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Texture Based Automated Segmentation of Skin Lesions using Echo 
State Neural Networks 
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Abstract – A novel method of Skin lesion segmentation based on the combination of Texture and 
Neural Network is proposed in this paper. This paper combines the textures of different pixels in the 
skin images in order to increase the performance of lesion segmentation. For segmenting skin lesions, 
a two-step process is done. First, automatic border detection is performed to separate the lesion from 
the background skin. This begins by identifying the features that represent the lesion border clearly by 
the process of Texture analysis. In the second step, the obtained features are given as input towards the 
Recurrent Echo state neural networks in order to obtain the segmented skin lesion region. The 
proposed algorithm is trained and tested for 862 skin lesion images in order to evaluate the accuracy of 
segmentation. Overall accuracy of the proposed method is compared with existing algorithms. An 
average accuracy of 98.8% for segmenting skin lesion images has been obtained. 
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1. Introduction 
 
Skin Cancer is the deadliest form of cancer, with an 

estimated 76690 people being diagnosed with melanoma 
and 9480 people dying of melanoma in the United States 
in 2013. In the United States, the lifetime risk of getting 
melanoma is 1 in 49 [1]. Melanoma accounts for approxi-
mately 75% of deaths associated with melanoma. It is a 
malignant lesion of the melanocytes and usually occurs on 
the trunk or lower extremities [2]. Dermoscopy is a non-
invasive skin imaging technique that uses optical magni-
fication to make the contact area translucent, making 
subsurface structures more easily visible when compared to 
conventional clinical images. With the rising occurrence 
rates in certain subsets of the general population, it is 
useful to screen for melanoma in order to detect it in earlier 
stage. Hence an automated skin lesion segmentation 
algorithm has been proposed in order to increase the 
survival rate. Recent literatures with automated skin cancer 
segmenting methods tries to adapt the algorithms for 
analysing images taken by a standard digital camera [7]. A 
new method for segmenting skin images using the texture 
descriptiveness (TD) and Neural Networks is proposed by 
jisha et al in [15]. In their methodology, the TD captures 
the dissimilarity between different texture distributions 
present in the images.  

Regions in the image are classified as based on TD 
metric. In this TD algorithm, the image is converted into 
XYZ color space. A TD metrics is calculated for each 

texture distribution based on the probability of it being 
similar to other texture distributions [8]. This information 
is combined with the contents of each region to determine 
a regional TD metric. The main difference between the 
proposed method and this method is the usage of GLCM 
features instead of Texture descriptiveness. The majority 
of algorithms only use features derived from pixel color 
to drive the segmentation. Stoecker et al. [18] proposed a 
novel texture based algorithm in skin images using basic 
statistical approaches such as the gray-level co-occurrence 
matrix and region merging [8]. From their algorithm, 
they found that texture analysis could accurately find 
regions with a smooth texture and it can be applicable for 
segmentation and classification of skin lesion images. 

A modified algorithm proposed by Xu et al. [19] trains a 
model of the normal skin texture using pixels in the four 
corners of the skin lesion image in order to find the lesion 
present in it.  

Jeffrey et al [1] proposed a new methodology for 
segmenting and classifying the skin lesion images. They 
segmented the lesion present in the skin images Using Joint 
Statistical Texture Distinctiveness method which results 
in accuracy of 93.28 % of segmentation. A Combination 
of several image processing techniques with Support 
Vector Machine was proposed in [20]. Initially the skin 
border was detected by JSEG algorithm. It included three 
main phases’ namely preprocessing, segmentation, and 
post processing. The preprocessing phase included image 
smoothing using a color median filter, color reduction 
using the variance-based quantization method and appro-
ximate lesion localization based on the Otsu thresholding 
method. Then the features are given as input to the Support 
Vector Machine in order to segment the optimal skin lesion 
region. An average specificity of 92.34% and a sensitivity 
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of 93.33% were obtained for 564 skin lesion images.  
A combination of Semi-automatic and manual method 

was proposed by Menzies et al in [22]. They used n 
Logistic regression based classifier for classifying the 
segmented lesions. They applied their algorithm for 2430 
skin lesion images and obtained an average specificity of 
65% and a sensitivity of 91%. Stolz et al [23] introduced 
a simplified the dermoscopic diagnosis of melanocytic 
skin lesions by modifying the ABCD rule used for clinical 
diagnosis, known as the ABCD rule of dermoscopy 
(asymmetry, borders, colors and dermoscopic structures). 
This method adopts a scoring system that permits the 
diagnosis of melanoma. Nachbar et al. modified this 
method in a prospective study showing a specificity of 90% 
and a sensitivity of 93% in the diagnosis of melanoma [24]. 
From the works found in the above literature, it has been 
observed that most of the existing works shows less 
accuracy in segmenting skin lesion images. Therefore, it is 
necessary to propose a new and efficient technique to 
segment the skin lesions. 

 
 

2. Materials and Methods 
 

2.1. Border detection 
 
The first step in the computerized segmentation of skin 

lesion images is the identification of the lesion borders. 
For border detection, an automated unsupervised border 
detection method [3, 16] was used. The overall architecture 
of the proposed methodology is illustrated in Fig. 1. 

 
2.2. Feature extraction 

 
In this section, the features that were used to characterize 

the skin lesion from the outer structure is described. Texture 
provides some important features about the structural 
arrangement of various surfaces. Texture features are used 
to classify the possible sites of nodules that have been 

identified with previous processing [5]. Gray Level Co-
Occurrence Matrix (GLCM) features are calculated for the 
regions present inside the border of the shin lesion image. 
The fourteen textural features proposed by Haralick et al [4] 
contains the information about image texture and its 
characteristics. In general, GLCM creates grey-co matrix 
by calculating the frequency with which a pixel with grey-
level (greyscale intensity) value ‘i’ occurs horizontally 
adjacent to a pixel with the value ‘j’. Each element (i,j) in 
GLCM specifies the number of times that the pixel with 
value ‘i’ occurs horizontally adjacent to a pixel with value 
‘j’. Subsequently, the other features such as correlation, 
energy, contrast, homogeneity are obtained. The obtained 
features are given as input towards the Recurrent Echo 
state neural networks (ESNN) for training in order to 
obtain the segmented lesion region 

 
2.3. ESNN with texture topology 

 
Echo state network [13, 14] is a recurrent discrete-time 

neural network with S input units, X internal (reservoir) 
units, and Y output units. Connection weights and the input 
weights in the ESNN reservoir are randomly generated. A 
typical echo state neural network has three layers such as 
an input layer, middle layer and an output layer. The 
activation function [25, 21] of the input layer, middle layer 
and the output layers at time t can be calculated by the 
following equation. 

 
WS(t) = (s1(t) + s2(t) + ..... sn (t)) (1) 

 WX(t) = (x1(t) + x2(t) + ..... xn (t)) (2) 
 WY(t) = (y1(t) + y2(t) + ..... yn (t)) (3) 

 
The connections between the input units and the internal 

units are given by an S × X weight matrix V, connections 
between the internal units are collected in an X × X weight 
matrix W, and connections from internal units to output 
units are given in X × Y weight matrix U [10]. The input 
units are updated based on the following equation  

 
Fig. 1. Architecture of the proposed segmentation algorithm. 
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Fig. 2. Proposed ESNN with texture topology 

 
S (t + 1) = f (Vs (t + 1) + Wx (t)) (4) 
 
Where, f is the reservoir activation function which is a 

“tanh” sigmoidal function. The output units are updated 
based on the following equation  

 
Y (t + 1) = f (Uy (t + 1) + Wx (t)) (5) 
 
The nodes between the input layer and the hidden layer 

are connected such that the output node from the output 
layer is fed back towards the hidden layer. The Proposed 
topology in Fig. 2 consists of three layers. The layer 1 is 
the input layer (WS(t)). Layer 2 is the hidden layer (WX(t)) 
and layer 3 is the output layer (WY(t)) which contains 
reservoirs (nodes). 

 
2.3.1. Working principle of ESNN  

 
The ESNN is trained with training patterns obtained 

from texture analysis in order to obtain the final weights. 
During the testing of ESNN algorithm, a pattern from the 
moving window is processed with already trained weights 
to obtain an output in the output layer of ESNN. The 
training and testing procedures are given below. 

 
Training ESNN  
In order to segment the image, the three features of the 

windows are presented in the input layer and the 
corresponding target outputs (0.1 or 0.9) are presented in 
the output layer of the ESNN. A state vector is initialized 
with zero. The length of the state vector is equivalent to the 
number of nodes or reservoirs in the hidden layer of the 
ESNN.  

The number of reservoirs [26, 27] is decided based on 
the minimum segmentation error obtained in the segmented 
image. A new state vector is obtained by passing the 
summed value over an activation ‘tanh’. Hence, 100 state 

vectors are obtained if there are 100 training patterns. An 
ESNN matrix is obtained whose size is number of training 
patterns (100) X number of reservoirs (22). This matrix is a 
rectangular matrix and hence a pseudo inverse of the 
ESNN matrix is found and multiplied with the target values 
to obtain final weights. 

 
Testing ESNN  
The Texture features obtained from the 862 images are 

given as input to the input layer of the ESNN. The 
algorithm for testing ESNN is proposed in algorithm is 
shown below. The output of ESNN is obtained from step 3. 
The final value is compared with a threshold of 0.5. If the 
total value is <= 0.5, then 0 is assigned to the centre of 
window else 1 assigned. 

 
Algorithm for Testing or segmenting the image 

 
 
 

3. Results and Discussion 
 
Accuracy of segmentation has been evaluated in order to 

assess the performance of the proposed segmentation 
algorithm. In this section, we present the results of the 
proposed methodology in terms of qualitatively and 

Step 1: Input the Texture features obtained from 862 
images  

Step 2: Decide the number of reservoirs  
Step 3: Calculate state vector  

=tanh(WS(t) WX(t)) weights*Inputpattern+(WX(t)) weights* 
state vectorpresent+(WX(t) WY(t)) weights * Targetpattern).

Step 4: Estimated output = state vector * Wout. 
Step 5: Assign ‘0’ (black) or ‘255’ (white) in the new 

matrix which will be the segmented image. 
Step 6: The resulting image is the desired segmented 

output 

Step 1: Input the texture features obtained from 862 
images.  

Step 2: Decide the number of reservoirs. 
Step 3: Decide the number of nodes in the input layer = 3.
Step 4: Decide the number of nodes in the output layer = 

number of target values. 
Step 5: Initialize state vector (number of reservoirs) = 0. 
Step 6: Initialize random weights between input layer 

(WS(t)) and hidden layer (WX(t)). Initialize weights 
between output layer (WY(t)) and hidden layer 
(WX(t)). Initialize weights in the reservoirs. 

Step 7:Calculate state_vectornext = 
tanh ((WS(t) WX(t))weights*Inputpattern+(WX(t))weights* 
state vectorpresent+ (WX(t) WY(t))weights * Targetpattern).

Step 8: Calculate, a = Pseudo inverse (State vector all patterns).
Step 8: Calculate, Wout = a * T and store Wout for 

segmentation. 
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Table 4. Performance comparison of various segmentation 
techniques 

Existing Methods Sensitivity Specificity Accuracy 
SRM [8] 89.4% 92.7% 92.3% 

Otsu-R [9] 87.3% 85.4% 84.9% 
Otsu-RGB [10] 93.6% 80.3% 80.2% 
Otsu-PCA [6] 79.6% 99.6% 98.1% 

TDLS [1] 91.2% 99.0% 98.3% 
Proposed Method 90.6% 99.2% 98.8% 

 

 
Fig. 3. Comparative analysis of various segmentation 

techniques 
 
3.2 Segmentation performance in terms of number 

of objects  
 
The segmentation accuracy based on the number of 

objects [11, 29] is explained in this section. Segmentation 
accuracy based on number of objects Aprop is computed as 
follows 

 	100  (9) 

 (10) 
 (11) 

 
where and  are the region properties of the 
segmented and unsegmented images respectively. 

Table 1 shows the segmentation accuracy based on 
Sensitivity, Specificity and Accuracy and Table 2 shows the 
segmentation accuracy based on number of objects for all 
skin lesion images. From these tables, it can be observed 
that our proposed segmentation method provides an overall 
accuracy of 98.8% in segmenting the skin lesion images 
effectively. 

 
 

4. Comparative Analysis 
 
The proposed algorithm is compared with different 

lesion segmentation algorithms. Table 4 shows the detailed 
comparison of segmentation accuracy of the proposed 
method with five existing lesion segmentation techniques. 
The first algorithm (L-SRM) [8]. The second algorithm 
is (Otsu-RGB) [9], the third algorithm is (Otsu-PCA) the 
fourth algorithm is (TDLS) [1]. The segmentation algorithms 

are compared to manually segmented ground truth. The 
proposed algorithm compared visually and by calculating 
sensitivity, specificity, accuracy and also based on the 
number of pixels of the image to find the accuracy. From 
the table, it can be observed that the segmentation accuracy 
of the proposed methodology is higher when compared to 
the other existing methods for segmenting skin lesions 

 
 

5. Conclusions and Future Work 
 
In this paper, a new texture based neural network 

approach has been proposed for segmenting the skin lesion 
images effectively. The major advantage of using the 
Echo state Neural Network is to overcome the limitations 
of existing skin lesion segmentation techniques since it 
combines the textural features of different pixels present 
in the entire image and also increases the accuracy of 
segmentation. The combination of texture along with 
Neural Networks is used for entire area of the image. In 
order to measure the performance of the proposed method, 
the proposed algorithm is trained and tested for 862 
different skin slices. Overall accuracy of the proposed 
method is compared with five different skin lesion image 
segmentation techniques. The major contribution of this 
paper is an improvement in segmentation accuracy by 
combining neural network along with the texture features. 
Future works in this direction can be the proposal of a new 
methodology for classifying the different types of lesions 
and to analyze the time complexity of it. 
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