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Abstract — There are several current systems developed to 
identify common skin lesions such as eczema that utilize image 
processing and most of these apply feature extraction 
techniques and machine learning algorithms. These systems 
extract the features from pre-processed images and use them 
for identifying the skin lesions through machine learning as the 
core.  This paper presents the design and evaluation of a 
system that implements a multi-model, multi-level system using 
the Artificial Neural Network (ANN) architecture for eczema 
detection. In this work, multi-model system is defined as 
architecture with different models depending on the input 
characteristic. The outputs of these models are integrated by a 
decision layer, thus multi-level, which computes the probability 
of an eczema case. The resulting system has 68.37% average 
confidence level as opposed to the 63.01% of the single level, 
i.e. single model, system in the actual testing of eczema versus 
non-eczema cases. Furthermore, the multi-model, multi-level 
design produces more stable models in the training phase 
wherein overfitting was reduced. 

Keywords- Computer-assisted diagnosis, pattern recognition, 
skin lesion detection, Artificial Neural Network, multi-model 
multi-level systems. 

I.  INTRODUCTION  
Rural areas in developing countries often lack health 

services due to lack of medical facilities, lack of 
government aide, concentration on urban areas and 
inappropriate political decisions. This leads to high 
morbidity rates with disease such as common skin lesions 
like eczema due to people in these area tend to ignore their 
conditions [5], [7], [11]. The advancements of technology 
today can aid health workers and volunteers in addressing 
this problem by developing Computer-assisted diagnosis 
systems that can guide in diagnosing disease by utilizing 
pattern recognition schemes to identify skin disease present 
in an image. There are several systems [1] [2] [3] [6] that 
use image pre-processing and machine learning as the main 
means to identify skin lesions present in an image. These 
systems use the extracted features from images as training 
input to their machine learning models using different 
machine learning algorithms such as the Artificial Neural 
Network (ANN). Skin lesion detection, however, is 
challenged by various factors including, wide variability in 
skin color, redness, degree of severity, etc. 

A study by Karargyris et al [5] aims to develop an 
advanced image processing mobile application monitoring 

skin cancer. The application uses a smartphone mounted 
with a microscope to help screen for melanoma. It utilizes 
the use of ROIs, extraction texture and color features. The 
application’s extraction texture and color features uses two 
major categories of texture descriptors: (1) Haralicks texture 
features, which is based on the Gray Level Co-occurrence 
Matrix (GLCM) and (2) frequency based using Gabor 
wavelets. The Support Vector Machine (SVM) was used as 
the main machine learning architecture for their system. The 
system was able to achieve a classificastion accuracy of 
83%.  

The study by Arifin et al [1] developed a system that 
diagnoses skin disease using color skin images and resulted 
in 94.016% classification accuracy. The automated system 
detects if there is an anomaly in the skin and identifies the 
name of the disease. The image is first manually cropped 
and a color gradient is generated. The region of interest 
(ROI) which sets the threshold is applied and k-means 
clustering was performed on the color gradient. The study 
used GLCM and statistical features of three color channels 
to extract the features of their images. A feed-forward back 
propagation neural network was used as their machine 
learning algorithm. Note, however, that other than skin color 
features, their system used patient’s history in performing 
the classification. 

A study done by Sumithra et al [10] proposed a system 
that focuses on segmentation and classification of skin 
lesions for disease diagnosis. Their system used color, 
texture, and color histogram to represent the images. Similar 
to the study of Arifin et al [1], several statistical color 
channels where used for the color features, GLCM for the 
texture and color histogram features as the main features 
extracted from their data image set. They used and tested 
two classifiers, SVM and k-Nearest Neighbor (k-NN) as 
well as a fusion of both. Their system performed with an 
accuracy of 85% for the SVM and k-NN fusion, 78% for 
SVM, and 76% for the k-NN for their 20 trial with 70% of 
their training samples.  

A similar system was done by Chang and Liao [2] for 
automatic facial skin defect detection system. Their work 
locates the facial region and extracts the area of interest 
which will then be classified as normal condition, acne or a 
spot. In performing detection of acne or spot, texture-based 
features, i.e. GLCM rather than color attributes were used as 
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input the jnsupport vector machine classifier. The system 
was able to achieve 98% classification accuracy. 

Other studies proposed other methods such as the work 
by Fujii et al. [3] which focuses on extraction of acne lesion 
from acne patients from a multi spectral image (MSI).  The 
group states that visual detection from RGB images may be 
difficult to use for proper evaluation of acne skin lesions. 
They proposed an extraction method using spectral 
information of the various type of acne from MSIs. Their 
study did not include any numerical results. 

Leveraging from the results of these systems, it was 
observed that training a single level vanilla ANN system 
with one hidden layer for eczema detection suffers from 
overfitting in terms of change in accuracy. A factor that 
greatly affects this is the wide visual differences in eczema 
cases. The group hypothesizes that training specific models 
for each the set of eczema cases in the data set with similar 
visual characteristics will aid reduce overfitting and improve 
the overall performance of the system. 

Thus this work studies the design of a multi-model, 
multi-level ANN-based system that could identify the 
possibility of an eczema case. This system uses texture-
based features as input to the multi-model, multi-level 
system and is then compared to the performance of the 
vanilla ANN system. Section II provides a brief discussion 
on the features to be used, followed by the design of the 
multi-model, multi-level ANN system in Section III. 
Performance comparison and analysis are then presented in 
Section IV. Finally, conclusion and future works are 
discussed in Section V. 

II. TEXTURE-BASED ATTRIBUTE FOR THE MULTI-MODEL, 
MULTI-LEVEL ANN SYSTEM 

In a typical computer-assisted system for skin lesion 
detection, available mobile cameras could be used in 
capturing information about the skin condition, e.g. redness, 
texture and severity. However, when used as input to a 
pattern recognition transformation to fit the required input 
format, are required. 

The assumed inputs to the designed system are grayscale 
images of size 28×28 pixels. Transformation and 
normalization of images to this required format are thus 
performed as part of the preprocessing. Deblurring to 
minimize blurring, median filtering to reduce digital image 
noise, and contrast enhancement to remove the sensitivity to 
the lighting condition are then applied to the cropped images 
to highlight the details in the image.  

After pre-processing, the features will then be extracted 
and these features will later on be used for training the 
different models. The feature extraction module is divided 
into two sub-modules: (1) Color Features and (2) Texture 
Descriptors 

The color feature, on the one hand, being invariant to 
image scaling, translation and rotation, is good for skin 

lesion detection using mobile cameras. This could be 
extracted from the statistical representation of the image’s 
color, i.e. its histogram. Eight (8)-bit grayscale images can 
have 256 possible intensities for its pixel where the 
histogram. For color images, it is also possible to gather the 
individual color channels that will provide the specific 
histogram distribution for it. The basic application of 
histograms can provide some set of numerical values that 
could be used to distinguish the image to another. 

The texture descriptors, on the other hand, for this work 
will make use the approach described by Arifin et al [1] and 
Sumithra et al [10]. The proposed approach uses a Gray 
level Co-Occurrence Matrix (GLCM) for their automated 
system that detects different skin anomalies. Their system 
computes for statistical features from the GLCM as main 
part of the feature extraction.  

As the obvious symptom of an Eczema case can be 
known by identifying the texture of the skin lesion, it is 
important to analyze the texture. The GLCM describes the 
relation of the gray level pixel values in an image by 
tallying and counting how often a specific gray value 
pairing occurs. The distribution of the gray levels can 
determine the texture of the image. GLCM has four 
direction of analysis mainly: horizontal, vertical, and 
diagonal (450 and 1350). The values for tone and intensity 
are based from the resolution of the image, the gray values 
could be 8 (by default) or it could be all the gray level 
values of 256 resulting in a very large matrix. The co-
occurrence matrix has dimension n×n, where n is the 
number of gray levels in the image. 

The values of a GLCM as illustrated in Fig. 1 is based on 
the count of the gray level pairings in reference to a pixel’s 
neighbor in an image on the set direction. As shown in Fig. 
1, element (1, 1) of the GLCM will contain a value of one 
since there is only a single count of a gray value pairings of 
(1, 1) and a count of two for the pairs (1, 2). Each pixel in 
the image and its neighboring pair are tallied into the matrix.  

Several GLCMs can be derived from a single image by 
setting different offsets to the different angles. By default, a 
GLCM is set to a single horizontal offset which is the 
nearest neighbor to the right of the pixel of interest (POI) 
such as the example in Fig. 1. A single GLCM may not be 
enough to describe a texture of certain images therefore 
getting the pairs for different angles and setting offsets 
maybe needed. Fig. 2 describes the four possible different 
angles where the partner pair of the POI will be derived 
from, as well as the distance from the POI. The value of D 
for the four angles will determine the distance from the POI 
and its pixel pair for that particular angle. For example 
setting offsets of (0, 2) and (-4, -4) will generate two 
GLCMs with a 900 direction with distance of two pixels 
away from the POI and a GLCM with 1350 pairing with a 
distance of four pixels diagonally.  
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Figure 3. Eczema image representatives, which in this work, were 
described as scattered (left), spotty (center) and dried (right). 

 
 

 
Figure 4. Multi-model, multi-level system block diagram for eczema 

condition detection. The first block has three models which correspond 
to the three visual characteristic of eczema images, i.e. scattered, spotty 
and dried. The second block contains the second layer responsible for 

resolving the outputs of the previous models. 

Several statistics can be derived from the GLCM. These 
statistical features include: (1) contrast which measures the 
local variations in the GLCM, (2) correlation which 
measures the joint probability occurrence of the specified 
pairs, (3) energy which provides the sum of squared 
elements in the GLCM and also known as uniformity or the 
angular second moment, and (4) homogeneity which returns 
a value that measures the closeness of the distribution of the 
elements in the GLCM.  

Furthermore, according to Arifin et al [1], the first order 
histogram provides the data to be used in computing image 
moments. Image moments provide simple properties of the 
image from the histogram. These properties help in 
determining the texture of the image. The most frequently 
used moments include the variance, skewness, and kurtosis.  

III. MULTI-MODEL, MULTI-LEVEL ARCHITECTURE FOR 
ECZEMA DETECTION 

In this work, two systems were implemented (1) an 
ANN-based single level system, to which, the multi-model, 
multi-level system will be compared, and (2) the ANN-
based multi-model, multi-level system. Both systems were 

trained with two cases, eczema versus healthy skin case and 
eczema versus non-eczema, where acne is used as the non-
eczema case. 

The first system, referred as the single level system, has 
the basic ANN architecture with forty-nine input nodes, one 
hidden layer and an output layer. The single level system is 
composed of only one main model to conduct the 
identification and is trained with all the eczema images. The 
second system, referred as the multi-model, multi-level 
system, is designed based on the three obvious visual 
similarities of the available eczema data collected, i.e. (1) 
spotted, (2) scattered, and (3) dried, as shown in Fig. 3.  

Fig. 4 describes the architecture of the multi-model, 
multi-level machine learning system that the authors have 
considered. The ANN is used as the based architecture for 
creating the models since it is the method that has the 
highest accuracy in the related systems [1]. The number of 
nodes in the hidden layer is empirically determined. The 
training input for the next level are from the outputs of the 
three models from the first level. This level is trained to 
identify if the image is eczema or not eczema based on how 
the first three models perceive the input image 

The trained models are then tested with actual input of 
raw images for both cases: (1) Eczema and Healthy and (2) 
Eczema and Non-Eczema (Acne). 

IV. RESULTS AND ANALYSIS 
In this study, the training data were limited to eczema 

images, acne images for the non-eczema case and healthy 
skin images. All models were trained and created using the 
ANN architecture.  

 

 
 

Figure 1. Illustration how the values are placed into a GLCM. The 
inputs of the GLCM are the count of gray level pairings based on its 
neighbor. In this example, element (1, 1) of the GLCM will contain a 
value one since there is only one count of a (1, 1) pairing and element 

(1, 2) will contain a value of two since there are two instances of a  
(1, 2) pairing in the image.  

 

 
Figure 2. Offsets can be set to generate several matrices which will 
create several GLCMs for a single gray image based on different 

angles and a corresponding distance. D is denoted as the distance from 
the pixel of interest and the partner pair.  

 Pixel of 
interest 

1350 (-D –D)  900 (-D 0) 450 (-D D) 

00 (0 D)
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First, a single level model was trained using 126 eczema 
images and 126 hidden nodes, ranging from 5 to 45 nodes, 
to identify the ideal number that will produce the most 
stable model 

Based on the training results illustrated in Fig. 5, using 
43 hidden nodes produced the most stable model with a 
change in accuracy, �acc, of 10.32% with an accuracy range 
of 85.71% to 96.032% derived from the confusion test.  

The single level model was then tested using 68 raw 
input eczema images, i.e. various eczema images that were 
not used in training the model. The system produced an 
output based on its confidence level on how likely an input is 
an eczema image. 

The results in Fig. 6 show that the single level model 
performed relatively well in the healthy versus eczema actual 
testing. The computed average confidence level, i.e. 
summation of all the confidence level of test images over the 
total number of test images, was 90.87%. Ideally, the closer 
the average value to 100%, the better the performance of the 
system meaning it was able to evaluate most of the inputs 
closer to a high confidence level. The single level system 
was able to assess 56 out of 68 eczema images with a 
confidence level of above 91% and only 4 out the 68 with 
less than 50%.  

Similar to single level model, each of the levels of the 
multi-model, multi-level system were trained to identify the 
ideal number of hidden nodes with the least change in 

accuracy. The three models of the first level were trained 
using 42 images for dried, 29 images for scattered eczema 
cases, and 55 images for spotted eczema cases.  

It was shown in Fig. 7 the training results for the first 
level of the multi-model, multi-level system. The dried 
model performed with the most stable accuracy with 45 
hidden nodes for the dried eczema model, 36 hidden nodes 
for the spotted eczema pattern, and 15 hidden nodes for 
scattered eczema pattern. In cross validation, this 
architecture achieve a change in accuracy equal to 9.53% 
for dried, 5.17% for spotted and 12.73% for scattered. 

The second level model was then trained using the 
outputs of first level models. One hundred twenty six (126) 
eczema images and 126 healthy images were used as input 
for the first level and the outputs of each model will be used 
as the initial input for the second level. The second level 
evaluated the confidence level based on how the three first-
level models perceive the input image, and depending on 
how the three first-level models weighed-in their confidence 

 
 

Figure 5. Change in classification accuracy (i.e. �acc =  accmax – accmin) 
after the testing phase for single level model (Healthy vs Eczema), for 

different number of hidden nodes. Note that the number of hidden nodes 
that provides minimum number of accuracy change (i.e. less likely to 

overfit) is 43 nodes. 
 

 
Figure 6. Number of images with specific confidence level after the 
training phase (Healthy vs Eczema) for single level model. Note that 
there are 56 images classified as eczema case with confidence level 

between 91%-100%.  

 
 

Figure 7. Change in classification accuracy (i.e. �acc =  accmax – accmin) 
in testing phase for multi-model, multi-level (first level) model 

(Healthy vs Eczema), for different number of hidden nodes. Note that 
the number of hidden nodes that provides minimum number of 

accuracy dried eczema is 9.52 nodes, for scattered is 5.17 nodes and for 
spotted is 12.72 nodes. Best shown in online (colored) version. 

between 91%-100%. 
 

 
 

Figure 8. Change in classification accuracy (i.e. �acc =  accmax – accmin) 
in testing phase for multi-model, multi-level (second level) model 

(Healthy vs Eczema), for different number of hidden nodes. Note that the 
number of hidden nodes that provides minimum number of accuracy 

change is five nodes. 
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of the image, as illustrated in Fig. 3.  
Fig. 8 describes that using five hidden nodes produced 

the most stable model. Comparing the training results of the 
single level, the multi-level’s maximum accuracy was lower 
with an accuracy range of 87.30% - 92.46%, as compared 
with the single level’s accuracy range of 85.71% to 96.03%. 
Although the maximum accuracy of the single level model 
is higher than the multi-model, multi-level system, the latter 
has a more stable range over the former, with an improved 
change in accuracy, therefore overfitting was reduced.  

Similarly for the single-level, the multi-model, multi-
level system reports the confidence level of the likelihood of 
an image being an eczema case. The multi-level was also 
tested using the same 68 raw eczema images used to test the 
single model.  

It was observed in the results shown in Fig. 9 that the 
multi-level system’s performance was relatively close to the 
performance of the single level system on the case of 
healthy skin versus eczema. It has an average of 85.72% and 
was able to identify 48 of the 68 as eczema with a high 
confidence of 91-100% and 6 out sixty eight 68 below 50%.  

Comparing the two systems, the single model performed 
better in the actual testing for the healthy versus eczema 
case with an average of confidence levels of 90.87% and 
with the multi-model, multi-level performing with an 
average of 85.71%.  

The two system implementations were then tested for 
eczema versus a non-eczema case. For this case, eczema 
cases were trained and tested against acne cases instead of 
healthy skin cases. Similar to the first case, the two systems 
were trained using 5 to 45 hidden nodes and the most stable 
models were again used for actual testing. 

Table I. shows the summary of the training results and 
similar to the first case, the multi-level system has a lower 
maximum accuracy than the single level however the multi-
level resulted in a more stable model with a smaller change 
in its accuracy therefore having reduced overfitting. 

Both of systems were tested using raw input images of 
eczema and acne cases. The systems were first tested using 

the 68 raw eczema images used in the actual testing for the 
first case.  

Based on the actual testing results for both systems 
displayed in Fig. 10, both of the systems had difficulty 
assessing a large percentage of the inputs with a high 
confidence level. The single model has an average of 
63.01% and was only able to evaluate 14 out of 68 with a 
high confidence level of above 91%. The multi-level 
performed better in the actual test with an average of 
68.37% and was able to evaluate 33 out of 68 with a 
confidence above 91%.  

 

 
 

Figure 9. Number of images with specific confidence level after the 
testing phase (Healthy vs Eczema). Note that there are 48 images 

classified as eczema case with confidence level between 91%-100%. 
 

Table I. SUMMARY OF TRAINING RESULTS (ACNE VS 
ECZEMA) 

Eczema vs Non-
Eczema (Acne) 

# of Hidden 
Nodes 

Change in 
Accuracy Accuracy Range 

Single Level 24 9.13% 78.17% - 87.30% 
Multi-model, 

multi-level 16 4.37% 81.34% - 85.71% 

 

 
 

Figure 10. Number of images with their corresponding confidence level 
after testing phase. The input to this system are eczema cases. Note that 
the blue bars (best shown in online version) are for the performance of 

the multi-model and the orange bars are for the single model performance 
 

 
Figure 11. Number of images with their corresponding confidence level 

after testing phase. The input to this system are acne (non-eczema) cases. 
Note that the blue bars (best shown in online version) are for the 

performance of the multi-model and the orange bars are for the single 
model performance
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A test was also done using 26 raw acne cases as input. In 
this test, it was ideal to have outputs at very low confidence 
levels since the input is a non-eczema case (confident that 
the input is not eczema).  

Since in this test a lower confidence level was the target, 
the computed average of the confidence levels was 
subtracted by 100 to normalize the values, therefore a 
normalized average value closer to 100 is still ideal. Based 
on the results illustrated in Fig. 11, the computed average of 
the single model is 42.90% and normalized to 57.1% and 
the multi-level with a computed average of 38.27% and 
normalized to 61.73%.  

The multi-level system performed better than single 
level having the higher normalized average and was able to 
assess 10 out of 26 images with a high confidence level of 
not being eczema (0-10% eczema) while the single level 
was not able to assess any of the input images with high 
confidence.   

The multi-model, multi-level system performed better in 
both input cases: (1) eczema image inputs and (2) acne 
image inputs than the single level systems in terms of the 
actual testing in the eczema versus acne (non-eczema) case. 

V. CONCLUSION AND FUTURE WORK 
The work aims to design and evaluate a multi-model, 

multi-level ANN system and compare its performance 
against a single model ANN system for eczema detection. 
The models are created and trained using two main features 
of the images: (1) color features and (2) texture descriptors. 

In terms of the training results, the multi-model, multi-
level system design has a slightly lower maximum accuracy 
than the single level in both eczema versus healthy and 
eczema versus acne cases, however the multi-model, multi-
level system design produced a more stable model therefore 
overfitting was reduced. 

Both of the systems performed with around 60% average 
confidence levels in the actual testing in the eczema versus 
healthy cases and were able to evaluate most of the input 
images with high confidence. 

The single level system average confidence level was 
higher than the multi-level system in this case. However, in 
the acne versus eczema case, the multi-level system 
performed better with an average confidence level of 
68.37% as opposed to the 63.01% of the single level system 
in eczema input actual test and an average of  61.73% 
compared to the 57.1% in the acne input actual test. It was 
observed that both systems have difficulty in achieving a 
high average confidence level in both of the systems. 

There are several factors that contribute to the systems 
inability to evaluate majority of the input images with a high 
confidence level in the eczema versus non-eczema (acne) 
case. One main reason is that eczema cases come in such a 
huge variety of visual characteristics that some of these 

characteristics are shared with other skin such as redness 
and spots and it is very difficult to diagnose using only 
visual context. In relation to this, by segregating the data by 
the known visual context in terms of the visual similarities 
of the image, it has slightly improved the performance of the 
multi-level system.  

According to a dermatologist [8], [9], to effectively 
diagnose eczema or other skin diseases, contextual 
information from the patient is necessary to have a more 
accurate diagnosis such as: (1) presence of pain (2) itchiness 
(3) allergies (4) medical history and (4) family history and 
(5) recent topical applications. In the further development of 
the system, the group plans to incorporate and include 
contextual information as an additional feature used for 
training the models. Other factors such as hair, skin tone, the 
features used and the usage of a small data base may also 
have contributed to a sub-par performance of the systems in 
the second case testing. 
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