and these attributes were used to
differentiate the radiographs into two groups: normal (KL 0) or affected with osteoarthritis
(KL2). Four classifiers including random forest, SVM, RNN, and Naive Bayes were tested and
compared. The results obtained reveal that random forest achieved the highest performance in
terms of accuracy (ACC = 88%) on X-Ray images of the Osteoarthritis Initiative (OAI) dataset.

Keywords and phrases: Knee osteoarthritis, X-ray images, DWT, Random forest.

1 Introduction

Osteoarthritis (OA) is the most common chronic disease that affects patients older than 70 years
[1]. It is estimated that up to 6 % of adults over the age of 30 are symptomatic of knee arthritis
[2]. OA is considered a disease of articular cartilage. It is usually due to several clinical and
pathological disorders that result in structural and functional failure of synovial joints [3]. The
risk factors for OA wusually include age, gender, prior joint injury, obesity, genetic
predisposition, or even mechanical factors such as misalignment and abnormal joint Shape [4].
KOA is classified into five grades based on Kellgren and Lawrence system [5]. Table 1 shows
the different grades of OA disease. The changes in the bone structure caused by OA are
illustrated in Figure 1.
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Figure 1: KL classification system for the evaluation of KOA severity [6]

KL Grades OA Analysis

Grade 0 No changes in the features of the X-Ray image (none)

Grade 1 Join space narrowing (doubtful OA)

Grade 2 Definite join space narrowing (mild OA)

Grade 3 Presence of multiple osteophytes, and some sclerosis (Moderate
Grade 4 lc\)/f:r)ked joint space narrowing, large osteophyte (severe OA)

Table 1: KOA severity [7]

Multiple imaging modalities may be used to visualize OA. In daily clinical practice, the first
most used imaging modality for initial diagnosis and routine follow-up is conventional
radiography despite its known limitations [8,9]. Hence, the necessity to develop automatic
methods to increase the accuracy of the diagnosis.

Texture analysis is a suitable tool for characterizing images. It has been used in assessing bone
fragility as osteoporosis [10,11]. KOA can also be detected using texture analysis from X-ray
images. Several works have been done on texture analysis for the diagnosis of KOA.
Bayramoglu et al [12] have developed a fully automated system for locating the informative
subchondral bone region using adaptive segmentation. To divide radiographs into small regions
which meet boundaries of natural texture, they used an over segmentation technique. In the
standard ROI and within the proposed adaptive ROIs, Fractal Dimension (FD), Histogram of
Oriented Gradients (HOG), Local Binary Patterns (LBP), Haralick features, and Shannon
entropy approaches have been measured, then logistic regression models are used. The results
showed 84% of accuracy and 80.4% of overage precision.

To predict OA, Bertlan et al [13] combined fractal and entropic bone texture analysis with Joint
Space Width (JSW) and Joint Space Area (JSA). They concluded that the combination of simple
subchondral bone radiography with clinical parameters and JSW/A for fractal texture analysis
and entropy analysis was better than JSW/A and clinical parameters alone in predicting the
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incidence of OA. Tiulpin et al [14], proposed an approach for automatic localization of joint area
in knee radiograph, they used the HOG method and SVM classifier.
An accuracy of 80% is reached by the proposed technique.

The objective of our paper is to propose a new system for the detection and classification of
KOA in knee radiographs. The method consists of the discrete wavelet decomposition and
texture features combined with the random forest model, to distinguish two populations
composed of 25 subjects with the normal knee (grade KL 0) and 25 pathological cases with
minimal OA (grade KL 2). Different classifiers are also tested and compared to our approach.
The purpose of our work is to improve the performance of the screening of the disease.

This paper is organized as follows: In Section 2, the dataset and the method are presented,
including the DWT, features extraction, and classification. In section 3, the results obtained on
the knee images are presented. In section 4, the analysis is discussed, and section 5 offers a
conclusion.

2 Material and methods

2.1 Dataset

The dataset consists of 50 X-ray images of the knees which are labeled according to the Kellgren
and Lawrence (KL) grading system (KL 0, KL 2). We took grade 0 (no pathology) and compare
it to an average grade of the disease KL 2.

Figure 2: Knee radiographic image from [16]

The database used in our experiment was obtained from the publicly accessible Osteoarthritis
Initiative (OAI) [15]. OAI data is a multicenter, longitudinal, and prospective observational
study of KOA, composed of X-rays of the knee in fixed flexion [15]. In our study, we worked
with the lateral region of the knee radiographic image. Figure 2 shows the region of interest
(ROI) used in our work.
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2.2 Methods

In this section, we describe a methodology adopted in our approach for the classification of
KOA. The proposed system consists of four steps which include a pre-processing stage for
artifact removing, features extraction using discrete wavelet transform, and the classification
into KL 0 and KL 2. Figure 3 shows the flow diagram of the suggested approach.

ﬁmprocess!W DWT /

Features extraction

true false

—_ciassification

KLO gste ;

Figure 3: Block diagram of the proposed methodology.

2.2.1 Preprocessing

Major sources of noise in an X-ray imaging system are inherent noise and X-ray quantum noise,
which follows Gaussian distribution and the distribution of Poisson, respectively. The need for
robust ways to eliminate noise and unwanted particles has therefore arisen [17]. In this work, the
Gaussian filter is used for removing acquisition noise with kernels of 3x3 and 5x5. The choice
of this filter is justified by the nature of the noise present in the images. Figure 4 shows the
results of filtering using the Gaussian filter.

a b é d
Figure 4: Filtering. Original ROI from KL 0 knee radiograph (a), filtered ROI from KL 0
knee radiograph (b), original ROI from KL 2 knee radiograph (c), filtered ROI from knee
radiograph of KL 2 (d).
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2.2.2 Discrete Wavelet Transform (DWT)

Wavelets are widely used in image processing for denoising, edge detection, segmentation,
compression, coding and decoding, texture analysis, etc. In this work, Haar wavelet transform
was used for texture analysis. The Haar transformation can be defined as a sampling process in
which an input data sequence with finer and finer resolution increase in powers of 2 is sampled
by rows of the transform matrix. In image processing applications, the Haar transform provides a
transform domain in which a type of differential energy is concentered in localized regions [18].

Haar [19] defined a complete orthogonal function system in L” ([0,1]), p [1, oo which take
values from the set {0.2': jeN}. This function system has the property that any continuous
function at intervals [0,1] can be presented by a uniform and convergent series in terms of this
system’s elements. The Haar formulation is defined as follows [20,21]:

1 t€|:0, l)
2

haar(0,t), for t €[0,1), haar(l,t) = | (1
-1 te [5,1)

with haar(k,O)zlinOlhaar(k,t), haar(k,l)zlinllhaar(k,t) and at the point of discontinuity

within the interior (0,1) haar(k,t) = %(haar(k,t —0)+ haar(k,t +0)) .

2.2.3 Features extraction

The five texture features are extracted: entropy, contrast, energy, correlation, and homogeneity
derived from the co-occurrence matrix of the grey level (GLCM).

The approach GLCM is based on pixel intensity distribution statistical studies [22]. Haralick
[23] proposed the gray levels matrices (GLCM) that have become one of the most commonly
used and well-known texture characteristics.

For a replacement Pg4, the matrix of the G*G gray stage is defined as follows: the entry(i,j) of Pa
is the number of occurrence of the pair of gray levels i and j that are separated by a distance d. It
is formally described as [24]:

P =[{9).v): 10r.5) =i 1v) = )] 2)

Where (t,v) = (r + dx, s + dy), (,s),(t,v) € N *N and | | is a set's cardinality.
Important features are taken out from the matrix as the texture representation. The texture
features retained for this study are:

Energy: Zp(i,j)2 (3)

iy
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Contrast: ¥ | i-7 | 2p(i, ) 4)

Correlation: ZM ©)
i 0.0,
Homogeneity: Z M ©)
I, 1+|z - ]|
Entropy: Y_ p(i, j)log p(i, j) )

ij

2.2.4 Classification

A random forest model is used to classity the input image into one of two grades of OA: KL 0
and KL 2. Random forest is a model based on a set of defined tree classifiers {T(x,0k), with
k=1, ...}. The set {®k} are identically distributed independent random vectors. A tree emits one
vote for the most common category at input x [26]. In the image classes, each tree’s leaf node is
labeled with posterior distribution estimates. Each internal node contains a test that best splits
the space of data to be classified.

An image is defined by sending any tree down and aggregating the leaf distributions that have
been reached. During the training, it is possible to introduce randomness at two items: by sub-
sampling the training data so that each tree is designed using a different subset of the tree; and
by determining the node tests [27]. Random forest is a multi-purpose method that is relevant to
problems of regression and classification, including multi-class classification. They offer an
internal generalization error estimate because cross-validation is unnecessary.

The random forest approach has many benefits. In particular, it predicts which features are
relevant in the classification. It can process large data sets efficiently. It can also be used as an
important tool for calculating missing data.

2.2.5 Statistical analysis

The performance of each parameter to distinguish between the classes (KL 0, KL 2) was
assessed using the correlation coefficient. The relationship (or correlation) between the two
variables is indicated by the symbol () and quantified with a number ranging from -1 to +1.
Zero means no correlation, while 1 means complete or ideal correlation. The » sign shows the
direction of the correspondence. A negative » means the variable is inversely related to each
other [28].

Several metrics were calculated from the matrix and this study included:

TP: is the correctly defined number of true positive, pathological patients (KL 0).

FN: the number of false negatives healthy patients (KL 2) incorrectly identified.

TN: the number of true negatives, healthy patients (KL 0) correctly identified.
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FP: the number of false positives, pathological patients (KL 2) incorrectly identified.
FPrate: is the proportion of negative cases wrongly defined as positive in the data (i.e. the
probability that false alerts will be raised):

FPrate = L (8)
FP+TN

TPrate: is a calculation of the proportion of positive cases in the data correctly defined as such:

TPrate = L )
TP+ FN

Accuracy (ACC): A measurement metric that allows a model to quantify the total number of
accurate predictions. This metric is expressed by the formula (10):

TP+TN

ACC =
TP+ FN +TN + FP

(10)

Precision: The precision assesses how accurate the model is in predicting positive labels. The
formula for Precision is given by the expression (11):

TP
TP+ FP

Precision = (11
Recall: measurement of the percentage of positive actuals of a correctly defined model (True
Positive). The formula for the recall is given by the expression (12):

Recall = —1F (12)
TP+ FN

F1-Score: This metric provides precision and recall weighted average. This score takes both false
negatives and false positives into consideration. F1-Score can be used to provide a more honest
and useful evaluation of the learning model on a highly unbalanced dataset. The formula for F1-
Score is given by the expression (13):

Fl—Score = 2 Precisionx Recall (13)
Precision+ Recall
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Figure 5: Comparison of classification performance of four different algorithms: Random
forest, SVM, RNN, and Naive Bayes.

3 Experimental results

The proposed system is performed on various knee radiographs of different ages. The
experiment is carried out on 50 Knee radiographs. Various characteristics were calculated such
as entropy, homogeneity, energy, contrast, and correlation. Texture parameters are derived from
radiograph images and applied to several classifiers.

The performance of the classification of the four algorithms above is carried out and the random
forest provided an accuracy rate of 88%, SVM was up to 62%, RNN to 54% and Naive Bayes
provided 68% of accuracy (Figure 5).

Based on the results obtained from the proposed methodology, the precision was better for the
classification of random forest. The data is trained and tested to obtain the classification rate for
each classifier discussed above. The following tables summarize the accuracy of the
classification of the four classifiers tested and the parameters were also calculated.

KL 0 KL 2
Parameter Mean + SD Mean + SD r
Entropy 1.0398 + 0.0053 1.0198 £ 0.0951 0.2935
Contrast 24.4166 + 0.3652 24.4056 + 0.4188 -0.2647
Correlation -9.0336e-04+ 0.0150 4.5600e-04 + 0.0175 -0.2833
Energy 0.2458+ 6.4031e-04 0.2459+ 6.7454¢-04 0.0598
Homogeneity | 0.5592 + 0.0066 0.5595 + 0.0079 -0.3088

Table 2: A comparison between the features to discriminate KL 0 and KL 2.
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Model TP FP FN TN TP rate FP rate
Random forest 24 2 4 20 0.86 0.09
SVM 17 8 11 14 0,61 0.36
RNN 17 8 15 10 0.53 0.44
Naive Bayes 18 6 10 16 0.64 0.27

Table 3: Confusion matrix comparing different models.

Model ACC Precision Recall F1-Score
Random forest 88 % 0.923 0.857 0.14
SVM 62% 0.68 0.61 0.39
RNN 54% 0.68 0.53 0.39
Naive Bayes 68% 0.75 0.64 0.32

Table 4: Evaluation of the accuracy of classification for all models.

Authors Year | Method Classifier Results Dataset

Thomson et | 2015 | Texture  information | Random forest | AUC = 84.9% OAI
al [28] (Fractal signature)
Shape information

Janvier et al | 2016 | Fractal analysis Logistic AUC=71% OAI
[29] regression

Kaggie et al | 2017 | Texture parameters Neural network | AUC = 74% OAI
[30]

Brahim et al | 2019 | Multivariate linear Naive Bayes AUC =82.98% | OAI
[31] Regression (MLR) random forest

Proposed 2021 | DWT Random forest | AUC = 88.9% OAI
method

Table 5: Comparison of proposed system classification rates with existing studies in the
literature
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4 Discussion

Experiments show that the combination of wavelets and random forest classifier leads to a
considerable improvement of the overall classification performance, with an AUC of 88.9%
compared to the other classifiers (SVM, RNN, Naive Bayes). The parameters of the classifiers
are tuned and optimized to provide the best performance.

Various parameters were included in this analysis to distinguish two groups composed of 25
subjects in KL 0 and 25 patients in KL 2. Table 2 shows the distribution (mean and standard
deviation (SD)) for the normal and pathological groups of the parameters collected. We can
notice that there is a negligible positive relationship (» = 0.0598) of energy from Table 2 and a
weak relationship of all other parameters (entropy, homogeneity, contrast, and correlation).
Table 3 illustrates a comparison of the four classifiers. As we can see random forest provided the
best performance with a 0.86 TP rate and lowest FP rate (0.09). It outperforms the second-
ranked method which is Naive Bayes with a remarkable margin. The worst performing method
would be RNN with a 0.53 TP rate and 0.44 FP rate. Table 4 shows the comparison between the
parameters involved in this study. We can notice that random forest revealed the best
performance in terms of the discrimination of the two populations based on every metric
possible. This model achieved an accuracy of 88 % compared to the second method with 68%. A
precision of 0.92 in comparison with RNN with a much lower precision of 0.68. These results
are highlighted by bar plots presented in Figure 5.

Various studies have already shown the value of texture analysis in predicting the evolution of
KOA. However, these works are difficult to compare since they use different techniques on
small and non-free populations. Table 5 summarizes the comparison of overall automated
classification performances between the proposed method and other techniques for detecting
KOA. The metric for the performance evaluation is Area Under Curve (AUC). Authors in [30]
showed that combining the results of the shape and texture-based classifiers leads to
considerable improvement in overall classification performance, with an AUC of 0.849. In [31]
the AUC of the discrimination between grade KL 0 (non-OA) and grade KL 2 (minimum OA)
was 0.71. Authors in [32] combined texture analysis with Neural Network classifier to predict
radiographic disease progression over 3 years, and achieved high sensitivity (86%), a specificity
of 64%, and an AUC of 74% for the prediction of OA progression. Finally, in [33], the authors
proposed a computer-assisted method and achieved an overall AUC of 82.98%. Table 5 reveals
that our proposed method achieved the highest rate of AUC comparing to the other methods,
with a score of 88.9%. This high rate of classification is reached with the combination of the
discrete wavelet decomposition and the random forest classifier which is suitable for medical
applications. This work could add value to the screening of KOA in clinical routine.

5 Conclusion
In this paper, effective detection of KOA is proposed. Five features were chosen and trained

using a random forest classifier. Experimental results suggest that more than 88% of KOA was
diagnosed. The results achieved are promising when compared to methods existing in the
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literature. In future work, we will focus on increasing the number of selected features to improve
the accuracy. It is also suitable to combine several modalities to provide better results.
Moreover, in this paper, we focused on basic diagnosis (KLO vs KL 2). In the future, we will
extend the classification to differentiate between the other KL classes, to assess the consistency
of each grade of osteoarthritis.
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Abstract. Knee OsteoArthritis (KOA) is a disease characterized by a degenera-
tion of cartilage and the underlying bone. It does not evolve uniformly; it can
stay silent for a long time and can quickly intensify for several months or
weeks. For this reason, it is necessary to develop an automatic system for diag-
nosis and reduce the subjectivity in the detection of the disease. In this paper,
we present a method for detecting knee osteoarthritis based on the combination
of histograms of oriented gradient (HOG) and local binary pattern (LBP). Four
classifiers including KNN, SVM, Adaboost, and Naive Bayes were tested and
compared for the prediction of the illness. A total of 620 X-Ray images were
analyzed, composed of 310 images from healthy subjects (Grade 0), and 310
images from pathological patients (Grade 2). The results obtained reveal that
Naive Bayes achieved the highest performance in terms of accuracy (ACC =
91%) on the Osteoarthritis Initiative (OAI) dataset. The fusion of HOG and
LBP features in KOA classification outperforms the use of either feature alone
and the existing methods in the literature.

Keywords: Knee osteoarthritis, X-ray images, LBP, HOG, Naive Bayes.

1 Introduction

Knee osteoarthritis (KOA) is a chronic disease of the joint which progressively de-
stroys the cartilage. It is often mistakenly thought to be associated with aging against
which little can be done, whereas it is a real disease that causes disability in about
40% of adults over the age of 70 [1]. As for osteoporosis [2, 3], KOA is a highly
prevalent health problem. KOA is typically diagnosed by radiography (X-ray imag-
ing) as well as other imaging modalities like MRI and CT scan. Despite many limita-
tions, conventional radiography (X-ray imaging) remains the first option and most
widely utilized for OA because it is more inexpensive and accessible than other diag-
nostic modalities. The Kellgren and Lawrence (KL) scale is the most frequently used
for defining the level of knee OA [4]. The grade in the KL classification system rang-
es from 0 to 4, according the intensity of OA. Figure 1 depicts the illness phases ac-
cording to the KL categorization system.
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Fig. 1. Knee OA severity [5]

The treatment of knee OA depends on the quality of diagnosis that is why many re-
searchers propose automatic systems aid diagnosis in rheumatology. In [6] the re-
searchers proposed an approach for automatic localization of joint area in knee radio-
graph. They used the HOG and SVM classifier, the proposed methodology achieved
an accuracy of 80%. Haftner et al. [7] describe a method of collecting additional in-
formation on the texture of the lateral and medial condyles of the distal femur. Shan-
non entropy and six other indicative features describing texture roughness and anisot-
ropy were applied. Their framework selected an optimal combination of different
texture parameters from six different regions for evaluation with various classifiers.
They achieved an accuracy of 72%. Akter et al. [8] described an approach to extract
texture features in radiographic images for osteoarthritis detection. The proposed
method is based on Zernike orthogonal features and group method of data handling
(GMDH) Neural Networks. This technique improved the detection accuracy by
82.8% for lateral images. In [9] the authors combined different texture descriptors
(LBP and GLCM) with different classifiers (KNN, SVM, neural network) to deter-
mine the intact stage of knee osteoarthritis in radiographic images. The highest per-
formance was obtained with a multilayer perceptron (MLP) classifier, with an overall
accuracy of 90.2%.

In this paper, LBP and HOG methods are combined with the naive Bayes classifier on
the OALI dataset to detect knee osteoarthritis in two stages of the disease: KLO (normal
case), KL2 (pathological case). First, LBP parameters are extracted from the images,
then the HOG parameters are estimated, finally, several classifiers (Naive Bayes,
SVM, Adaboost, and KNN) are carried out for the prediction of the disease. In the
first stage, each model (LBP, or HOG) is tested and evaluated alone, then a combina-
tion of the two models is performed to improve the ability of the prediction. This is
the first study to combine LBP and HOG for KOA detection.

This paper is structured as follows: Section 2 covers the material and approach and its
extensions; Section 3 illustrates the results and discussion, and Section 4 summarizes
the findings.

2. Materiel and Methods

2.1 Dataset

In this study, the data from the OAI was used. The OAI covers persons at risk of de-
veloping clinical tibiofemoral osteoarthritis. A total of 4,796 participants aged 45-79



years took part in the study between 2004 and 2006. The images were analyzed using
the Kellgren-Lawrence (KL) grading method [10]. The present study focuses on the
early detection of knee OA. Therefore, only radiographs with a KL. grade 0 (no OA)
and a KL grade 2 (minimal OA) were considered. We used 620 radiographs of the
knee in the lateral region. Fig. 3 shows the ROI used in our study.

Fig. 2. Knee radiographic image.
2.2 Methods

The major goal of this study is to present a texture feature extraction technique that
performs well in this situation. In our tests, we employed the LBP descriptor, the
HOG, and a combination of them. Figure 3 depicts the design of our system. A brief
overview of each phase of our method is provided below.

LBP features

Fig. 3. Proposed classification system



Preprocessing

The anisotropic diffusion filter (ADF) has been effectively used in image processing
to eliminate high frequencies while preserving the major existing objects without
deleting substantial elements of the image content, often edges, lines, or other features
crucial for image interpretation [11]. ADF is defined as:

% = div(c(x, y,0)VI) = VeNT +c(x, v, Al
(1)

I is the input image, A represents the Laplacian, V is the gradient, c(x,),#) denotes the
diffusion coefficient, div() is the divergence operators. Fig. 4 shows the results of
filtering.

Original ROI from KL 0 fitered RO from KL 0

L B

Original ROI from KL 2
s - .- g

Fig. 4. Results of filtering
Histogram of Oriented Gradient (HOG)

The HOG method was suggested by Dalal and Trrigs in 2005 [12]. The original idea
of this descriptor is that the local structure of the object is described by calculating the
gradient distribution of the local intensities or the direction of the contours without
knowing the localization of the gradient or the position of the contours in the image
[13]. The HOG descriptors are the main features that encode object features into a
sequence of specific numbers, which can be used to distinguish items from each other
[14]. Gradients are the rate of modifications in local intensity at a specific pixel posi-
tion. A gradient is a quantity of the vector that has both direction and magnitude. The



pixel gradient magnitude V(x,y) and direction a(x,y) are indicated in equations (2)
and (3) respectively:

V(x,y) = JVx(x,y)? + Vy(x,¥)? 2)
a(x,y) = arctan[Vx(x,y) /Vy(x,y)] 3)

Figure 5 shows the HOG features extracted from an image using three different cell
sizes. This figure shows the visualization of cell sizes [2 2], [4 4], and [8 8]. The size
cell [2 2] contains more shape information than the size cell [8 8] in their visualiza-
tion. In the latter case, the dimensionality of the feature vector using HOG increases
compared to the former. A good choice is the cell size [8 8]. By using this size, the
number of dimensions is limited, which speeds up the training process. It also con-
tains enough information to visualize the shape of the mode image.

CellSize = [22) CellSize = [4 4] CellSize = [8 8]
Length = 34596 Length = 8100

g 5

IIgu ||§h| §||

Fig. 5. HOG features of an X-ray image with difterent cell sizes
Local Binary Pattern (LBP)

Ojala et al. developed the LBP approach to measure texture patterns [15]. The LBP
approach compares each neighboring pixel in neighborhood 3 x 3 against the center
pixel to determine if it is 0 or 1. Each binary value is then multiplied by the corre-
sponding weight. An LBP number for a unit of texture is obtained by adding up all the
multiplications. LBP can generate up to 256 patterns.

LBP(x,,y,)= > S(i,—i)2" @)



Where i, is the gray level of the pixel (x., y.), i is the gray level of the circular neigh-
borhood of the pixel (x., y.), and S is the Heaviside function.

Classification

After the feature extraction step (HOG, LBP), we applied the Bayes model due to its
speed and efficiency in the prediction of knee osteoarthritis. The naive Bayes system
is a highly simplified Bayesian probabilities model. The naive Bayes classifier is con-
sidered one of the strongest independence assumptions [16]. This indicates that the
probability of one characteristic has no influence on the results of the other. First, we
tested several classifiers on the LBP parameters alone and then on the HOG. Then we
combined the parameters (LBP-HOG) and tested the different classification models
(Naive Bayes, SVM, Adaboost, and KNN).

Model Evaluation

Knowing a model's accuracy is necessary, but it is not sufficient to provide a full un-
derstanding of a model's level of efficiency. So, there are other measurement criteria
that will help understand how performative the model is? The other metrics used in
this study are: Precision, recall, ROC curve, MCC, etc.

Accuracy (ACC): A metric that allows a model to quantify the number of total accu-
rate predictions.

_ TP+TN )
TP+TN+FP+FN
Precision (Pr): is defined as the ratio of correct positive predictions to all positive
predictions.
Pr= L 6)
TP+ FP

Sensitivity (True Positive Rate (TPR)) : is a measurement of the proportion of posi-
tives that are correctly identified.

R 1L
TP+ FN

Specificity (True Negative Rate (TNR)) is the proportion of negatives that are correct-
ly identified.

Q)

R IV
TN + FP

FPrate (False Positive Rate (FPR)): is the percentage of negative values wrongly
defined as positive in the data.

®)



FPR = L )
FP+TN
F1-Score: is the weighted average between precision and sensitivity.
2TP
FI1—Score= (10)
2TP+ FP+ FN

Where TP is true positive, TN true negative, FP false positive, and FN false negative.
3. Results and discussion

In the first test, we evaluated the performance of the LBP parameters, the HOG pa-
rameters, and the LBP-HOG system. To perform a comparison, we tested radiograph-
ic knee images taken from different subjects for the two stages of osteoarthritis (0 and
2). For each stage, 310 images were involved.

For each case (LBP, HOG, LBP-HOG), we tested four classifiers (Adaboost, Naive
Bayes, SVM, and KNN). The results are presented in the following tables.

Table 1. Classification performance for LBP features

Classifier TP FP FN TN Pr FPR TNR TPR | F1-Score | ACC
Naive Bayes | 213 = 91 95 221 070 | 0.29 0.71 0.69 0.37 0.70
SVM 195 | 115 121 189 0,63 | 038 0.62 0.62 0.43 0.62
Adaboost 155 | 145 153 167 0.52 | 046 0.54 0.50 0.48 0.52
KNN 150 = 158 165 147 0,49 | 0,52 0.48 0.48 0.50 0.48

Table 2. Classification performance for HOG features

Classifier TP FP FN TN Pr FPR TNR | TPR = F1-Score @ ACC

Naive Bayes | 216 = 93 105 206 0.70 0.31 069 | 0.67 0.37 0.68
SVM 237 | 85 77 221 0.74 0.28 072 = 0.75 0.36 0.74
Adaboost 195 | 142 | 118 165 0.58 0.46 054 | 0.62 0.50 0.58

KNN 158 | 148 | 162 152 0.52 0.49 0.51 0.49 0.49 0.50




Table 3. Classification performance for the combination of LBP-HOG features

Classifier TP FP | FN TN Pr FPR  TNR | TPR | FI1-Score = ACC
Naive Bayes 286 20 36 278 0.93 0.07 | 093 089 0.11 0.91
SVM 257 36 | 48 279 0.88 0.11 089 | 0.84 0.18 0.86
Adaboost 192 | 114 | 134 180 0.63 039 | 0.6l 0.59 0.42 0.60
KNN 248 62 69 241 0.80 020 @ 080 | 0.78 0.29 0.79

Table 1 depicts a comparison of the four classifiers for the LBP parameters. As we
can observe, Naive Bayes provided the best performance with a TPR of 0.69 and the
lowest FPR (0.29). It outperformed the second-ranked method (SVM), by a signifi-
cant margin. The worst performing method would be KNN with a low TNR (0.48), a
high FPR (0.52), and a TPR of 0.48. The LBP model is shown to perform better with
the Naive Bayes classifier.

The results of the classification using the HOG method are shown in Table 2. We can
see that the combination of HOG parameters with the SVM model gave excellent
results with an accuracy of 74% and a low FPR (0.28). The KNN classifier gave bad
results in terms of FPR (0.49).

The combined performance of LBP-HOG with four classifiers is shown in Table 3.
As can be seen, Naive Bayes provided the best performance with a TPR of 0.89 and
the lowest FPR (0.07). It outperformed the second-highest ranked method (SVM), by
a remarkable margin. On the other hand, Adaboost, with a TPR of 0.59 and an FPR of
0.39, is the worst-performing method in this case.

Regarding the Fl1-score, the same findings are noticed. The combination of LBP and
HOG models provided the lowest rate (0.11), where LBP gave 0.37, and HOG
achieved 0.36 of F1-score.

Through the results described in the previous Tables, it is clear that the combination
of characteristics of the two models (LBP-HOG) achieved the best detection rate. The
results obtained with the combination show a better performance than the systems
based on each method alone.

Table 4 illustrates a comparison of our proposed method with the state of the art.
Tiulpin et al [6] used HOG and SVM to detect osteoarthritis and provided an accuracy
of 80%. Haftner et al [7] achieved a lower accuracy (72%) with entropy and LDA
technique. Akter et al [8] achieved an accuracy of 82.8% using Zernike and GMDH
classifier. Peuna et al [9] combined LBP and GLCM with MLP classifier and provid-
ed good results in terms of accuracy (90.2%). Examining Table 4, our proposed
method achieved the highest accuracy with the combination of LBP and HOG de-
scriptors and Naive Bayes as classifier, where the rate achieved 91%.



Table 4. A comparison study with the state of the art

Author Year Method Classifier ACC (%)
Tiulpin et al [6] 2017 HOG SVM 80
Haftner et al [7] 2017 Entropy LDA 72

Akter et al [8] 2019 Zernike GMDH 82.8
Peuna et al [9] 2021 LBP-GLCM MLP 90.2
Proposed method 2021 LBP-HOG Naive Bayes 91

4. Conclusion

This study offers an efficient and precise approach for the classification and identifi-
cation of knee OA. The present work was carried out on a dataset composed of 620
radiographs of patients divided into 310 images of healthy subjects (Grade 0), and
310 images from patients suffering from KOA (Grade 2). Following the successful
implementation of the proposed classification system using HOG and LBP methods
with Naive Bayes classifier, we have demonstrated that the proposed system provided
promising results in terms of classification of patients suffering from Knee OA with
high accuracy (ACC =91%).

We believe that our system can help and assists doctors in osteoarthritis diagnosis. In
the future, we are planning to improve the feature extraction stage and the classifica-
tion using other techniques. We are exploring other types of features to train classifi-
ers and analyze the effects of other machine learning algorithms for the classification
of knee OA images. Moreover, we are testing more images and we are working to
assess other stages of OA (KL1, KL3, and KL4) to provide a reliable classification
system.
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Hybrid classification system using Googl.eNet and
support vector regression for the diagnosis of knee

osteoarthritis

Khadidja Messaoudene
LIMOSE Laboratory
University M’Hamed Bougara
Boumerdes, Algeria
k.messaoudene @univ-boumerdes.dz

Abstract—Osteoarthritis (OA) of the knee is a prevalent and
chronic degenerative joint disease, affecting a substantial portion
of the global population. Diagnosis of OA can be challenging due
to the need for extensive analysis of medical imaging data, such
as X-rays and Magnetic Resonance Imaging (MRI). In this study,
we present a hybrid system that combines deep feature-based and
Machine Learning (ML) approaches for detecting knee OA. The
proposed method employs Gabor filter-based preprocessing, data
augmentation with translation and rotation, feature extraction
using the GoogLeNet model, feature selection via F-Score, and
classification using the Support Vector Regression (SVR) model.
Our experimental results demonstrate that the proposed ap-
proach outperforms existing state-of-the-art methods, achieving
an accuracy rate of 83.6 %. These findings suggest that the hybrid
system has the potential to improve the accuracy and efficiency
of diagnosing knee OA.

Index Terms—KOA, Gabor filter, GoogLeNet, F-Sore, SVR.

I. INTRODUCTION

Osteoarthritis of the knee is a degenerative joint disease
that is characterized by the loss of cartilage and the dete-
rioration of joint function [1]. It is a major cause of pain,
disability, and reduced quality of life for millions of people
worldwide. The use of imaging techniques, such as X-rays
and Magnetic Resonance Imaging (MRI) [2], has long been
a valuable tool in the diagnosis of knee OA. However, the
interpretation of these images can be subjective and can vary
between radiologists. To address this challenge, researchers
have turned to Artificial Intelligence (AI) and Deep Learning
(DL) techniques to assist in the diagnosis of knee OA. Machine
Learning (ML) techniques have the potential to automate this
analysis, enabling faster and more accurate diagnosis of knee
OA. However, the performance of such techniques depends
heavily on the preprocessing and feature extraction methods
used. Preprocessing techniques such as edge detection and
image enhancement can improve the quality of the images and
facilitate the identification of key features. Features extraction
techniques can capture the most informative features in the
images, enabling accurate classification of knee OA. Several
studies have explored the use of Convolutional Neural Net-
works (CNNs) for the detection of knee OA from radiographs.

Khaled Harrar
LIST Laboratory
University M’Hamed Bougara
Boumerdes, Algeria
khaled.harrar@univ-boumerdes.dz

87

Dehia Abdiche
LIST Laboratory
University M’Hamed Bougara
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For example, Jakaite et al. [3] used different texture features
and ML methods to analyze high-resolution X-ray images.
The Haralick features and Zernike moments were used to
optimize the performances of the ML techniques, including
Random Forest (RF), Support Vector Machines (SVM), Ar-
tificial Neural Network (ANN), and the proposed GMDH-
type network. Zernike moments with DMDH provided better
accuracy (77.5%) than Haralick features. Wang et al. [4]
proposed an automated approach for knee OA classification
using Deep Neural Network (DNN). The approach involves
preprocessing the knee X-ray images using frequency-domain
filtering and histogram normalization, and a two-step classifi-
cation strategy is used to extract the joint center and classify
OA grades. The method reported a classification accuracy
of 81.41%. The proposed techniques appear effective, but
further validation is needed on larger and more diverse datasets
before implementing them in the clinical setting. Cueva et al.
[5] proposed a semi-automatic CADx model based on Deep
Siamese CNN and a fine-tuned ResNet-34 for detecting OA
lesions in the two knees according to the KL scale. The model
was trained using a public dataset, and the validation was
performed using a private dataset. The imbalanced dataset
problem was addressed using transfer learning. The model
achieved an average multi-class accuracy of 61%, with better
performance for classes KLO, KL3, and KL4 than KL1 and
KL2. The model results were compared and validated using
the classification of experienced radiologists. Lim et al. [6]
presented a DL approach to predict the presence of OA in
subjects aged 50 years and older using statistical data. The
study uses a DNN and Principal Component Analysis (PCA)
to automatically generate features from the data and identify
risk factors for OA prevalence. They achieved an accuracy of
71.97%.

In this study, we propose a novel ML-based approach for
the detection of knee OA that includes several innovative
techniques, including Gabor filter-based preprocessing, data
augmentation with translation and rotation, feature extraction
with GooglLeNet model, feature selection with F-Score, and
classification with Support Vector Regression (SVR) machine.
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The proposed approach aims to improve the accuracy and
interpretability of knee OA detection, making it more suitable
for clinical use.

The remainder of this paper is organized as follows: Section
IT presents materials and methods where the dataset and the
methods used are described. In Section III the obtained results
are reported and discussed. A conclusion is provided in Section
Iv.

II. MATERIALS & METHODS
A. Dataset

The dataset used in our experiment was obtained from
the publicly accessible Osteoarthritis Initiative (OAI) database
[7]. The data contains 688 radiographs of the knee that have
been categorized using the Kellgren and Lawrence (KL) rating
system (KLO, KL2). We compared grade (no OA) to disease
overall grade KL.2 (mild OA). In our study, we worked with
the medial region of the knee radiographic image. Fig. 1
shows the Region Of Interest (ROI) used in our work. Table
I demonstrates the data distribution.

TABLE I
DATA DISTRIBUTION

Data Training data Test data Validation data
KLO 262 58 24
KL2 262 58 24

Fig. 1. Knee radiographic image

B. Methods

Our approach to classifying KOA involves several tech-
niques, which we will describe in this section. The method
we propose consists of four main steps: firstly, we perform
artifact removal through preprocessing, followed by deep fea-
ture extraction. Then, we apply feature selection using F-Score
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and finally classify the results into KLO and KL2 categories.
Fig. 2 provides a visual representation of the flowchart of our
proposed approach.

1) Preprocessing: The Gabor descriptor is widely used for
textured images and has been shown to be robust to changes
in illumination and scale in several works in the literature.
This descriptor allows the extraction of microstructure and
macrostructure information that describes the texture in an
image. Linear Gabor filters are used for various applications
such as iris recognition, object detection, and medical imaging
(8]-[10].

The Gabor filter is a complex wavelet filter created by
multiplying a modulated sine and cosine wave by a two-
dimensional Gaussian window. The Gaussian function is used
to define the spatial extent and the bandwidth of the filter,
while the sinusoidal wave is used to define the frequency
and orientation of the filter. By varying the parameters of
the Gaussian and sinusoidal functions, Gabor filters can be
designed to selectively highlight different features of an image,
such as edges, textures, or blobs. The 2D Gabor filter is
described mathematically in equations (1) and (2):

exp (

T =wxcosf+ ysinfy = —xsinf + ycos b

1
20,0y

@7
2 o2 +o2

g(z,y) = + 27erz> (1)

2

where : 0, and y indicate the spread of the current pixel in
the neighborhood. W is the center frequency of the complex
sinusoid. 8 € [0, 7] denotes the orientation of the bands. The
number of oscillations and the angle of the Gabor filter are
determined by the frequency and orientation. These two main
parameters allow a representation of multi-scale and multi-
orientation textures, the adjustment of which is given by the
following formulas (3) and (4):

dy _

dr = 3

f(z,y)

y(xo) = o 4

In summary, in order to extract the Gabor descriptor, the
image is convoluted with a bank of Gabor filters at different
frequencies and orientations, and the resulting histograms are
used as feature vectors for texture classification. Fig. 3 shows
the result of the preprocessing stepp.



The 1st National Workshop on Wireless Network, Cloud Computing and Cryptography (WWN3C’2023) Boumerdes, April 26, 2023

__.—..._

» Features extraction
’ | usigCNN
|
Preproc
dataset . M I
I
|

\—n

" e — o w— .

1

:Clmiﬁm |
-------- ) [ | SVR :
| Feature | . | |
o (I,
1 |
[ | Train |
RN Y
! T : M | |
| : |
i : | |
1 i
: F-5core |1
| I /,-F
II | k
: - Tast

Fig. 2. Proposed method

original image from KLO filtred image from KLO

original image from KL2

Fig. 3. The result of preprocessing
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2) Data augmentation: To increase the size and diversity of
the training dataset, we applied data augmentation techniques,
including translation and rotation. The translation is performed
by shifting the image horizontally and vertically, while rotation
is performed by rotating the image around its center. This
approach creates new training examples that are similar to the
original images but with slightly different perspectives. This
helps to improve the generalization ability of the ML model
and reduce overfitting.

3) Features extraction: DL is a subset of ML that uses
ANN to solve tasks in various application domains such as
object detection, speech recognition, and image classification.
Over time, several variants of ANN have been developed,
such as Recurrent Neural Network (RNN), Long-Short-Term
Memory (LSTM), and CNN. The latter is the subject of
our study for a texture classification task in medical images
revealing AO.

CNNs use a mathematical operation called convolution to
extract relevant and deep features from images, then apply
pooling to reduce the dimensionality of these features. These
two techniques are organized into a layer system. Different
arrangements and settings of these parameters and layers have
given rise to several CNN variants. The different CNN variants
that have won the ImageNet Large-Scale Visual Recognition
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Challenge (ILSVRC) each in a specific year are AlexNet,
ResNet, VGG, GoogLeNet, etc. GoogLeNet [11], which we
will discuss in more detail, is the CNN variant we used in this
article.

GoogLeNet [11], also known as Inception v1, is a deep con-
volutional neural network architecture developed by Google
researchers in 2014. It was designed to improve the accuracy
and efficiency of image classification tasks by reducing the
number of parameters in the network while increasing its depth
[12]. The main innovation of the GoogleNet architecture is the
use of a module called the Inception module, which combines
filters of different sizes (1x1, 3x3, and 5x5) in parallel to
capture different levels of spatial information within an image.
By using filters of different sizes, the Inception module can
capture both fine-grained and coarse-grained features of an
image. Another key feature of the GoogleNet architecture
is the use of the auxiliary classifier, which is designed to
mitigate the vanishing gradient problem that occurs in deep
neural networks. The auxiliary classifier consists of a small
classifier attached to an intermediate layer of the network,
which encourages the network to learn more robust features.
Overall, the GoogleNet architecture achieved state-of-the-art
performance on the ImageNet Large Scale Visual Recognition
Challenge ILSVRC) in 2014, and has since become a popular
choice for image classification tasks. Its success has inspired
further development of the Inception family of models, in-
cluding Inception v2, Inception v3, and Inception-ResNet.
Fig. 4, illustrates the architecture of the Inception model with
several parallel convolutional layers of different filter sizes
(1x1, 3x3, 5x5), allowing it to detect features at different
scales. In addition, it also uses pooling convolutions to reduce
the dimensionality of the data and thus reduce computational
costs. The outputs of each branch are concatenated and passed

to the next layer [13].
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Fig. 4. A simplified architecture of the CNN used in GoogLeNet

GoogLeNet consists of 22 layers, including 9 Inception
modules connected to the global average pooling layer. The
final output of the network is a softmax layer, which produces
the predicted class probabilities. The overall architecture of
GooglLeNet is illustrated in Fig. 5.
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Fig. 5. Last layers of the GoogLeNet before finetuning

Fig. 6 shows the features extracted by GoogLeNet architec-
ture.

Fig. 6. Features of a Convolutional Neural Network

4) Features selection: To identify the most informative
features for classification, we used the F-Score feature se-
lection [14]. The F-score is a statistical method for selecting

features that evaluate each feature individually and rank them
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accordingly. The higher the F-score value, the more relevant
the feature is considered to be [15]. Equation (5) explains the
formula of the F-Score.

(n;/(c—1 i ’
F-Score(f;) = 2t 1 /(Z .(nj))_(pl)ﬂu)

n—c

x represents the i feature, x denotes the total number of
instances belonging to class j, and n represents the total
number of instances across all classes [16]. The variable
refers to the mean value of the features across all classes,
while f; indicates the mean value of the features in the j
class. The standard deviation of class j is denoted by o.

5) Classification: We used an SVR for the classification of
knee OA. SVR is a type of ML algorithm that is used to predict
a continuous output variable. It is a variation of the SVM
algorithm, which is commonly used to solve classification
problems [17].

SVR’s main idea is to find a hyperplane in a high-
dimensional space with the greatest possible margin to the data
points. The hyperplane is used in SVR to make predictions
for new data points. SVR works by reducing the difference
between predicted and actual values. A loss function is used
to calculate the error, which penalizes the algorithm when it
makes large errors. The epsilon-insensitive loss function is the
most commonly used loss function in SVR [18].

In this study, we tested other classifiers and compared them
to the proposed method. This includes decision Tree (DT),
Support Vector Machine (SVM), and KNN.

&)

III. RESULTS AND DISCUSSION

The following section presents the key findings from the
experiments conducted on high-resolution X-ray images, using
various features and ML techniques outlined in the Data sec-
tion. Specifically, GoogLeNet features were employed, and the
experiments were carried out using DT, SVM, KNN, and the
SVR model. Fig. 7illustrates the main outcomes. The results
indicate that the SVR model utilizing GoogleNet parameters
achieved superior accuracy compared to other classification
techniques, including DT, KNN, and SVM.

A confusion matrix is a table that is often used to describe
the performance of a classification model. In this case, the
rows represent the actual class of the data and the columns
represent the predicted class. Fig. 8 shows the confusion
matrix. Four different models combining deep learning and
machine learning classifiers were used for the classification of
knee images: GoogleNet with SVR, GoogLeNet with KNN,
GoogLeNet with DT, and GoogLeNet with SVM. According
to the confusion matrix, the GoogleNet model with the
SVR model correctly predicted 44 positive samples (True
Positives) and misclassified 5 negative samples as positive
(False Positives). On the other hand, it incorrectly predicted
14 positive samples as negative (False Negatives) and correctly
predicted 53 negative samples (True Negatives). Overall, this
model seems to have performed well with a relatively high true
positive rate compared to the false negative rate. GoogLeNet
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model with KNN correctly predicted 41 positive samples and
misclassified 13 negative samples as positive. It also incor-
rectly predicted 17 positive samples as negative and correctly
predicted 45 negative samples. Based on the confusion matrix,
this model has a lower true positive rate and a higher false
negative rate compared to the previous model.
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Comparison of classification performance of the four different

The GoogleNet model with DT had similar results to
the KNN model. It correctly predicted 42 positive samples
and misclassified 12 negative samples as positive. It also
incorrectly predicted 16 positive samples as negative and
correctly predicted 46 negative samples.

Lastly, the GoogLeNet model with SVM correctly predicted
43 positive samples and misclassified 5 negative samples
as positive. It incorrectly predicted 15 positive samples as
negative and correctly predicted 53 negative samples. This
model appears to have a similar performance to the first model
we discussed with a high true positive rate and a relatively low
false negative rate.

Overall, it seems that the GoogleNet model with SVR and
the GoogLeNet model with SVM performed the best in terms
of correctly predicting positive samples.

The results presented in Table II show the performance of
different classification models for knee OA, with and without
feature selection using an F-Score. The evaluation metric used
is accuracy (Acc), which measures the proportion of correctly
classified instances.

The results demonstrate that the feature selection process
improves the accuracy of most models. For instance, the
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Fig. 8. Confusion matrix for KOA classification: (a) GoogLeNet+SVR, (b) GoogLeNet+KNN,(c) GoogLeNet+DT, and (d) GoogLeNet+SVM

TABLE I
COMPARISON OF CLASSIFICATION RESULTS WITH AND WITHOUT FEATURE
SELECTION.

With features se- | Without selection

lection features
GoogLeNet+SVR | 83.6 78.45
GoogLeNet+KNN | 74.1 70.5
GoogLeNet+DT 75.9 71.3
GoogLeNet+SVM | 82.8 76.65

GoogLeNet+SVR model achieved an accuracy of 83.6% with
feature selection, compared to 78.45% without it. Similarly,
the GoogLeNet+SVM model achieved an accuracy of 82.8%
with feature selection and 76.65% without it.

However, it is worth noting that not all models ben-
efit equally from feature selection. For instance, the
GoogLeNet+KNN model only saw a small improvement in
accuracy with feature selection (from 70.5% to 74.1%), while
the GoogLeNet+DT model saw a more significant improve-
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ment (from 71.3% to 75.9%). The results suggest that feature
selection using an F-Score can be a useful technique for
improving the accuracy of classification models for knee OA.
However, the effectiveness of feature selection may depend on
the specific model used.

Comparing our results with the most recent methods(Table
IIT ), our proposed approach outperforms several other ML-
based methods for knee OA detection. For example, the
method proposed by Lim et al. achieved an accuracy of
71.97% [6], while our approach achieved an accuracy of
83.6%. Similarly, the method proposed by Jakaite et al [3].
achieved an accuracy of 77.5%. These results demonstrate that
our proposed approach is highly effective for detecting knee
OA, and represents a significant improvement over the existing
methods. In conclusion, the proposed approach combines
several innovative techniques and achieves high performance
for knee OA diagnosis. The high accuracy of the proposed
approach indicates that it can be used as an effective tool
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TABLE III
COMPARISON OF CLASSIFICATION RESULTS WITH AND WITHOUT FEATURE SELECTION
Authors Year Features extraction method Classifiers Acc (%)
Lim et al. [6] 2019 DNN with PCA / 71.97S
Jakaite et al. [3] 2021 Zernike moment GMDH 71.5
Cuiva et al. [5] 2022 ResNet-34 / 61
Proposed method 2023 GoogleNet SVR 83.6

for the early detection and diagnosis of knee OA, which
may contribute to improved patient outcomes and reduced
healthcare costs.

IV. CONLUSION

The present study proposes a hybrid system that combines
deep feature-based methods and Machine Learning techniques
for detecting knee osteoarthritis. The proposed approach com-
prises Gabor filter-based preprocessing, data augmentation,
feature extraction utilizing the GoogleNet model, feature
selection via F-Score, and classification using SVR. Empirical
findings reveal that the proposed approach surpasses other
methods in detecting knee OA. This research presents a
promising solution to the challenging task of diagnosing knee
OA through the analysis of medical imaging data. Further-
more, it highlights the potential of ML techniques in the field
of healthcare to enhance diagnosis and treatment outcomes.
Further investigation may explore the feasibility of applying
this approach to other stages of OA and imaging modalities,
as well as its integration into clinical practice for personalized
medicine.
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