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Abstract

OsteoArthritis (OA) is a joint disease caused by cartilage loss in the joint and

bone changes. Early knee OA prediction based on bone texture analysis is a

difficult task in medical image analysis. This paper presents a new approach

based on concepts of complex network theory to extract texture features related

to OA from radiographic knee X-ray images. An X-ray image is modeled into

a complex network mapping each pixel into a node and connecting two nodes

based on a given Euclidean distance. Then, a set of thresholds is applied to

remove some edges and reveal texture properties. Our proposed model employs

a specific strategy to automatically select the set of thresholds. A new set of

statistical measures extracted from the network are used to compute a feature

vector evaluated in a classification experiment using knee X-ray images from the

OsteoArthritis Initiative (OAI) database. Our proposed approach is compared

to state-of-the-art learning models (AlexNet, VGG, GoogleNet, InceptionV3,

ResNet, DenseNet and EfficientNet) as well as to different traditional texture



descriptors. Results show that the proposed method is competitive and is po-

tentially promising for early knee OA detection.

Keywords: Texture analysis, Networks, Feature extraction, OsteoArthritis

detection.

1. Introduction

OsteoArthritis (OA) is a degenerative disease that causes pain, inflamma-

tion, and dysfunctions in joints [1, 2]. It affects mostly knees, hips, and hands,

which makes it the major cause of the mobility limitation and physical disability

after the age of 50 years [3, 4]. Knee OA is characterized by cartilage degrada-

tion, reduction of joint space width as well as osteophytes formation but also

changes of bone architecture [3]. A manual classification has been developed

by Kellgren and Lawrence (K&L) dividing the OA into five stages of severity

(normal (grade 0), doubtful (grade 1), minimal (grade 2), moderate (grade 3)

and severe (grade 4)). Grade 0 indicates the definite absence of OA and grade

2 early OA [5]. K&L classification score is based on radiological features such

as narrowing of joint cartilage and osteophytes formation [5]. Several studies

have underlined that characterizing the texture of the trabecular bone on X-ray

images could have a good performance to predict knee OA before reduction of

the joint width and osteophyte formation [6, 7]. Consequently, trabecular bone

(TB) characterization is increasingly used in the assessment of trabecular bone

changes due to OA [4, 8, 9, 10]. Several imaging modalities have been used

to acquire the TB images, such as magnetic resonance imaging (MRI), X-ray

imaging and scintigraphy. The current gold standard for diagnosing knee OA,

is X-ray imaging (plain radiography). Due in particular to its safety, wide avail-

ability, low cost, acquired images are readily understood, and the trabecular

bone texture obtained on the X-ray images is related to the three-dimensional

bone micro-architecture [3, 9].

In the literature, several texture analysis methods have been developed to an-

alyze the TB structure on X-ray images [8, 9, 11]. Shamir et al. [8] used various
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methods (e.g., multiscale histograms, Haralick textures and Fourier transforms)

to extract features from the X-ray images. On a dataset of 193 X-ray images,

an accuracy of 80.4% was obtained using a weighted nearest neighbor classifier.

In [9], using a rotation invariant method of Signature Dissimilarity Measure

(SDM), authors reached an accuracy of 78.8% on a dataset of 137 X-ray im-

ages. Riad et al. [11] proposed a texture analysis method based on complex

Wavelet decomposition. Using 688 X-ray images, authors obtained an accuracy

of 80.38%. In [10], Janvier et al. used the Hurst parameter for OA progression.

A dataset of 1124 knee X-ray patients was used to collect several regions of in-

terests (ROIs) for texture analysis and OA classification. An AUC (Area Under

the Curve) of 0.73 was obtained when combining the Hurst parameter to Joint

Space Narrowing and clinical covariates. In [7], several ROIs were extracted

from a set of 688 knee X-ray images and processed using fractal analysis to

evaluate whether TB features could predict OA initiation. An AUC of 0.71 was

obtained when combining tibial osteophytes and fractal features. Despite the

promising performance obtained by these recent techniques, most of them have

at least one of the following drawbacks: high computational complexity [8], us-

ing a global method based on similarity patterns [9], and the size of the datasets

used in these studies are also questionable [8, 9].

With the evolution of deep neural network architectures, new strategies are

emerging for image classification [12, 13]. Many deep learning models have

been developed to diagnose knee OA severity. Anthony et al. [14, 15] employed

a Fully-Convolutional Network (FCN) based method to localize knee joints,

and used a deep Convolutional Neural Network (CNN) to classify the different

stages of knee OA severity. Tiulpin et al. [16] proposed another method based

on Deep Siamese CNNs to score knee OA severity according to KL grading scale

automatically. All these studies [14, 15, 16] treated knee OA issue as a multi-

class problem and focused on the various classes based on KL grades. More

recently, from our group, Nasser et al. [17] focused on early detection of knee OA

(grade 0 for non-OA, considered as controls vs. grade 2 for minimal OA). A new

Discriminative Regularized Auto-Encoder (DRAE) for early detection of Knee
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OA was introduced. The DRAE consists of a combination of a discriminative

loss function with the standard Auto-Encoder training criterion to improve knee

OA detection.

In the present study, we introduce an approach based on the concept of

complex networks (CNs) to model and characterize knee X-ray images for OA

detection. Complex network analysis has been used with success in different

problems of image analysis [18, 19, 20]. In the proposed approach, firstly, each

image is modeled as a complex network representing each pixel as a vertex and

connecting two vertices according to a given Euclidean distance [21]. Then,

thresholds are applied over the network edges to transform a regular network

into another CN that highlights different properties of the image. We define

these threshold values with an automatic selection strategy based on a Gaussian

distribution modeling. Finally, different feature vectors with various statistical

measures are computed from the built networks. As we are interested in early

knee OA prediction, the resulting feature vector is used in a classification task

to distinguish between X-ray images of normal knee (K&L grade 0) and minimal

OA (K&L grade 2). Subjects with doubtful OA (K&L = 1) were removed to

focus on healthy at risk patients. We did not consider grades 3 and 4 for severe

knee OA because they are not compatible with the purpose of early detection.

Also, to be comparable with the following studies [7, 11, 22], only grades 0 and

2 were considered. For experiments, we used 688 knee images (344 from control

subjects and 344 from OsteoArthritis Patients) collected from the OsteoArthritis

Initiative (OAI) database [23].

The remainder of the paper is structured as follows. Section 2 presents the

concepts of networks and introduces our method to compute a feasible feature

vector for knee OA classification. Then, section 3 describes the database and

the regions of interest. The proposed method is evaluated and the results are

presented and discussed in section 4. Section 5 concludes the paper.
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2. Proposed approach

2.1. Complex Network representation

Formally, an undirected weighted complex network is represented by a pair

C = (V,E), where V is a set of vertices v and E is a set of edges ev,v′ . The

weight of the edge between vertices v and v′ is given by w(ev,v′). The re-

search in CNs comprises two main steps: modeling of the data as a CN and

its topological analysis through a set of measurements ([21, 24, 25]). By this

set of measurements, it is possible to characterize and classify different complex

network topologies.

The main and simplest measures from complex networks are the vertex de-

gree and vertex strength. The definition of the degree k(v) of a CN vertex v is

given by the number of edges linked to v, according to

k(v) =
∑
v′∈V

 1, ev,v′ ∈ E

0, otherwise.
(1)

Using the degrees of the network vertices v ∈ V it is possible to obtain the

degree histogram h, which is yielded as:

h(i) =
∑
v∈V

 1, k(v) = i

0, k(v) 6= i.
(2)

The histogram is an accurate and simple representation which provides rel-

evant statistical information of the network structure. Through the degree his-

togram, many features based on first-order statistics may be computed. The

statistics features are calculated from the probability density function ρ(i) of

the degree histogram h(i), according to

ρ(i) =
h(i)∑k
i=0 h(i)

i = 0, 1, 2, ..., k. (3)

2.2. Image as complex network

Image acquisition is in major part responsible for the generation of unneces-

sary information. In the process of X-ray acquisition, pixel resolution is linked
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to electronic reading time. Longer is the acquisition, more accurate is the mea-

surement. However, this is not compatible with life. Moreover, X-ray diffusion

generates different artifacts and blur data. To maximize the entropy of the

image and keep the essential information, a reduction of gray levels provides

better and more easily exploitable images that are better suited for bone tex-

ture analysis. Without losing any generality, as our images are 16 bits (65536

gray-levels), a quantization to 8 bit (256 gray-levels) is achieved. To accomplish

this, the gray-level intensity of each pixel p is converted.

Consider an image I as a pair (P,Υ) where P is a set of pixels p = (x, y) ∈ P

and Υ is a mapping that assign to each pixel p = (x, y) ∈ P a gray-level intensity

Υ(p) ∈ [0, L] as follows:

Υ(p) =
Υ(p)−min(Υ)

max(Υ)−Υ(p)
∗ 255 (4)

where max(Υ) and min(Υ) are the maximum and minimum gray-level intensi-

ties of the image, respectively.

To model an image as a complex network C, we adopted a methodology

based on previous works [21, 26]. Each pixel p is represented by a vertex v and

two vertices v and v′ are connected by a weighted edge e = (v, v′) ∈ E if the

Euclidean distance between their corresponding pixels is lower or equal than a

given radius r, as follows:

E = {e = (v, v′) ∈ E|
√

(x− x′)2 + (y − y′)2 ≤ r}. (5)

Figure 1 shows an example of a textured image modeled as a regular complex

network using r =
√

2. The edge weight ω(v, v′) is defined by the absolute

difference of intensities between the two pixels that represent the vertices [21],

as expressed by:

ω(v, v′) =
(x− x′)2 + (y − y′)2 + r2 |Υ(p)−Υ(p′)|

L

r2 + r2
,∀e = (v, v′) ∈ E, (6)

where L is the maximum gray-level value.
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Figure 1: Example of a texture image modeled as a regular network with radius r =
√

2.

Given a regular network, in order to obtain a complex behavior and highlight

texture properties of the trabecular bone, a transformation was applied over

the network. The last consists of removing edges whose weight is higher than a

threshold value t, leading to a new set of edges,

Et = {e = (v, v′) ∈ E|
√

(x− x′)2 + (y − y′)2 ≤ r and ω(v, v′) ≤ t}. (7)

This transformation may be understood as a multi-scale CN analysis [24].

For small values of t (Figure 2(a)), a network modeling small details (small set of

pixels) in the image is obtained. Unlike, for high values of t (Figure 2(c)), global

details are modeled by the network. Figure 2 illustrates this transformation

for different values of the threshold t. As can be seen, when the value of t

is decreased, more edges are removed (ie. edges with high weight) and only

homogeneous regions (ie. edges with low weight) are kept connected.

While different existing methods in the literature suffer from image transfor-

mations such as rotation, our method is invariant to rotations and multi-scale
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analysis. The network modeling considers only the distance between pixels to

create the network. Thus, regardless of the rotation, the topology of the network

will be the same. Moreover, the use of different values for radius and threshold

enables multi-scale analysis of the image. While small values of the radius and

threshold characterize micro texture patterns, high values characterize macro

texture patterns.

(a) t = 0.12 (b) t = 0.31 (c) t = 0.59

Figure 2: Effects of different values of threshold t in a regular network. (a) For small values

of t, small details are modeled, (c) as the value of t is increased, global details are modeled

(ie. more heterogeneous regions are connected).

2.3. Signature

For the characterization of the network, the probability density function ρ(i)

of the vertex degree is considered. The following features were computed: the

mean, the variance and the Kurtosis as well as the entropy as a measure of

the irregularity of the texture and the Inverse Difference Moment (IDM) as a

measure of the homogeneity of the texture.

• Mean:

φ =

k∑
i=0

iρ(i) (8)

• Entropy:

H = −
k∑
i=0

ρ(i) log2[ρ(i)] (9)

• Variance:

ν =

k∑
i=0

ρ(i)(i− µ)2 (10)
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• Kurtosis:

κ =

∑k
i=0 ρ(i)(i− µ)4

σ4
(11)

• Inverse Difference Moment (IDM):

d =

k∑
i=0

1

i2 + 1
ρ(i) (12)

These measures are computed over a network built with a radius r and a

threshold t. In order to obtain a multiscale CN analysis, the mean feature φt

is computed for various values of t. The values of t are in a set of threshold

{t0, t1, ..., tn} that is defined by an initial threshold value t0, a final value tn and

the number of thresholds n. Therefore, a feature vector Ψφ
r is constructed by

concatenating features φt using several values of t,

Ψφ
r = [φt0 , φti , ..., φtn ]. (13)

This feature vector contains temporary characteristics of the network ac-

cording to the value of the threshold, which is tuned during the classification

task. Then, we consider a feature vector Υφ that combines the feature vectors

Ψφ
r for different values of the radius r,

Υφ = [Ψφ
r1 ,Ψ

φ
r2 , ...,Ψ

φ
rm ]. (14)

Following the steps above, for each network measure, a feature vector is

constructed as: mean Υφ, entropy ΥH , variance Υν , kurtosis Υκ, IDM Υd.

Finally, a final feature vector combining different network features is computed.

In Section 4.2, different experiments are performed in order to identify the best

combination of the network features.

2.4. Automatic threshold selection

Many methods based on complex networks present as a limitation the num-

ber of parameters used to build the set of thresholds, T . As described in Section

2.3, this set is defined by an initial threshold t0, a final threshold tn, and a
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number of thresholds n. In [21], the authors evaluated empirically these three

parameters for different databases.

In order to define the set of thresholds, we employed an approach inspired

from [27], which is based on modeling a Gaussian distribution of the edges of the

set of training images. Compared to other techniques in the literature, the main

advantage of the proposed approach is the automatic definition of the threshold.

Initially, the complex network C = (V,E) is built for each image I ∈ Z, where

Z is the set of training images of size |Z|. In this work, the set Z is composed of

10% of the samples of each class. At this step, the edges’ weights of all |Z| ∗ |E|

connections are computed, while the threshold cutting over the network edges

is not yet applied. Once the edges’ weights are computed, the mean µ, and

standard deviation σ, for all training images in Z are estimated as follows:

µ =
1

|Z| ∗ |E|
∑
I∈P

∑
(v,v′)∈EI

ω(v, v′) (15)

σ =

√√√√ 1

|Z| ∗ |E|
∑
I∈P

∑
(v,v′)∈EI

(ω(v, v′)− µ)2 (16)

Using the three-sigma rule and these two measures, it is possible to define

the initial and final threshold values that ensure a minimum coverage of the

edges’ weights distribution, as follows:

t0 = µ− ασ

tn = µ+ ασ.
(17)

The parameter α regulates the covering rate of the distribution. In this way,

α = 1 covers approximately 68.27% of the distribution. On the other hand,

α = 3 covers approximately 99.73%. Thus, it is possible to define the set of

thresholds {t0, t1, ..., tn} for the whole database automatically by adjusting only

α and the number of thresholds n.
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3. Data

3.1. Patients

The data used in this paper was obtained from the OsteoArthritis Initiative

(OAI) database (available at [23]), which was developed to investigate knee

health in patients at chance for knee OA [28]. The study selected only computed

radiography (CR) to avoid digitizing problems, and the different populations

were divided based on K&L grades. As mentioned previously, the present work

is focused on the early detection of knee OA. Thus, only K&L grade 0 and

2 were considered for severe OA, while grades 1, 3, and 4 were not used due

to they are not compatible with the early detection task. Thus, in this study,

only K&L grade 0 and 2 were considered. Radiographs with K&L grade 0 were

considered as normal knee or Control Cases (CC) and radiographs with K&L

grade 2 were considered as OsteoArthritis Patients (OP). Consequently, 688

knee radiographs were used (344 from CC subjects and 344 from OP subjects).

3.2. Regions Of Interest (ROI)

A semi-automatic approach was employed to obtain the trabecular bone

ROIs. First, four anatomical markers as shown in Figure 3 were defined man-

ually by a trained operator. Then, the tibial edge was calculated with the

geodesic distance as the brightest path going through these anatomical markers

[10]. Finally, an ROI of 128 × 128 pixels was placed in the tibial region under

the cortical bone (tibial edge) and the horizontal adjustment was determined as

the center between extremities. Figure 4 shows two examples of ROIs (CC and

OP) which are modeled as networks in Figure 5. For visualization purpose, the

image size is 32 × 32 pixels. For each extracted ROI, a network with specific

characteristics of the K&L grade is generated. As can be seen, the regions more

homogeneous of the ROIs are more connected in the network while the border

regions are disconnected. This shows that the complex network topology reflects

the main characteristics of the images.
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Figure 3: Segmented Knee using a semi-automatic method. Red dots represent the anatomical

markers manually defined. The dashed line represents the tibial edge.

(a) CC (b) OP

Figure 4: Example of ROI images for K&L grade 0 (CC) and K&L grade 2 (OP).
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(a) CC

(b) OP

Figure 5: ROI images shown in Figure 4 modeled as complex networks.
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4. Results and Discussion

4.1. Experimental setup

To perform the experiments, 344 CC X-ray images (CC) and 344 OP X-ray

images (OP) were considered. In the experiments, we adopted three classifiers:

the Support Vector Machine (SVM) with a linear kernel, k-Nearest Neighbors

(k-NN) with the Euclidean distance and k = 9 and the Linear Discriminant

Analysis (LDA). Parameters and configurations were optimized to make the

classifiers work optimally. To evaluate our approach, the leave-one-out cross-

validation scheme was adopted. It consists of separating in each trial one sample

from a given class for testing, while the remaining samples are used for super-

vised training. This process was repeated using all N samples to test. As a

performance measure of this scheme, we used the accuracy A = C
N in which C

is the number of samples correctly classified. We also computed the sensitiv-

ity and the specificity to measure the ability of the method to correctly detect

positive and negative cases, respectively.

4.2. Parameter analysis

In this section, the parameters of the proposed complex network and their

impact on knee OA prediction are analysed. These parameters are: the set

of radiuses R = {r0, r1, ..., rm} and the set of thresholds T = {t0, t1, ..., tn}.

To investigate their influence, only the mean feature φ is considered in the

classification. The performance of the statistical measures used to characterize

the network are also analyzed.

First, in order to define the set of thresholds T , the initial and final thresh-

olds (t0 and tn) are computed according to the automatic threshold selection

approach described in Section 2.4. To evaluate Equation 17, we used values of

α varying from 1.2 to 2 by step of 0.2. Figure 6 shows estimated accuracy rates

as function of α and the number of thresholds n using the SVM classifier. As

can be seen, low values of α produce low accuracy rates, while increasing the

value of α increases accuracy rates. Such behavior was expected: larger is α,
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larger is the difference between the thresholds. Consequently, features obtained

for each threshold are not similar to each other. The highest accuracy rates

were obtained with α = 1.8. Thus, using α = 1.8, the corresponding threshold

interval is [0.0012, 0.5808] (t0 = 0.0012, tn = 0.5808)

Concerning the number of thresholds n, the set of thresholds T was divided

into n equidistant values between t0 and tn. Figure 6 shows obtained accuracy

rates by varying n from 3 to 15 for different values of α. As can be seen,

accuracy rates tend to increase when n is increased. This occurs because large

values of n enlarge the size of the feature vector. However, larger feature vectors

may not always guarantee better relevant features in terms of recognition and

classification. Setting n = 9 seems to be a good compromise for a high accuracy.

70
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Figure 6: Accuracy rate for different values of α and n using the SVM classifier.

We also evaluated the combination of feature vectors Ψφ
r for several values

of the radius r. As Table 1 shows, the highest accuracy rate is obtained using

r = {1, 2, 3}. Results also show that the performance is improved when the

radius is increased from r = {1} to r = {1, 2, 3}. Then the accuracy becomes

constant with more combinations. A higher value of r models a more dense CN,

i.e., connects more distant vertices to each other, capturing global information
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of the texture. This suggests that local information are more relevant in terms

of classification than global ones. This is consistent with our expectations as we

are investigating the trabecular bone texture for knee OA prediction.

Table 1: Obtained accuracies for different combinations of the radius using the mean feature

φ and the SVM classifier.

Radius Number of features Accuracy (%)

{1} 10 77.33

{1, 2} 20 78.20

{1, 2, 3} 30 78.34

{1, 2, 3, 4} 40 78.34

{1, 2, 3, 4, 5} 50 78.34

As the appropriate sets of thresholds and radiuses were defined, we decided

to study the influence of the statistical measures used to characterize the net-

work. In this experiment, we also evaluated three different classifiers: the SVM,

the k-NN (with k = 9) and the LDA. Table 2 shows obtained accuracies for

different statistical measures and their combinations using the three classifiers.

As can be seen, the SVM achieved the highest accuracies in most cases when

compared to the other classifiers. Results also show that when considered indi-

vidually, kurtosis features have the highest capacity to discriminate a CN and

thus knee OA patterns. When the different features are combined two-by-two,

the highest accuracy is obtained using the variance and the entropy (80.81%

in both classifiers SVM and LDA). On the other hand, when three features are

combined, the best result is achieved with variance, kurtosis and IDM. However,

the best accuracy was achieved when the mean, variance, kurtosis and IDM fea-

tures are combined (81,40% using the SVM classifier). Compared to the other

combinations, this combination produces the highest accuracy with a smallest

number of features.

We also analyzed the correlation between the statistical measures computed

from the CNs to compose the feature vector. For this, the Pearson correlation

coefficient was applied between the pairs of measures used to compose our fea-
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Table 2: Obtained results using the proposed approach for different feature vectors and their

combination using the best configuration defined in Table 1 and the three classifiers.

Combined features
N. of features

Accuracy rate (%)

Mean Variance Kurtosis Entropy IDM SVM k-NN LDA

X 30 78.34 76.45 78.77

X 30 78.20 78.34 79.79

X 30 78.92 78.05 78.48

X 30 77.76 76.45 79.36

X 30 78.05 77.90 78.77

X X 60 77.33 77.90 79.36

X X 60 80.38 76.74 80.08

X X 60 78.05 76.88 79.36

X X 60 78.05 77.03 79.65

X X 60 79.65 78.77 79.79

X X 60 80.81 78.34 80.81

X X 60 77.77 77.61 79.65

X X 60 80.09 78.19 79.36

X X 60 79.51 76.74 79.79

X X 60 78.63 77.47 79.65

X X X 90 80.96 78.34 79.50

X X X 90 80.67 78.63 78.92

X X X 90 78.49 78.19 79.36

X X X 90 80.38 78.19 79.50

X X X 90 78.92 76.59 78.63

X X X 90 79.51 77.32 80.23

X X X 90 81.40 78.63 78.77

X X X 90 80.96 78.34 79.94

X X X 90 80.81 78.34 79.21

X X X 90 80.52 77.61 79.50

X X X X 120 80.81 77.76 78.34

X X X X 120 81.69 78.48 78.92

X X X X 120 80.96 78.05 78.92

X X X X 120 80.81 78.19 78.48

X X X X 120 80.52 77.90 78.05

X X X X X 150 80.38 77.47 78.34
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ture vector. The Pearson coefficient quantifies the linear correlation between

two variables, with values ranging from -1 (for negative correlation) to 1 (for

positive correlation) and 0 for no correlation. In our final feature vector, the

statistical measures are computed from 30 sub-CNs that are modeled by 3 dif-

ferent radius (r = {1, 2, 3}) and transformed by 10 threshold values, resulting in

30 features per measure. Thus, 30 correlation coefficients are obtained for each

pair of measures. Figure 7 shows the Pearson coefficients estimated for the six

pairs of measures used in the feature vector. As can be seen, there is a certain

correlation between the features in some CNs (each feature represents a derived

CN), which is expected because these parameters are estimated from the same

histogram. However, note that there is a high correlation between the Mean

and the other measures, and especially with the IDM. This correlation is also

seen in the classification experiment in Table 2.

4.3. Comparison to other approaches

4.3.1. Comparison to texture based analysis methods on the same data from OAI

In this section, our proposed approach is compared to texture based anal-

ysis methods for OA classification. We implemented four well known texture

analysis methods: Gray Level Co-occurrence Matrix (GLCM) [29], fractal anal-

ysis [30], Local Binary Pattern (LBP) [31] and the Completed Local Binary Pat-

tern (CLBP) approach [32]. The GLCM is a statistical technique that considers

the spatial relationships of the gray-scale pixels for texture analysis [29]. This

method computes the occurrence of two pixels according to a given difference

in the gray intensity and a value of inter-sample spacing d. In this experiment,

we adopted the distances (0, d), (−d, d), (d, 0) and (−d,−d), two inter-sample

spacings (1 and 2) and the following GLCM features were evaluated using the

cooccurrence matrix: contrast, correlation and homogeneity.

Fractal analysis is widely used for trabecular bone texture characteriza-

tion [33, 34, 35, 36]. In this study, we considered the method proposed by

Backes et al. [30] which analyzes the complexity of the surface generated from

a texture by applying the Bouligand-Minkowski fractal dimension [30]. The
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Figure 7: Pearson correlation coefficients between pairs of measures used to compose the

feature vector. For each pair of measures, the Pearson coefficient is computed for the 30

features obtained from the 30 sub-CNs.
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LBP [31] method is a popular texture descriptor that computes the frequency

of local representations of texture. Each local representation is constructed by

comparing each pixel with its neighborhood of pixels. We use the radius = 3,

neighbourhood = 24 with uniform patterns that obtains 256 features. The

CLBP [32] method is an extension of the traditional LBP. CLBP builds three

operators (CLBP C, CLBP S and CLBP M) based on the local difference sign-

magnitude transform of pixels. In our experiments, we used the joint 3D his-

togram (denoted as CLBP S/M/C), radius = 2 and neighbourhood = 24 with

rotation invariant uniform patterns. The method produces a total of 648 fea-

tures. The SVM classifier was retained for purpose classification. Table 3 shows

that the proposed method achieves the highest accuracy when compared to tex-

ture based analysis methods. Compared to the fractal method which achieved

the highest accuracy among texture based methods, our proposed network in-

creases the accuracy from 78.63% to 81.69%, which is significant in the context

of knee OA prediction.

4.3.2. Comparison to existing studies using same and different samples

In this section, our results are compared to existing studies. First on the

same samples as ours from the OAI database [10, 7, 11]. Then to other published

studies using OAI samples different from ours [8, 9]. As can be seen in Table 3,

results show that our proposed method is competitive with the highest accuracy

(81.69%), followed by the work of [8] (80.40%). Note that in [8], although the

samples are from the same database, they are different and fewer. Woloszynski

et al. [9] reached an accuracy of 78.80% with 137 X-ray images.

4.4. Comparison to deep learning based models

4.4.1. Comparison on the same samples from OAI database

We also compared our approach to the following deep learning models:

AlexNet [37], VGG-16 [38], GoogleNet [39], InceptionV3 [40], Resnet101 [41],

Resnet50 [41], DenseNet201 [42] and EfficientNetb7 [43]. These learning models

were used following two experiments.
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Experiment 1: Fine Tuning (FT)

In this experiment, the initial weights learned from the ImageNet dataset

were used to fine-tune each model. Then, the last fully-connected layers were re-

placed to correspond to our number of classes (CC & OP). We adopted the Adam

optimization algorithm for training, 100 epochs, momentum 0.9, cross-entropy

loss function, and learning rate 0.0001 for InceptionV3, Resnet50, Resnet101,

and 0.00001 for AlexNet, GoogleNet, and VGG16. DenseNet201 and Efficient-

Netb7 were trained using the Adam optimization algorithm, 100 epochs, binary-

entropy loss function and learning rates 0.001 and 0.0001 for DenseNet201 and

EfficientNetb7, respectively.

Experiment 2: Global Average Pooling (GAP)

Here, the pre-trained weights from the ImageNet database were used to ex-

tract the features and the Global Average Pooling (GAP) over the feature maps

of the last convolutional layer were used as descriptors.

For AlexNet, VGG-16, GoogleNet, InceptionV3, Resnet101, Resnet50, we

used a 10-fold cross-validation scheme with 1-fold for testing, 1-fold for valida-

tion, and 8-folds for training; all folds were used for testing. These learning

models were imported from Matlab 2018a and the images resized to 224×224

pixels to feed the different learning models. For DenseNet201 and Efficient-

Netb7, we used a 1-fold scheme for testing and from the remainder folds, we

defined 20% for validation and 80% for training. For these two models, we used

the Keras 2.3 and TensorFlow 2.0 libraries in Python. For feature extraction

(experiment 2), the descriptors computed from the learning models were evalu-

ated with a leave-one-out cross-validation scheme along with the SVM classifier.

As can be seen on Table 3, in both experiments the proposed method

achieved the highest accuracy compared to the other models. Obtained sensi-

tivity and specificity using our approach are slightly lower than those obtained

using DenseNet201 and EfficientNetb7 models, respectively. The highest ac-

curacy, 79.94% achieved following ours, is reached by ResNet101. Note that

in both experiments, when the selected deep learning models are fine-tuned

(Experiment 1), better results are obtained compared to the feature extraction
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approach combining GAP and the SVM classifier (Experiment 2). Such be-

havior is expected because the deep learning models were pre-trained on the

ImageNet dataset that is a domain unrelated to OA images. Thus, when using

pre-trained models for feature extraction (Experiment 2), only more general

characteristics are extracted from the images, such those related to shape and

texture properties. In Experiment 1, fine-tuning the pre-trained models helps

to learn from the images more specific characteristics related to OA and thus

to improve the models for OA prediction.

4.4.2. Comparison with existing studies using different samples from ours

In this section, our proposed complex network is compared to existing learn-

ing model approaches proposed in the literature for knee OA classification.

Three studies were selected [14, 16, 17]. All were evaluated on data from the

OAI database. Results reported here are collected from the papers. As can

be seen in Table 3, the highest accuracy (82.53%) was achieved by the work of

Nasser et al. [17] followed by our proposed method (81.69%). In [14] and [16],

authors achieved an accuracy of 77.20% and 79.65%, respectively. As can be

noticed, using a small number of samples (688 X-ray images) from a public

database, our proposed approach obtains competitive accuracies compared to

the literature for knee OA detection.

5. Discussion and Conclusion

In this paper, using X-ray images, we have introduced a new approach based

on complex networks modeling and statistical measurements for early knee OA

detection. The proposed network approach enabled modelling the main charac-

teristics of the X-ray images and increased the separation between control and

OA groups. In terms of performance, compared to several methods of the lit-

erature, the proposed method achieved better scores in a detection task carried

out over a challenging dataset from the OAI database.

Previous works have already shown the interest of texture analysis based

methods [7, 8, 9, 11] and model learning based methods [14, 16, 17] to separate
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Table 3: The classification rates of the proposed method compared to existing studies in the

literature.
Method No. of X-ray images Sensitivity (%) Specificity (%) Accuracy (%)

Traditional

descriptors

GLCM 688 79.36 75.00 77.18

Fractals 688 82.85 74.42 78.63

LBP 688 70.06 72.09 71.08

CLBP 688 68.31 67.15 67.73

Shamir et al. [8] 193 81.40 79.30 80.40

Woloszynski et al. [9] 137 76.80 80.90 78.80

Riad et al. [11] 688 85.47 75.29 80.38

Deep CNNs:

Fine-Tuning

AlexNet 688 79.94 70.64 75.29

VGG-16 688 73.98 71.22 73.98

GoogleNet 688 78.20 72.38 75.29

InceptionV3 688 78.20 67.15 72.67

ResNet101 688 76.74 83.14 79.94

ResNet50 688 74.71 77.32 76.02

DenseNet201 688 94.48 62.79 78.63

EfficientNetb7 688 53.20 97.96 75.62

Deep CNNs:

GAP+SVM

AlexNet 688 79.07 69.19 74.13

VGG-16 688 77.33 68.31 72.82

GoogleNet 688 65.41 53.20 59.30

InceptionV3 688 77.62 67.73 72.67

ResNet101 688 65.70 63.37 64.53

ResNet50 688 72.09 63.66 67.88

DenseNet201 688 77.91 73.55 75.73

EfficientNetb7 688 77.03 65.41 71.22

Other learning

based studies

Antony et al. [14] The whole OAI database NA NA 77.20

Tiulpin et al. [16] 16384 NA NA 79.65

Nasser et al. [17] 2600 NA NA 82.53

Proposed method Complex Networks 688 77.62 85.75 81.69

OA progressors from non progressors. Janvier et al. [7] estimated the Hurst

parameter H using fractal signature analysis, a quadratic variations estimator

and the Whittle estimator. Combined to Joint Space Narrowing and clinical

covariates, an AUC of 0.73 was reached. Shamir et al. [8] used different trans-

form and texture analysis methods (Wavelets, Fourier, Chebyshev, Haralick) to

extract different features. Using a dataset of 193 knee X-ray images, authors

obtained an accuracy of 80.4% for classifying minimal OA (KL grade 2) from

normal knees (KL grade 0). Woloszynski et al. [9] have investigated the abil-

ity of Signature Dissimilarity Measure (SDM) to predict OA progression over a

4-year period, authors reached an accuracy of 78.8% on a dataset of 137 X-ray

images. Riad et al. [11] used the Undecimated Dual Tree Complex Wavelet
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Transform (UDTCW) and the statistics of a new relative phase to extract new

features related to OA. Using the SVM classifier and considering more neighbors

in the relative phase they could reach an accuracy of 80.38% on a dataset of

688 knee X-ray images.

In regard to learning based methods for knee OA classification, Antony [14]

et al. employed deep Convolutional Neural Networks (CNNs) to automatically

detect knee joint regions and classify the different stages of knee OA severity.

Using the whole OAI database, authors achieved an accuracy rate of 77.20%.

Tiulpin et al. [16] proposed an approach based on Deep Siamese Convolutional

Neural Network, which reduces the number of learnable parameters compared

to standard CNNs. They used 16 384 knee X-ray images from the OAI database

and obtained an accuracy of 79.65%. More recently, Yassine et al. [17] proposed

a Discriminative Regularized Auto-Encoder (DRAE) based on Auto-Encoders.

More specifically, authors combined a penalty term, called discriminative loss

with the standard Auto-Encoder training criterion to force the learned represen-

tation to contain discriminative information about OA. Using the SVM classifier

and 2600 knee X-ray images, an accuracy of 82.53% was reached.

5.1. Processing time analysis

Concerning the processing time for CNs computations, we used MATLAB

R2017a and a system with an Intel (R) Core (TM) i7-3610QM CPU @ 2.30Ghz,

16 GB RAM, 64-bit Operating System. Our proposed method took on average

0.13 s for feature extraction from an image. On the other hand, the CLBP, Frac-

tal, GLCM and LBP methods took on average 2.34 s, 0.97 s, 0.02 s and 0.004

s, respectively. These results show that the proposed method is also resource

competitive, presenting a good trade-off between performance and processing

time.
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5.2. Strengths and limitations

This study has several important strengths. The database used is composed

of 688 subjects with publicly available knee radiographs and grading (344 from

control subjects and 344 from OA Patients). Both control and OA cases had

KL=0 at baseline. Thus, we believe that the findings of the proposed method are

probably representative of early subchondral bone changes that happen before

definite radiological OA detection on simple radiographs in the central compart-

ment of the tibia. Also, this dataset had multicenter radiographs obtained using

different devices. In other terms, the complex network was not tuned according

to the equipment or to the clinical center. Thus, achieved predictions reflect the

results of a multicenter cohort. In addition, the set of thresholds used for our

proposed complex network is defined automatically.

This work has limitations that have to be considered. Only a region at the

center of the subchondral bone was considered, it might be relevant to consider

other regions from the central and medial regions of the tibia. Other regions

can also be considered from the femoral bone, for which, at our knowledge,

few studies have been devoted. This would be relevant to classify the patients

into different groups (lateral/central/medial combined with tibial/femoral). Re-

garding Complex Network characterization, to overcome feature correlation and

increase the accuracy, new ways to characterize the complex network can be

considered. Complex network modeling can be studied further to improve the

representation of knee OA patterns and to optimize the parameterization for

OA prediction. We also believe that more sophisticated techniques based on

complex networks can supply a better classification performance. Thus, this

study opens a promising research field for knee OA prediction based on com-

plex network models.
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