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ABSTRACT

Knee osteoarthritis (OA) is a joint disease which is globally common in elder people. It is
typically the result of wear and tear and progressive loss of articular cartilage. It has no
cure. Despite of its high prevalence, there is a lack of diagnostic tools and approaches that
detects and classifies the different stages of Knee OA severalties with better precision. This
paper presents the approaches to automatically quantify the severity of knee OA using X-ray
images. Two of the CNN classifiers namely, VGG-15 and ResNet-32 have been used for
classifying the knee OA severity into one of the 5 Kellgren-Lawrence classification grades
(normal, doubtful, mild, moderate and severe). These models have been trained using loss
function: ‘categorical cross entropy’ and optimizer ‘Adam’. The datasets used in this work
has been collected from Bhaktapur Hospital. About 350 X-ray images were collected and
manually classified into their KL grades and then they were used for testing as well as
training the models. The test results shows that the accuracy of classifying knee OA severities
with VGG-16 and ResNet-32 were 59% and 57% respectively. It seemed that the accuracy of
VGG-16 model is better than ResNet-32 in quantifying knee OA severity.

Keywords:- Knee osteoarthritis (OA), CNN, VGG-16, ResNet-32, X-ray images, Kellgren-
Lawrence classification grades

INTRODUCTION

Knee Osteoarthritis (OA), also called
degenerative joint disease, is a common
joint disorder disease in older and
overweighed people. It is a highly
prevalent chronic joint disease that makes
sitting and walking much painful [15]. Itis
caused due to disintegration of Cartilage.
Cartilage is a robust and viscoelastic

connective tissue at the ends of bones
which helps in easy movements of bones
and abides as a shock absorber. As the
Cartilage becomes thin, the gap between
bones gets narrow due to which the bones
in rubs each other. Thus, there causes
severe pain in the joint and it restricts the
mobility of bones [12]. According to [3],

Fig.1:-Radiological Image with and without Osteoarthritis.
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about 80% of the populations in the world
aging 60 years or above have radiographic
evidence of Osteoarthritis. And it is
expected that Osteoarthritis will become
more prevalent in the near future.

Clinically, Knee OA is diagnosed by
symptoms and physical examinations. To
detect abnormalities in bones and
deformed parts of bones, radiographic
imaging tools such as X-ray, MRI
(Magnetic  Resonance Imaging), CT
(Computed Tomography) etc. are used [8].

The radiological parameters considered
during diagnosis of Knee OA are cartilage
disintegration, bones deformation, narrow
joint space, osteophytes formation and
loose bones [12]. On the basis of
radiological parameters and severalty
levels, a particular joint is assigned to one
of the five grades that are given by
Kellgren and Lawrence (KL) grading
system [1]. Figure 3 shows the different
grades of OA disease provided by KL
grading system.

Kellgren-Lawrence (KL) grading scale

Grade 1 Grade 2
CLASSIFICATION Normal Doubtful
Minute
DESCRIPTION  No features of OA doubtiul
significance

Grade 3 Grade 4
Mild Moderate Severe
Definite Joint space
teophyte: Mod joint greatly reduced:
normal joint space reduction subchondral
space sclerosis

Fig.2:-Kellgren and Lawrence (KL) grading scale

In general, the medical experts manually
analyses the radiological images for
diagnosing of Knee OA diseases. It is a
time consuming work and sometimes the
complexities in radiological images makes
it difficult to predict the disease efficiently
[12]. Emerging trends of technology like
computer vision, image processing and
pattern recognition is playing an important
role in solving such problems.

Various automatic tools and methods have
been introduced for detecting and
diagnosing the diseases in the field of
medical. These tools and methods are,
however, extremely, inaccurate and

sensitive [10]. Thus, this paper presents
comparative study of the methods for
automatically identifying the
characteristics of Osteoarthritis. In this
work, an automated system is developed
using. CNN models for detecting
severalties of Osteoarthritis in the inputted
X-ram images. Two CNN’s models,
namely, VGG-16 and ResNet-32 are used
for developing the system. The system is
trained using loss function: ‘categorical
cross entropy’ and optimizer ‘Adam’. For
training and testing the system, X-ray
images collected from Bhaktapur Hospital
were used.
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The system has been trained and tested
with 350 images. The result of test
experiment shows that VGG-16 model can
quantify knee OA severity with better
accuracy as compared to ResNet-32
model.

The rest of the paper comprises related
works, problem statement, objectives,
proposed  methodology, experimental
results and conclusion to this work.

RELATED WORKS

In [4], Lior Shamir et al., has described a
method for automatic detection of Knee
OA. It was based on Kellgren-Lawrence
(KL) grading system. In this work, the X-
ray images are analyzed and accordingly
the knee OA severalties are categorized
into five KL grades (normal, doubtful,
minimal and moderate).

A simple weighted nearest neighbor rule
was used to predict the severalty level of
Osteoarthritis. Their model has been
experimented with 350 X-ray images and
the result of their test experiment shows
that moderate OA was differentiated with
accuracy of 95% and minimal OA was
differentiated with accuracy of 80% from
normal OA.

In [8], a method to detect Knee OA using
X-ray images has been proposed. It
involves predicting the Knee OA by
calculating the thickness of cartilage
between the bones. Since, the approach
involves automated computed
measurements; it can be used for better
diagnosis of Knee OA.

It was a data driven approach tested with
different datasets for diagnosing the
osteoarthritis. But this approach only
considers the gap between the boned for
identifying  the  characteristics  of
Osteoarthritis.

In [10], new biomarks for early detection
of knee OA in overweight and obese
women were identified with the use of
Ranked  Guided Iterative  Feature
Elimination (RGIFE) along with random
forest algorithm. In the work, a machine
learning based pipeline was created to
identify small models that predicts 30-
month incidence of Knee OA. The result
of the work was that the models exhibit
performance of AUC>0.7. But, in the
work, very few variables were used with
the  models for quantifying the
characteristics of Knee OA.

In [11], Joseph et al., has proposed a
method for automatically quantifying the
severalties of Osteoarthritis in Knee using
X-ray images. It involves using fully
convolutional neural network (FCN) for
detecting the knee joints and convolutional
neural network (CNN) for classifying the
severalty level of Knee OA. The model
used in this work was evaluated with two
public datasets, namely Osteoarthritis
Initiative ~ (OAI) and  Multicenter
Osteoarthritis Study (MOST). The result
of the model in detecting and classifying
the knee OA severity was quite promising.

In [12], Shivanand et al., used Artificial
Neural Network (ANN) for analyzing the
knee radiographic images and quantifying
the severalty of Knee OA into five KL
grades. In their work, about 1650
radiological images were collected from
different hospitals and those images were
annotated into KL grade by two different
surgeons as per KL grading system. Then,
the local phase quantization and multi-
block projection profile features are
computed and fed into artificial neural
network classifier for automating the KL
grading procedure. The classifying
accuracy of this work in classifying the
knee X-ray images into KL grading of the
OA severalty was 98.7% and 98.2%
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respectively with reference to opinions of
Surgeon-1 and surgeon-2.

In [13], Mahrukh et al., has presented a
system that automatically detects the knee
OA from X-ray images. In the system
template matching technique was used for
detecting tibiofemoral joint regions. In this
work, the joint space width is calculated
by detecting the boundaries of ROl in the
histogram orientation and based on this
information; severalty of Knee OA is
quantified. This work exhibit an accuracy
of 97.14% in quantifying the severalties of
Knee OA. In this work, the region of
interest (ROI) is cropped automatically
and the whole process is semi-automatic
and the required image can be clean or
noisy without manual assistance.

PROBLEM STATEMENT

Traditional approach of diagnosis by
doctors has always been time consuming
and sometimes become inaccurate to some
extent. This may lead to false diagnosis,
affecting patient’s health in a very minor
or major way. Minor effects can be
negligible but major effects may be life
threatening [12]. Thus, there has always
been a need of tools and techniques for
correct diagnosis of diseases. And,

Input Image

emerging technology like computer vision,
image processing and pattern recognition
have overcome the limitations with better
prediction of diseases, diagnosis and
treatments [10]. Many powerful tools such
as image machine learning, deep learning,
neural network etc. are being widely used
in the medical filed for bringing qualitative
information and diagnosing the diseases
with better accuracy. But, the available
tools and techniques for diagnosing the
diseases are not accurate and are low
sensitive.

OBJECTIVES

The objective of this work is as follows:

1. To identify the differences in the
joints between normal and abnormal knees
using X-ray images.

2. To quantify the severalties of knee
OA in the abnormal knee via use of
convolutional neural network (CNN)
models.

METHODOLOGY

Figure 3 shows the overall framework for
the given work. The work here comprises
of five main steps: Preprocessing, Image
segmentation, Image Enhancement,
Feature Extraction and Classification.

Enhancement

< Image
l"—ﬂ Preprocessing el e —

(Classification

Image Feafure
) Extraction (Severaltyof 04)

Fig.3:-Block Diagram of the proposed framework

Preprocessing

The X-ray 1images of knee are
preprocessed with an aim to improve the
quality of the image so that bone edges can
be easily detected and severalty of
Osteoarthritis can be easily quantified
[12]. The radiological images of knee may

contain salt and pepper noise. To remove
such noise from the image by preserving
bone edges of the knee, adaptive median
filter have been used. Also, the Knee X-
ray images are resized to 256*256 after
cropping the image for proper analysis.
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Fig.4:-Original Image

Image Segmentation

Segmentation of knee X-ray images are
done to partition the object into its
constituent parts so that the features can be
easily extracted and the object can be
recognized [2]. In this work, active

Fig.5:-Preprocessed Image

contour segmentation method has been
used for segmentation of X-ray image.
During segmentation process, the region in
between tibia and femur are segmented
and are processed for further processing.

Fig.6:-Segmented Image

Image Enhancement

Image Enhancement is done to improve
the perception of information or
interpretability in the image. It involves
improving the quality (clarity) of image in
terms of contrast, shading unsharp

masking etc. [5] In this work, the
radiological image of knee has been
enhance via adjusting contrast. For the
purpose, histogram equalization method
has been implemented.

Fig.7:-Enhanced Image
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Feature Extraction

It involves extracting the useful
information  from machine readable
document in order to minimize the intra-
class pattern variability and maximize the
inter-class pattern variability of the content
in the document [6]. The various features
extracted in this work are Statistical
Features, Shape Features and Haralick
Features.

Mean () = i, p(i. /)
Median = ¥, /{p(i. D} / {(i, )}

Standard Deviation = fﬂ%t TN 14 —p2

. (
Variance (o) = EZf=1|A, - u)?

o Be-p)®

Skewness -
as E(x-p)*
Kurtosis e

Shape feature extraction

These features refer to measuring the
similarities of the shapes. Shape features
are calculated from connected components
that are stored in contiguous and dis-
contiguous regions [6].

Arca (A) - number of pixels of an image
Perimeter (P) - number of boundary pixels

; ! A
Kecentricity () ~ =
2,

Hquiv-dinmeter J(4 . f—'.-'-"')
Fuler Number -+ (number of objects) - (number of holes)
Solidity (8) = —ars

convex area

Major Axis Length  length of major axim of an objoct in pixels

Minor Axis Length - length of minor axis of an object in pixels

Haralick feature extraction:

These features refer to measuring the
texture of the knee image in terms of
contrast, correlation, sum of squares, sum

Statistical feature extraction

Statistical  features are  quantitative
measurements of relationships between
various sets of points [12]. In this work,
various statistical measures like mean,
median, standard deviations, variance,
kurtosis and Skewness were used.
Equations representing these statistical
features are as follows. Each of the
statistical properties is calculated based on
the pixels p (i, j) themselves.

The various shape features considered in
this work are area, perimeter, eccentricity,
equiv-diameter, Euler Number, solidity,
major axis length and minor axis length.

of average, homogeneity etc. [12] The
various Haralick features considered in
this work are contrast, correlation, energy
and homogeneity.
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Fig.8:-Feature Extracted Image

Classification

After the features have been extracted,
some classification methods are employed
for classification of knee OA severalty into
five KL grades. Two different type of
classifier models have been used for
quantifying the severalties of Knee OA,
namely, VGG-16 and ResNet-32.

VGG-16

VGG-16 (also called OxfordNet) is a
convolutional neural network architecture
named after the Visual Geometry Group
from Oxford, who developed it. It was
proposed by K. Simonyan and A.
Zisserman from the University of Oxford
in the paper “Very Deep Convolutional

Networks  for  Large-Scale  Image
Recognition” [17]. It was one of the
famous model submitted to ILSVRC-2014
while achieving 1st runner-up position
with the winner being GoogLeNet. This is
an improvement over AlexNet by
replacing large kernel-sized filters (11 and
5 in the first and second layers,
respectively) with multiple 3*3 kernel-
sized filters in succession. A test data set
with over 14 million images was used to
validate the model, which achieved 92.7%
accuracy [16].

Architecture of VGG-16
The architecture of VGG-16 can be
depicted as:
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Input
e

Conv 1-1
Conv 1-2
Pooing
Conv 2-1
Conv 2-2
Pooing
Conv 3-1
Conv 3-2
Conv 3-3

Pooing

Conv 4-1
Conv 4-2
Conv 4-3
Pooing
Conv 5-1
Conv 5-2
Conv 5-3
Pooing
Dense
Dense
Dense
Output

Fig.9:-VGG-16 Architectural Map

The input to covl layer is of fixed size 224
X 224 RGB image. The image is passed
through a stack of convolutional (conv.)
layers, where the filters were used with a
very small receptive field: 3x3 (which is
the smallest size to capture the notion of
left/right, up/down, center).

In one of the configurations, it also utilizes
1x1 convolution filters, which can be seen
as a linear transformation of the input
channels (followed by non-linearity). The
convolution stride is fixed to 1 pixel; the
spatial padding of conv. layer input is such
that the spatial resolution is preserved after
convolution, i.e. the padding is 1-pixel for
3x3 conv. layers. Spatial pooling is carried

224 x 224 % 3 224 % 224 x 64

112x112x 128

56 x 56 x 256

2Bx 28 x512

out by five max-pooling layers, which
follow some of the convolution layers (not
all the conv. layers are followed by max-
pooling). Max-pooling is performed over a
2x2 pixel window, with stride 2 [18].

Three fully connected (FC) layers follow a
stack of convolution layers (which has a
different depth in different architectures):
the first two have 4096 channels each, the
third  performs  1000-way ILSVRC
classification and thus contains 1000
channels (one for each class). The final
layer is a soft-max layer. The
configuration of the fully connected layers
is the same in all networks [18].

() convolution + ReLu
[’:ﬂ maxpooling
;’, Fully connected » RelU
(-:1) softmax
7x7x512
14 x 14 x512

OO0

Fig.10:-VGC-16Architecture

Configuration for VGG-16

All configurations follow the generic
design present in architecture and differ
only in the depth: from 11 weight layers in
the network ‘A’ (8 conv. and 3 FC layers)
to 19 weight layers in the network E (16

conv. and 3 FC layers). The width of conv.
layers (the number of channels) is rather
small, starting from 64 in the first layer
and then increasing by a factor of 2 after
each max-pooling layer, until it reaches
512 [18].
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ConvNet Configuration
A A-LRN B C D E
I1weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB 1mage)

conv3-64 | conv3-64 conv3i-64 | conv3-64 conv3-64 conv3-64
LRN conv3-64 | conv3-64 conv3-64 | conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
cony1-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
cony1-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Fig.11:-Architectural Configuration for VGG-16

ResNet-32

A residual neural network (ResNet) is an
artificial neural network (ANN) of a kind
that builds on constructs known from
pyramidal cells in the cerebral cortex.
ResNet-32 is a convolutional neural
network backbone derived from ResNet-
34, ResNet-50, and ResNet-101 networks
[9]. It has an issue of vanishing/exploding
gradient.

In order to solve this issue, concept of
Residual Network is introduced in the
architecture of ResNet [7]. For the
purpose, a technique called skip
connection and identity mapping is used.

The skip connection skips training from a
few layers and connects directly to the
output. This identity mapping does not
have any parameters and is just there to
add the output from the previous layer to
the layer ahead [14].

Architecture of ResNet-32

The architecture of ResNet-32 is mostly
inspired by ResNet-34's architecture.
Figure given below illustrates the
architecture of ResNet-32. In the ResNet-
32’s architecture, shortcut connections are
added which are then converted into
residual network [9].
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Fig.12:-ResNet-32 Architecture

Configuration for ResNet-32
Each ResNet-32 block is either two layers
deep (used in small networks like ResNet

18, 34) or 3 layers deep (ResNet 50, 101,
152). The configurations of ResNet-32
based on its architecture can be overall
represented as given below [9]:

layer name | output size|  18-layer 34-layer S0-layer | 101-layer 152-layer
convl | 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 [ 1x1,64 ] [ 1x1,64 ]
LY | [giggﬂxz [gig'mm 3,64 [x3 | | a6 |x3 | | 3x3,64 |3
' ' | 1x1,256 | | 1x1,256 | | 1x1,256
‘ 1|t . [ 11,128 | [ 11,128 | [ 1x1,128 ]
comdx | 28x28 ;zggg ) g:ggg x| | 33,08 |xa | | 3x3,18 [xd | | 33,128 |8
A T L R W - v | 1x1,312 | 1x1,512 |
: . + [ 1x1,256 7 1x1,256 | 1x1,256 1
comdx | 1xld gigggg 2 gzgggg <6 || 33956 [x6|| 3x3256 |x33|| 3x3,256 |x36
S R B S | 1x1,104 | 1x1,1024 | 1x1,1024 |
, o |l . [ 1x1,512 1x1,512 1x1,512
amsz | 747 iﬁg:; X2 ;;‘22:; 31 axasia x| a8 x| | 3.5 |x3
SR | 1x1,2048 | 1x1, 2048 1x1,2048
Ix] average pool, 1000-d fc, softmax -
FLOPs 18x10° 3.6x10° 38x10° | 76x10° 11.3x10°
Fig.13:-Architectural Configuration for ResNet-32
Experimentation generated dataset separately. During

A system was developed based on the
proposed framework for performing test
experiment. The system was developed
with two of the CNN classifier model,
namely, VGG-16 and ResNet-32. The
system with both of the classifier models
was first trained and then tested with the

training process of the model, a feature
database was created in which the trained
information were stored. This information
was used for quantifying the severalty of
knee OA in testing process. Figure 14
depicts an overview of the developed
system.
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Testing Process Training Process
Input Image Input Image
Preprocessing Preprocessing
Image Image
Segmentation Segmentation
Image Image
Enhancement Enhancement
Feature Feature
Extraction Extraction
Feature oAt
Comparison & e
: - Database
Classification
(Severalty of OA)

Fig.14:-Overview of the developed system

Dataset
The data used in the experimentation
process of the developed system are the
knee X-ray images. Thus, X-ray images of
knee were collected from Bhaktapur
Hospital.

Around 350 knee X-ray images were
collected. Among the collected knee X-ray
images, 60% of the images were used in

training the model and 40% of the images
were used for testing the model.

RESULT AND DISCUSSION

The system successfully classified the X-
ray images into their constituent classes
with desired level of accuracy. The result
of the test experiment with the developed
system is shown in the figure below:
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Fig.15:-Accuracy with VGG-16
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Figure 15 and Figure 16 show a graph
exhibiting the accuracy with the two
models. In these graph, the X-axis denotes
the number of batches processed i.e. it
shows that a single epoch consists of
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Fig.17:-Error rate with VGG-16

Figure 17 and Figure 18 shows a graphs
presenting error rate with the two classifier
models. These graphs depicts that with the
increase in number of epoch consisting of
250 batches the error rate gets decreased.
However, the error rate of classifier with
VGG-16 40% and with ResNet-32 is 41%.

CONCLUSION

This paper presents approaches for
detecting Knee OA and classifying the
severalties of Osteoarthritis using X-ray
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Fig.16:-Accuracy with ResNet-32

processing of 250 batches. And Y-axis
denotes the accuracy obtained in each
batch. The accuracy with VGG-16
classifier model is 59% and with ResNet-
32 classifier model is 57%.

070

265 1

L=
g

:

0 50 500 0 1000 1250
Batches processed

1500 1750

Fig.18:-Error rate with ResNet-32

and ResNet-32 for quantifying the
severalties of Knee OA into five KL
grades. The main aim of this work was to
compare the accuracy in classifying the
severalties of Osteoarthritis with the two
models i.e. VGG-16 and ResNet-32.

For the purpose, a system was developed
with  both VGG-16 and ResNet-32
classifier and it was experimented with the
X-ray images of knee.

images. In the given work, two of the The result of test experiment shows that
CNN classifier models, namely, VGG-16 VGG-16  classifier  provides  better
HBRP Publication Page 1-14 2022. All Rights Reserved Page 12
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accuracy in quantifying severalties of
Knee OA as compared to ResNet-32.
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