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Abstract: In order to find an efficient and accurate method to analyze infrared thermography images, this paper
innovatively combines a genetic algorithm with a convolutional neural network to construct a convolution neural
network model (GA-CNN), which provides the basis of a diagnostic tool for doctors, also saving valuable time for
patients. Using genetic algorithm initialization, the GA-CNN model can be used to find the optimal network structure,
thus avoiding the influence of random initialization of traditional neural network weights. The genetic algorithm can
improve the accuracy of the network through optimization of the convolution core content, convolution core size,
convolution core number, pooling mode, pooling layer size and other structural parameters of convolution neural
network. Real infrared thermography images from a Chinese medicine hospital were taken as samples for the
model in order to detect illness in human abdomens through classification of the infrared thermography images.
The excellent performance of the model proposed in this paper offers direct improvement of the prediction accuracy
10 92.96%. Therefore, the GA-CNN model proposed in this paper is a very effective infrared thermal imaging analysis

method, which can provide a reliable basis for the diagnosis of abdominal diseases.
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Introduction

Infrared thermal imaging technology plays an
important role in Traditional Chinese Medicine
research as a visualization and objectification
technology, as it is a non-invasive method that
does not require radiation with wide applicabil-
ity in assisting doctors to diagnose patients [1,
2]. Thus, it has been widely been used in vari-
ous aspects of medical research [3]. Analysis of
infrared thermograms has the potential to be
used by doctors as a basis for disease diagno-
sis [4]. Denoble [5] predicted the severity of
knee arthritis based on the differences in aver-
age temperature and the standard deviation
between infrared thermal imaging images of
knee joints, and objectively proved the reliabili-
ty of infrared thermal imaging technology.
Kacmaz [6] proved that infrared thermal imag-
ing could be used as an effective method for
the diagnosis of deep venous thrombosis by

using computer-aided software. Calin and oth-
ers [7] suggested that thermal infrared imaging
could be effective in the diagnosis, evaluation
and monitoring of knee joint lesions, and could
be used as an adjunct method to conventional
medicine. Shih and others [8] confirmed that
DITI (Digital infrared thermal imaging) could be
used reflect the degree of orbital inflammation.
Vardasca and Simoes [9] found that thermal
imaging was an effective way of detecting
breast cancer, with a sensitivity of up to 100%.
Mie Jin and others [10] proved that skin tem-
perature measurement of hands and feet by
digital thermography is useful for diagnosis of
Raynaud’s phenomenon. Infrared thermal
imaging technology has broad application pros-
pects in traditional Chinese medicine treatment
[11, 12]. However, extensive promotion of this
technology is difficult due to a lack of profes-
sionals in the field of infrared thermal imaging
detection [13-15]. At the same time, significant


http://www.ijcem.com

Infrared thermal imaging analysis of human abdomen

‘ Process abdominal images
with a resolution of 214 x 214

classified mammograms based on
thermal imaging technology by
using an artificial neural network
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time and effort is required for analysis of a
large number of infrared thermal images [16],
which is an urgent problem that needs to be
solved.

Previous related research has combined
machine learning, artificial neural networks
and infrared thermal imaging technology and
applied these methods to pattern recognition.
Liu and her students [17-20] applied an artifi-
cial neural network and deep learning technol-
ogy to the recognition and prediction of biologi-
cal information and achieved good results.
Other scholars have applied neural networks
and infrared thermal imaging technology to the
diagnosis of diseases. As early as 1979, schol-
ars suggested that thermography was superior
to mammography for breast cancer screening
[21] and related research in recent years has
continued to support this theory. Jung, Hsieh
and Chen [22] built a database that could be
used to detect breast diseases using infrared
images. Lessa [23] used an artificial neural net-
work and biological statistics to analyze mam-
mary thermograms in order to diagnose breast
cancer with an accuracy of 80.95%. Silva [24]

13289

Methods

This paper constructs a genetic algorithm-opti-
mized convolutional neural network model
(GA-CNN) and finds an optimal network struc-
ture by learning the infrared thermal images of
the human abdomen in order to explore an effi-
cient and convenient method for abdominal
disease diagnosis. The algorithm flow used in
this paper is shown in Figure 1 and can be
described as follows.

Convolutional neural networks (CNN)

A convolutional neural network is a type of
multi-layer neural network which can realize
automatic feature learning. Compared with tra-
ditional recognition algorithms, this model
offers many advantages for large-scale image
recognition and classification, due to its low
complexity, low number of weight values, weight
sharing and ability to avoid a complex manual
extraction process. In this paper, a five-layer
convolution neural network is constructed
(Figure 2).

In the input layer, the input X of the network is
usually an image, and the pixel values of the
image form a matrix.
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Figure 2. The structure of CNN.
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Figure 3. The function of ReLU.

In the convolution layer, the input sample is
convoluted with a learnable convolution core.
Different features can be extracted by convolu-
tion of the different convolution kernels. The
feature maps of these different features can be
used together as the input data for the pooling
layer.

The jth feature map a,l- of the output in the con-
volution layer is as follows:

a} = f(bj + EieM,Xi * kij) (1)

Where f(-) is the activation function, bj is the jth
bias, x; is the ith pixel value of the input layer, *
is the convolution operation, k,./. is the convolu-
tion core and M. is a subset of the input feature
graph.
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The activation function f(-) of convolution layer
mapped the convoluted value to the value with
a specific boundary. The common activation
functions were Sigmoid, Tanh, RelLU, etc. This
paper chose RelLU function (Figure 3).

In the pooling layer, the feature map of the
upper layer is downsampled. Many pixels are
compressed into a single feature that forms a
new feature map. The jth feature map af out-
put from the pooling layer is as follows:

a’ = pooling(aj) )

Where pooling denotes the pooling operation
that divides the feature map a} into several
rectangular image blocks of the same size with-
out overlap, and operates on the pixels in each
image block. Common pooling methods used
include maximum pooling (the maximum pixel
value in the image block is taken as the pixel for
the new feature point) and average pooling (the
average value of the pixel in the image block is
taken as the pixel for the new feature point).

In the full connection layer, the pooled feature
map is transformed into a series of nodes to
form a feature vector x which connects all the
neurons in the full connection layer and serves
as the input to the full connection layer. After
operating the activation function f(), the fea-
ture map is output to the output layer. The vec-
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tor Y is composed of the output values of the
neurons in the full connection layer which is as
follows:

Y=fW-X) (3)

Where W is the connection weight matrix of the
full connection layer and the activation function
f(-) of the hidden layer is chosen to be the RelLU
function.

The Softmax function is chosen as the activa-
tion function f() of the neurons in the output
layer. The output value of the neuron consti-
tutes a vector Z:

Z=fW,-Y) )

Where W is the connection weight matrix of the
output layer.

GA-CNN

The genetic algorithm is an algorithm that
encodes the parameters of the problem into
chromosomes in order to mimic biological evo-
lution. Chromosome information is exchanged
by means of selection, crossover and mutation
within the population. After mutiple iterations,
the optimal individual (chromosome) will be
finally obtained.

Individuals are composed based on the convo-
lution core content, size, number, pooling
mode, pooling layer size and other structural
parameters of the convolution neural network.
N individuals are randomly selected to form a
population. The initial population is used as the
parent generation, and the corresponding fit-
ness values of each individual are calculated.
Individuals that satisfy certain conditions are
obtained by iterative evolution to be the opti-
mal network parameters.

The specific operation steps used are as
follows:

1) Mapping objective function to fitness
function:

The following fitness function is selected, and
the fitness F of the neural network is:

F=1/(E+e) )

€ should be a very small positive number to
ensure that the molecule is not zero, and was
set as 0.001 here. The objective function E is
the sum of the squares of errors between the
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real value y, and the predicted value O, of the
output of the neural network:

E=2(-0)? )

2) Encoding and establishing the initial
population:

In this paper, a real-number coding method is
used. CX *X,N,PX *X, denote the content,
size, number of convolution cores, pooling
method and the size of the pooling layer,
respectively. The gene sequence of an individu-
al can then be expressed as:

X =IC X, N, P, X] (7)

The initial population is generated randomly
asM={X,X,, .., X} where X e M (i=1,2,...N)
is an individual in the initial population.

3) The maximum number of cycles of the algo-
rithm is set as 500 and the optimal fitness
value is set as 0.98:

4) Calculation of fitness function:

The fitness values of all individuals in genera-
tion t are calculated according to the fitness
function. Step 7) is executed when the optimal
fitness value or the maximum number of cycles
is reached, otherwise, step 5) is executed.

5) Genetic operation:
(D Selection operation

The fitness ratio method is used for selection. If
the population size is n and the fitness of an
individual i is f, the probability P_ of i being
selected is:

n

Py=f/2f )

i=

() Crossover operation

Arithmetic crossover generates two new indi-
viduals, which are set between x4 and xg to
perform the arithmetic crossover. The new indi-
viduals are:

t+1 t
Xa =axst(1-a)xa
t+1 t

P 9)
Xg =axat(1-a)xg

Where o is a random number uniformly distrib-
uted in the interval [0, 1].

(3 Mutation operation
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Figure 4. Positive sample image (left) and negative sample image
(right).

Avariable x; is randomly selected according to a
certain variation rate and mutates into a uni-
form random number r in [a, b]. The new indi-
vidual is obtained as follows:

rifi=j
Xj = J € {1,2,L n}, Uniform random selection
’ {x,- iz €1 ) (10)

6) Generating a new generation of individuals:

After genetic manipulation, the next generation
of individuals is generated, and step 4) is then
repeated.

7) Termination:

Once the best individual output is obtained, the
loop is terminated and the optimal network
structure is obtained.

Application results of GA-CNN

Infrared thermography has a high application
potential as a diagnostic method for scientific
and medical research. With traditional diagnos-
tic methods, doctors must analyze and diag-
nose images individually, which can lead to
delays in diagnosis for patients seeking medi-
cal advice. In order to address this problem,
this paper aims to provide a diagnostic basis
for doctors by applying the GA-CNN model con-
structed here.

Different color levels on an infrared thermal
image represent different temperature zones,
i.e. white represents a high heat zone, red rep-
resents a hot zone, yellow represents a tem-
perature zone, while green, blue and purple
represent cool, cold and super cold zones,
respectively. The surface temperature of a local
body will change with the occurrence of abdom-
inal abnormalities and thus by analyzing abnor-
mal temperature changes, doctors can make a
diagnosis in conjunction with the patients’
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medical history, physical condition
and other factors.

Sources of data

The data samples used were
provided by a Chinese medicine
hospital in Guangdong Province,
China. Patient consent was ob-
tained for all images and person-
al information was removed. Addi-
tionally, all subjects were subject to the ethical
standards established by the related institu-
tion. The sample set consisted of 250 infrared
thermal images of healthy abdomens (negative
samples) and 250 infrared thermal images of
abdominal diseases such as ovarian diseases,
uterine diseases, appendicitis and cystitis (pos-
itive samples). As shown in Figure 4, the ther-
mal imaging color distribution of negative sam-
plesis symmetrical, with the lowest temperature
shown in blue in the middle of the abdomen,
surrounded by slightly higher temperatures
with a small amount of green, and higher tem-
peratures shown in red and yellow in the lower
abdomen. The color distribution of the positive
sample images has no obvious symmetry, and
the color may appear yellow or red because of
the high temperatures. All external factors were
excluded when the thermograms were taken, in
order to ensure that the samples were taken at
the same temperature, at the same shooting
distance and in a resting state. For these imag-
es, the sample labels on the abdominal diseas-
es was determined by authoritative doctors
after examination. Some samples are shown in
Figure 4.

Data preproccessing

In order to obtain uniform samples, 500 color
RGB images were cut and processed into
human abdominal images of 134*214*3 pix-
els, denoted as data set D.

Operation and results

Recognition and prediction of color images:
First, an optimal network structure was
obtained using a 7-fold cross-test method with
428 images (214 positive samples and 214
negative samples) as the training sets to teach
the network. The network was then tested
using a test set consisting of 72 images (36
positive samples and 36 negative samples).
Finally, the testing results were compared with
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Figure 5. Image recognition and prediction based on GA-CNN model.

Table 1. Model running results when inputting color maps

In the formula, N, represents the

Convolution Kernel Size

No. of Convolution Pooling Layer
Kernels Mode

3x3 23

Average pooling

Pooling correct number of predictions
Layer Size and N, represents the total num-
2x2 ber of test sets.

Original iamges

Grayscale green component images

Figure 6. Gray-scale image after extracting each component and the

original image.

the known results, using the following formula
and obtaining an average accuracy a over
seven calculations to obtain the prediction
accuracy of the model:

a =22 (N/N (11)
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The network structure is shown in
Figure 5. The number of nodes in
the hidden layer is 100, the initial
population is 200, the maximum
number of cycles is 500 and the
variation rate is 0.1. The results
shown in Table 1 show that the
network prediction accuracy is

Grayscale red component images 80.28%, which is not ideal.

TN ) |

Grayscale blue companent images

Recognition and prediction of
gray image

As image recognition of color
images can be difficult, in order
to obtain a higher prediction
accuracy, we decided to extract
the red, green and blue compo-
nents of the RGB color image
separately and converted them to
grayscale. After each operation,
three images were generated for
each color image (resolution 134 * 214 * 1)
(Figure 6). Five hundred grayscale red compo-
nentimages formed the database D, 500 gray-
scale green component images formed the
database Dg and 500 grayscale blue compo-
nent images formed the database D,.

Int J Clin Exp Med 2019;12(12):13288-13297
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Table 2. The results of model operation when Inputting gray scale

image

the influence of random ini-
tialization of the weights

Convolution Kernel Size

No. of Convolution  Pooling Layer
Kernels Mode

Pooling Layer using in a traditional neural
Size network.

5x5 20

Average pooling

2x2

Using the same parameters and the weight ini-
tialization method as described previously, the
GA-CNN model was used with databases D, D‘g
and D, to obtain the predicted value using the
7-fold cross-test. If different grayscale databas-
es gave inconsistent prediction results for the
same color image, the two prediction results
with the same value were taken as the final
result. The results shown in Table 2 show that
the accuracy of the network testing is increased
10 92.96%.

These results suggest that the GA-CNN model
proposed in this paper can optimize the tradi-
tional CNN method by using optimal network
parameters to recognize and predict the image,
and achieves a satisfactory prediction accur-
acy.

The output images of different layers during
the GN-CNN model processing are shown in
Figure 7, taking the R component gray scale
image of a patient’s infrared thermal imaging
image as an example.

The feature layer extraction of the convolution
neural network optimized by the genetic algo-
rithm is composed of an alternate convolution
layer and a pooling layer. By using the convolu-
tion filter, the image generated by the convolu-
tion layer highlights the features of the input
image and the optimized pooling layer can
effectively reduce the size of the image without
changing the original image, thus reducing the
required computational resources.

Model assessment

The performance of the GA-CNN model was fur-
ther evaluated for the two databases men-
tioned above by adopting three models: GA-
CNN, CNN and DCNN (Deep Convolution Neural
Network), to predict the image (Table 3).

The results show that the GA-CNN model pro-
posed in this paper has the highest prediction
accuracy. This is due to the optimized initial
parameter values, such as the convolution core
and the size of the pooling layer of the neural
network by the genetic algorithm, which avoids
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Discussion

Due to the existence of a convolution layer and
a pooling layer, a convolution neural network
has a higher accuracy for image recognition
than other neural networks. However, the
GA-CNN model proposed in this paper optim-
izes the convolution neural network parame-
ters to obtain an even higher prediction accu-
racy than a deep convolution neural network
that uses a random selection of common
parameters. This is shown to be an effec-
tive improvement of the convolution neural
network.

The GA-CNN model proposed in this paper was
applied to the recognition and classification of
real human abdominal infrared thermal imag-
ing, with satisfactory accuracy. The accuracy
was higher than an ordinary CNN model and
DLCNN model for both the color image data
sets and the grayscale image data sets. This
further verifies the validity and superiority of
this model.

However, there were some unfavorable factors
that caused interference in the model present-
ed in this paper, which affected the overall
accuracy:

1) Infrared thermal imaging technology repre-
sents only the body surface temperature.
However, changes in body surface temperature
can occur due to reasons other than pathologi-
cal changes in the body, such as short-term
external interference or skin dysfunction. 2)
The judgment on whether a patient is ill or not
(i.e.the sample label) was provided by an expert
with the help of professional knowledge.
However, the expert’s judgment may not be
entirely correct, i.e., there may be errors in our
learning samples. 3) Infrared equipment itself
has some limitations, as interference can occur
due to many factors. The shooting distance and
the shooting environment temperature will lead
to the appearance of a pseudo-heterothermal
zone, which will also lead to inaccurate judg-
ment results to a certain extent.

As more data samples are collected, we can
further verify the performance of the model
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Qutput of pooling layer

Table 3. Prediction accuracy based on differ-
ent models

GA-CNN  CNN DCNN

Colour Image Data Set 0.8028 0.7746 0.7888
Gray Image Data Set  0.9296 0.8873 0.9155

and work to constantly improve the model. In
future work, we will consider whole body infra-
red thermal images of patients comprehensive-
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Figure 7. The process of GN-CNN model.

ly, examine the correlation between infrared
thermal images of different parts of the body,
and focus on analysis and prediction from infra-
red thermal images in the early stage of iliness,
to ensure that patients can obtain earlier inter-
ventions with better outcomes.

In conclusion, this paper proposed a parameter

initialization method for a convolution neural
network based on a genetic algorithm. The size,
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Infrared thermal imaging analysis of human abdomen

quantity, content of the convolution core and
the mode and size of the pooling layer of the
convolution neural network were optimized to
obtain the optimal network structure, which
avoids the influence of random initialization of
weight used with traditional neural networks
and improves the accuracy of the network. The
superiority of the method proposed in this
paper was verified by improving the accuracy of
the GA-CNN model to 92.96%. The GA-CNN
model has very good general abilities and can
also be widely used in other pattern recognition
problems.
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