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ABSTRACT 
Background: Human body X-ray images may be considered as a first step towards diagnosing bone 
diseases and fractures. Such images were classified previously as belonging to one group of four which 
are body, head-neck, upper limbs, lower limbs. Objectives:In fact some images may contains parts from 
different groups two or more i.e compound images. So, they should be classified as multiple groups 
ones. This may serve exact diagnoses of bone diseases. This paper introduces a technique to classify two 
group x-ray images using NN's classifiers. Such classifiers are trained for multiple- group using 
transformation of the multi-output to a single output using a binary relevance method. Different 
threshold values are selected to discriminate between the four +ve groups in addition to one –ve group 
(images that do not belong to the human body parts). Three threshold selection schemes (one, five, and 
two threshold ones) are proposed. Algorithms and flowcharts are presented to explain the proposed 
schemes Results: Performance measures such as accuracy, sensitivity, precision, and hamming 
accuracy are considered. Images from ImageCLEF2015 were employed. Test results produced an 
accuracy of 84% for two group image classifications, using a two-threshold scheme. Conclusion: the 
two-threshold scheme produced the highest classification accuracy among the three proposed threshold 
techniques. 
 

KEYWORDS:X-ray bone classification; Neural network; threshold techniques; multiple group 
classification; 

 

INTRODUCTION 

 

The Medical x-ray image classification of human body has currently gained interest in many research 

studies [1-5].Such classification may be considered as a first step towards the mechanization of human body-

bone diseases and crack diagnoses. Owing to the continual increase in medical x-ray images for diagnoses 

purposes, demands for automatic analysing of such images have also increased. X-ray images are quite different 

from normal colour or gray images. They usually consist of gray parts displaying the bones in a dark 

background with very poor contrast between them. Fig. 1 shows samples of X-ray images. This makes 

acquiring different features, with essential significance from such images not guaranteed. This is the reason why 

processing results of X-ray images whether for classification or other purposes yield relatively low accuracies 

(within the mid-eighties percent) [2, 4]. In general automatic image classification requires mainly pre-

processing, feature extraction and a classification technique. However features are extracted mainly using edge 

histograms [6], local binary patterns (LBP) [1, 3, 7]., Scale-invariant feature transform (SIFT)[4], Gray Level 

Co-occurrence Matrix (GLCM) [8], and Canny edge operator [9].  
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The human body is normally divided into four groups termed positive (+ve) groups in ImageCLEF2015 

[2]. These groups are namely (i) Body (ii) Head and Neck, (iii) Upper-limbs, (iv) Lower-limbs. A fifth group 

contains images of objects that do not belong to the human body is also considered to support the classification 

results. Examples of images from the different groups are shown in Fig. 1. Previously, research interests were 

concentrated only on one group classification of x-ray images [10-12]. In fact some images may include parts 

from different groups as shown in Fig. 2. Accurate classification necessitates considering them as multi-group 

images. This paper deals with the classification of X-ray images of parts of the human body. An image may 

belong to one or more of five groups. This paper investigates classification of two-group X-ray images. 

However three techniques are developed in this paper that enable classification of an image as a one or a two-

group image. The first technique considers a single threshold for all groups and the second considers five 

thresholds, one for each group. The third employs only two thresholds. The paper is arranged as follows. 

Section 2, is a general consideration one that introduces definitions of accuracy as well as sensitivity, precision 

and hamming accuracy as applied to multi-group images. Section 3 presents the proposed techniques for 

classifying two-group X-ray images. Section 4, introduces two approaches for threshold selection. Sections 5, 

test results as derived using ImageCLEF2015 data base of x-ray images are discussed. Section 6 presents 

conclusions. 

 
Fig.1: Example of different group images 

 

 
Fig.2: Multiple-group X-ray images 

 

2. General considerations: 

In this section different forms of the performance measures of classification systems are presented and their 

relationships are discussed. 
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2.1. Binary classification: 

Classifying an input image into one of two classes is called binary classification[13]. In any binary 

classification system there are four basic outcomes: true acceptance (TA), true rejection (TR), false 

acceptance (FA), and false rejection (FR). Obviously there are two types of errors, false rejection (FR) and false 

acceptance (FA). The first error specifies the failure to reject a false classification (FA). The second error 

specifies incorrect rejection of a true classification (FR). For a single group classification (binary 

classification), accuracy is the proportion of true results (both true acceptance (TA) and true rejection (TR)) 

among the total number of cases examined as specified in (1).  

𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑨 +𝑻𝑹

𝑻𝑨+𝑻𝑹+𝑭𝑨+𝑭𝑹
         (1) 

On the other hand, sensitivity and precision are statistical measures of the performance of a binary 

classification test. Sensitivity as given by (2) measures how much the system deviates from supposed correct 

acceptances (total number of positives). Precision measures how much the system is precise in classifying 

images as true accepted as presented in (3). 

𝒔𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚 =  
𝑻𝑨

𝑻𝑨+ 𝑭𝑹
          (2) 

 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =  
𝑻𝑨

𝑻𝑨+ 𝑭𝑨
         (3) 

 

2.2. Multiple-group classification: 

In multiple-group classification (introduced as multi-label classification in some previous works[13, 14]), 

the input is to be classified into several classes or groups (two or more). Evaluation metrics for multiple-group 

classification performance are different from those used in binary classification. This is due to the difference in 

the classification problem. The classifier could either be of partial or complete class output matching. There are 

three different performance measures Hamming accuracy, normal accuracy, sensitivity and precision.  

The first perormance measure is Hamming losses and Hamming accuracy: Hamming losses is used to 

measure the fraction of wrong outputs to the total number of classes as shown in (4). The Hamming accuracy 

measures the correct outputs to the total number of classes as shown in (5). 

𝑯𝒂𝒎𝒎𝒊𝒏𝒈𝒍𝒐𝒔𝒔𝒆𝒔 =  
𝟏

𝑵
 

|𝒀𝒋≠𝒁𝒋)|

𝑳

𝑵
𝒋=𝟏         (4) 

𝑯𝒂𝒎𝒎𝒊𝒏𝒈𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 = 𝟏 − 𝑯𝒂𝒎𝒎𝒊𝒏𝒈𝒍𝒐𝒔𝒔𝒆𝒔 = 𝟏 −
𝟏

𝑵
 

|𝒀𝒋≠𝒁𝒋)|

𝑳

𝑵
𝒋=𝟏    (5) 

Where,Yj  is the accurate (desired) output vector of all groups for a test image j. Zj  is the actual output 

vector obtained from classifiers of all groups for a test image j.  N is number of input images. L is number of 

groups, and 𝒗  expresses the first norm of vector v. 

Forms of Equations (4) and (5) were expressed by Tsoumakas and Katakis[14], and also Sorower[15] in 

their survey work regarding multi-label classification in general. 

The Hamming accuracy of multiple-group image classifier can be shown to be equivalent to the average 

accuracy of multi- binary classifier. |Yj ≠ Zj)| is the vector length (sum) of misclassifications between the 

accurate (desired) and actual output for image j (i.e. FAj and FRj ). So, it can be rewritten for a single image as 

follows: 

|𝒀𝒋 ≠ 𝒁𝒋| =  𝑭𝑨𝒋𝒊  +  𝑭𝑹𝒋𝒊 𝟔 

𝑳

𝒊=𝟏

 

Where, FAji +  FRji  is the sum of the number of false acceptances and false rejections for an image j by the 

individual group i.For N test images, the Hamming losses is the summation of errors of such images i.e. (FAi + 

FRi ), divided by the total number of images.. So the Hamming accuracy may be redefined as follows: 

𝑯𝒂𝒎𝒎𝒊𝒏𝒈𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 = 𝟏 −
𝟏

𝑵𝑳
 𝑭𝑨𝒊  +  𝑭𝑹𝒊

𝑳
𝒊=𝟏       (7) 

Where, FAi and FRi are the numbers of false acceptances and false rejections by group i. 

The Hamming accuracy as given in (7) can be shown to be equal to the average accuracy of L groups as 

follows: 

𝒂𝒗𝒆𝒓𝒂𝒈𝒆𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝟏

𝑳
  

𝑻𝑨𝒊 + 𝑻𝑹𝒊

𝑻𝑨𝒊 + 𝑻𝑹𝒊+𝑭𝑨𝒊 + 𝑭𝑹𝒊
 𝑳

𝒊=𝟏                       (8) 

Any group alone was classified as binary classification. This means that thedenominator of (8) is equal to 

the number of test images (N), and hence TAi + TRi = N −  FAi + FRi .Therefore using the average accuracy 

as defined by (8) it can be easily shown to have the following form: 

𝒂𝒗𝒆𝒓𝒂𝒈𝒆𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  𝟏 −
𝟏

𝑵𝑳
 𝑭𝑨𝒊  +  𝑭𝑹𝒊

𝑳
𝒊=𝟏          (9) 

Which is the same as the Hamming accuracy as shown in (7). 

Normal Accuracy is the second performance measure of multiple-group classification is the normal 

accuracy. It may be defined as the number of correct outputs divided by the union of actual and accurate 

(desired) outputs (Z and Y)[14, 15] The correct outputs are calculated using logic AND operation between Y 

https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/True_positive
https://en.wikipedia.org/wiki/True_negative
https://en.wikipedia.org/wiki/True_positive
https://en.wikipedia.org/wiki/True_negative
https://en.wikipedia.org/wiki/Information_retrieval#Precision
https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/Binary_classification
https://en.wikipedia.org/wiki/Classification_rule
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and Z and is equal to TA. The union is calculated using logic OR operation between Y and Z and is equal to the 

sum of terms TA, FR, FA as shown in (10) and (11). 

accuracy =  
1

N
 

 Y j     Zj  

 Y j     Zj  

N
j=1          (10) 

Where,    is Logic AND,  is logic OR. Therefore, 

accuracy =  
1

N
 

 TA ij
L
i=1

 TA ij +FA ij +FR ij
L
i=1

N
j=1         (11) 

Where, the numerator may be expressed as  Yj    Zj  and denominator as Yj    Zj . 

The normal accuracy in (10) can be derived using the original accuracy definition of the binary 

classification of (1). But for multiple-group classification, a truly rejected image by one group would be truly 

accepted by another group. Therefore the TR term ought to be discarded from (1) for multiple-group 

classification. So the accuracy of multiple-group classification based on (1) may be expressed as shown in (11).  

The third performance measure of multiple groups is Sensitivity and precision. The 

sensitivity and precision can be calculated by dividing the number of correct outputs by the number of accurate 

(desired) outputs or actual outputs as shown in (12) and (13). 

sensitivity =  
1

N
 

 Y j     Zj  

 Yj    

N
j=1          (12) 

Precision =  
1

N
 

 Y j     Zj  

 Zj  

N
j=1         (13) 

 

3- Proposed techniques for classifying two-group x-ray images: 

In previously published work [10] , three main steps were considered which are feature extraction, neural 

network (NN) classifiers and a merging technique for one group classification. This paper introduces three 

different threshold techniques for multi-group classification. As was discussed previously [10], pre-processing 

of x-ray images is essential for image enhancing and noise removal. Histogram equalization [9] and median 

filters [9, 16] are employed for this purpose. Fig 3 shows the main steps of the proposed multi-group image 

classification. 

3.1. Feature extraction 
Five feature extraction techniques were employed in the previously published work [10] .Those techniques 

are pixel intensity value , Local Binary Patterns (LBP), global means of pixel value of the rows and columns, 

local means of pixel value of the rows and columns and local histogram. The three techniques yielding better 

results are considered in this work. Such techniques are intensity value, Local Binary Patterns (LBP), global 

means of pixel value of the rows and columns. 

 

 
Fig.3:The proposed multi-group group image classification steps. 

 

The pixel value of gray image carries intensity information of the resized image (32*32) yielding feature 

vector of 1024 element.  

Local-binary patterns(LBP)[17] extract the texture in a gray image It labels pixels in the neighbourhood of 

the assign which is the value of the assigned (centred) pixel. The resulting binary number is converted to 

decimal value repressing he pixel texture. Then a series of histograms are derived for the converted image and 

some of its sub images to reduce position variation effect. A feature vector currently construct of 1239 elements 

(59bin x 21 sub image) [10] 

Global means of rows and columns consider the mean value of each column and each row. A feature vector 

of 1024 element is then developed. 

https://en.wikipedia.org/wiki/Information_retrieval#Precision
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3.2.  NN's classifiers for multi-group: 

In multi-group image or multi-label classification problem, the input image is to be classified into two 

classes or more. To train a NN for multiple groups transformation methods are used [14, 15]. These methods 

transform the multi-group classification problem either into one or more single-group classification. The 

baseline approach, called the binary relevance method (BR) was adopted [15], i.e. amounts to independently 

train one binary classifier for each group. Before training time, the multi-group training data are transformed 

into single-group data (building a NN for each group). At testing time, single-group outputs are obtained and 

then translated into multiple-group outputs by combining the outputs from all NN's. Normalization of each 

group classifier outputs is implemented by dividing each one by their sum. This was done to obtain proportions 

of the image belonging to each group.  

Each of the three feature vectors developed above is assigned to a NN with two hidden layer for each 

group. The single output from each classifier is then combined and normalized to generate the five classifier 

outputs.  

 

3.3.Merged NN's outputs: 

Previously, in single group classification [10], the results obtained from each individual classifier were 

found to be rather unsatisfactory and a merging techniques is give better result. Therefore merging of the 

outputs from the three NN’s is carried out to obtain the final output for each image. 

The Normalized outputs from each classifiers are then merged using a weighted sum for each one. The 

weight of each classifier is taken equal to its accuracy as obtained from equation (1). The merged NN’s outputs 

are finally normalized as discussed before. 

 

3.4. Threshold techniques: 

Three threshold techniques are proposed and used to classify the compound X-ray images. Firstly, a single 

threshold is applied to all groups. Secondly, an individual threshold is applied to each one of the groups (five 

thresholds). Thirdly, two thresholds are proposed and applied to the maximum of merged NN outputs. 

 

3.5.1 A single threshold: 

In the single threshold technique, the output of each group is compared with a threshold value. If the value 

of a merged NN output is greater than such threshold the image belongs to the corresponding group. This means 

that if more than one output is greater than the threshold the image belong to more than one group.  

 

3.5.2 A threshold for each group: 

Instead of selecting a single threshold for all groups, a threshold is selected for each one. Each threshold is 

selected by minimizing the error in the corresponding group. 

 

3.5.3 Two threshold algorithm: 

The following algorithm specifies only two thresholds for all groups. In order to classify the image as 

belonging to two groups (positive groups), it must not be belonging to the negative group (group 5). The first 

threshold value is applied to the negative group if its output has the maximum value. The second threshold 

value is applied to the maximum of the merged NN outputs of the remaining groups. If an output value is 

greater than the threshold value the image would be belonging to a single group. Otherwise, it is more likely to 

have two parts belonging to two different groups. A flow chart of the proposed two threshold algorithm is 

shown in fig. 4 

 

4. Threshold selection: 

The threshold values of the threshold techniques described in section (3) depend on the database employed 

and, hence, are to be determined experimentally. The optimum threshold value is that minimizing the two types 

of error (FR, FA) for all groups or that giving the highest accuracy. Therefore in this section, the optimum 

threshold is selected by two different techniques Min Error Sum and Max Accuracy. 

 

4.1. Minimum error sum threshold selection: 

This method selects the threshold that minimizes the sum of the two types of error (FR + FA). A different 

threshold value from 0 to 1 is applied to the NN's output then FA and FR for each group are computed.  The 

Min Error Sum method selects the optimum threshold that corresponds to the minimum of the error summation. 

This method will produce the highest hamming accuracy because it is inversely propositional to that sum as 

shown in (7). 
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4.2. Maximum accuracy threshold selection: 

This method selects the threshold that gives the highest or optimum accuracy for multiple-group 

classification. A different threshold value from 0 to 1 is applied to the NN's output then the accuracy is 

calculated using (11). An optimum threshold that corresponds to the maximum accuracy is then selected. 

 

 
 

Fig. 4:Two threshold flow chart 
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Results: 

The ImageCLEF2015 database was employed [2, 18, 19].This database contains 500 images, 100 for each 

of the five groups (four +ve group, and one negative group). These images were available and were classified 

by ImageCLEF2015 as single group (class) images i.e. each belongs to one of the five groups as mentioned 

before. In fact, it was noticed that some images belong to more than one class (group) i.e. multiple-class images. 

Such images were considered in the following tests as indicated in Table 1. For example 20 images of the 25 

selected from the body group actually belong to one group. Accordingly the remaining 5 images belong to two 

groups. However, test images from the available database were randomly selected and utilized to obtain the 

optimum threshold values. Testing was carried out using 125 selected images (25 from each group). Table 1 

shows the number of single and multiple-group images in these selected ones. The number of test images 

belonging to each of the classification groups (whether single or multiple) are shown in Table 2. The numbers 

presented in this table are derived from Table 1 as the images of a single group plus those appearing with 

compound groups. Tests were carried out for different threshold values where both numbers of FR and FA were 

estimated. The two different techniques mentioned above were then applied to determine the optimum threshold 

values (Min Error sum and Max Accuracy) for the three proposed threshold algorithm as discussed in the 

previous section. NN's were trained for multiple-group output using the BR transformation and then tested. Test 

results for each threshold algorithm are shown in Table 3.  

 
Table 1: Number of single and multiple-group test images 

Single Group Two Group 

Group Names No Images Compound Group Names No Images 

Body 20 Body + Head-Neck 16 

Head-Neck 10 Body + Upper-Limb 8 

Upper-Limb 18 Body + Lower-Limb 5 

Lower-Limb 23   

Negative 25   

 

Table 2: Number of accurate classifications in each group of test images 

Body Head-Neck Upper-Limbs Lower-Limbs Negative 

49 26 26 28 25 

 
Table 3: Test results of multiple-group for merged NN's 

Threshold techniques Selection  

Method 

A
cc

u
ra

cy
 

H
am

m
in

g
 

A
cc

u
ra

cy
 

S
en

si
ti

v
it

y
 

P
re

ci
si

o
n

  Single  

 

Min Error Sum 80.4 92.3 82.4 86 

Max Accuracy 81.1 92.2 84.8 85.6 

Five  Min Error Sum 81.2 93.1 82 86.4 

Max Accuracy 82.7 92.8 88 87.2 

Two  Min Error Sum 84 93 87.6 87.6 

Max Accuracy 84 93 87.6 87.6 

 

5.1 A Single threshold: 

Different threshold values (as a single threshold) are applied to the NN's outputs then the FA and FR for 

each group are computed. Fig. 5a shows FR and FA at each threshold value from 0 to 1. As mentioned before 

the first optimum threshold corresponds to the minimum of error summation. However the sum of FR and FA is 

drawn in Fig. 5b where the optimum threshold is 0.4.This threshold value gives 80.4% accuracy and a hamming 

accuracy of 92.3 %.  The second technique considers that the optimum threshold is the one producing maximum 

accuracy. This is shown in Fig. 5c where the maximum accuracy is 81.1 % at a threshold value of 0.36 and the 

hamming accuracy is 92.2%. From Table 3 it is noted that the minimum of the error summation produces a 

little-bit higher Hamming accuracy than the max accuracy techniques. 
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Fig.5:Single threshold values against (a) the FA and FR  (b) Error Sum (c) Accuracy 

 

5.2. Five thresholds: 

Different threshold values for each of the five groups are applied to the NN's outputs. The optimum 

threshold is obtained for each group using also the min. error sum and the max. accuracy techniques. The 

optimum thresholds for the five groups using min of error sum and max accuracy are exhibited in Table 4 

below. These values are obtained by drawing FR and FA for each group similar to that carried out for a single 

threshold selection Fig. 5. The min error sum and max accuracy techniques produced accuracies of 81.2% and 

82.7% and Hamming accuracies of 93.1% and 92.8% respectively as shown in Table 3 

 
Table 4: optimum threshold values for the different groups 

Group Name 

 

Optimum Threshold Value 

Min Error Sum Max Accuracy 

Body 0.31 0.31 

Head-Neck 0.4 0.4 

Lower-limbs 0.46 0.26 

Upper-limbs 0.44 0.3 

Negative 0.44 0.44 

  

5.3. Two thresholds: 

A two threshold scheme is applied to NN outputs as discussed in section 3.4.3. The first threshold is 

applied to the negative group if its output has a max value. The second threshold is applied to the remaining 

groups if the maximum output does not belong to the negative group. The optimum of the two thresholds is 

obtained using min error sum and max accuracy techniques as well. Firstly, the sum of the two types of errors 

(FA, FR) versus the first and second thresholds is shown in Fig 6 (3-demention plot). The optimum thresholds 

at the min error summation are shown in Fig 7. The min error occurred in the range from 0 to 0.47 for the first 

threshold and at the value 0.54 for the second threshold. These values give classification accuracy and a 

hamming accuracy of 84% and 93% respectively. Secondly, the accuracy versus the two thresholds is shown 

Fig 8 (3-demention plot also). The optimum thresholds at the max accuracy are shown in Fig 9. A max accuracy 

of 84 % occurred in the range from 0 to 0.47 for first threshold and from 0.54 to 0.55 for the second threshold. 

Examples of test images i)one belonging to one +ve group is shown in Fig. 10 , ii) one belonging to two groups 

is shown in Fig. 11  and iii) one belonging to the –ve group is shown in Fig. 12. 

 

Conclusion and Future work: 

In this paper the classification of compound x-ray images has been discussed using NN's classifiers with 

three different threshold algorithms (single, one for each group, and two threshold algorithms).  The NN's were 

trained for multiple-output using a transformation of the multiple-group problem to a single group one using a 

binary relevance method (BR).  The optimum thresholds have been obtained using two different schemes (min 

error sum, and max accuracy). The min error sum gives optimum threshold values that minimize the summation 

of the two types of errors (FA, FR). It also gives the highest Hamming accuracy as Hamming accuracy depends 

only on the error losses. The max accuracy technique gives the optimum threshold values producing maximum 

accuracy.From test results, the two threshold algorithm produced classification accuracy and a Hamming 
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accuracy of 84 % and 93% respectively. These values are the highest among the three proposed threshold 

techniques. Also it gave sensitivity and a precision of 87.6% (Table 3). 

The proposed approach can be easily extended with new feature extraction methods, and can thus be 

applied to other domains. The proposed approach for merged classifier outputs can be easily applied to arbitrary 

domains with different feature extraction techniques with different sizes. Also, matching techniques may be 

employed for classification other than using NN.    

 

 
Fig.6:The sum of FR and FA versus the two thresholds (3-dimention plot) 

 
Fig.7:Threshold values that have minimum error summation 
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Fig.8:Accuracy versus the two thresholds (3-demention plot) 

 

 
Fig.9:Threshold values that have maximum accuracy 
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Fig.10:Example of test image belonging to only one group 

 
Fig.11:Example of test image belonging to two groups 

 

 
Fig.12:Example of test image belonging to the –ve group 
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