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ABSTRACT

The objective of this study is to couple the contact thermography method with a novel optimization algorithm to
rapidly detect and localize the soft tissue tumor. To this end, experiments are carried out on tissue-mimicking
phantoms containing resistance heaters to simulate the embedded tumors. An examiner robot is used to measure
the temperature of the tissue surface. The time required for the examination of the tissue surface is reduced by
developing a novel optimization algorithm called the Hunter Algorithm (HA). In the HA, population individuals
are called the hunters, and the global maximum is referred to as the prey. The maximum temperature occurs at
the location of the tumor. By the end of the hunting procedure, a flock of hunters converges to the maximum
temperature and reaches the tumor while the examination time is significantly reduced. Performance of the HA
is evaluated by applying the Genetic Algorithm (GA) and the Particle Swarm Optimization (PSO) algorithm to 11
test functions as minimization problems. It is observed that for the Ackley's function, as an example, the HA finds
the global minimum after the 10th iteration with an accuracy of 107#, while the PSO converges with the same
accuracy after the 30th iteration and the accuracy of the GA remains about 0.002. In addition, the results show
that the contact thermography in conjunction with the HA is of clinical importance in accurate detection of
multiple tumors and small and deeply located tumors with insignificant thermal effects on the tissue surface.

1. Introduction

Constant heat is generated by the human body and is dissipated by a
thermoregulatory system [1]. This phenomenon results in the main-
tenance of the normal body temperature. Disorders and diseases affect
the body normal temperature and may increase it up to 2-3 °C. Ther-
mography is a developing non-invasive technique for the diagnosis of
diseases which cause an elevation in the body temperature. Thermo-
graphy provides a map of the body surface temperature, which is re-
ferred to as the thermogram [1]. In recent decades, extensive researches
have been conducted on the thermography method to determine a close
relationship between the body physiology and the temperature of the
tissue surface. The success of this technique is verified in the diagnosis
of breast cancer [2,3], eye disease [4,5], skin cancer [6,7], joint disease,
and bone and thyroid tumors [8,9]. In the presence of a tumor, hot
spots can be seen on the thermogram, which is due to a higher surface
temperature around the area of cancerous cells compared to the healthy
tissue [10]. Thermograms revealed a clear temperature difference up to
3.3°C, between the tumor core (36.4 °C) and the surrounding healthy
tissue (33.1°C) [11].
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Based on the method used for the temperature measurement, ther-
mography can be categorized as contact and infrared. In the infrared
(IR) thermography, the infrared energy emitted from an object is de-
tected by an infrared camera or an infrared sensor, and it is converted
to apparent temperature on a thermogram [10]. Many types of research
have been focused on the ability of the IR thermography in analyzing
the physiological condition of the soft tissue. Francis et al. [12] made
use of a rotational thermography system for the diagnosis of breast
cancer. It was observed that for the healthy breast, there is a continuous
temperature band, which could be disturbed by an abnormality. The
main drawback of using the IR thermography in their research and si-
milar researches is neglecting the effect of the surface curvature. Since
the temperature value depends on the distance between the IR camera/
sensor and the tissue surface, neglecting the surface curvature would
result in inaccurate estimations. In the IR thermography, the basis of
tumor detection is the uniformity disruption in the thermogram;
therefore, the difficulty in maintaining similar distance from the IR
camera for all points on the surface is a disadvantage of the IR ther-
mography. Shi et al. [13] used the thermal thermography for the di-
agnosis of skin tumors. In their study, an estimation methodology was
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presented to determine unknown thermo-physical parameters of a
tumor by using the temperature profile on the skin surface. The tem-
perature profile in the tumoral region was interpolated by the bio-heat
transfer equation, and the unknown parameters were estimated. The
infrared thermography was used as a possible method for obtaining the
thermogram. A disadvantage of using the IR thermography in their
research and similar researches is the sensitivity of the IR camera/
sensor, which limits the functionality of the IR thermography to the
superficial layer of the soft tissue. Therefore, small and deeply located
tumors, which produce insignificant thermal effects on the tissue sur-
face, would remain undetected. Bahramian et al. [14] proposed an in-
frared thermal imaging system for the human neck and the thyroid
gland. The thermograms were analyzed to distinguish thyroid tumors
from the healthy thyroid tissue. The neck curvature and an inadequate
accuracy of the IR camera were the main drawbacks of this study.
Commonly, to compensate the lack of measurement accuracy, the IR
detector is located closer to the object. Unfortunately, the measurement
error usually increases by reducing the distance due to the effects of
reflectivity and the inclusion of other heat sources within the sensor's
field of view.

Contact thermography is used for cancer detection along with the IR
thermography. In this method, the temperature is measured by contact
temperature sensors on the tissue surface. This method is inspired by
the clinical or the physical examination by a physician. Physical ex-
amination is the first screening method for early cancer detection. By
using a high precision temperature sensor, the accuracy of the contact
thermography could be improved. Therefore, regular use of contact
thermography could be considered as an inexpensive screening method,
which can prevent cancer progression. Contact thermography has been
used by Sadeghi et al. [15-17] in recent years for the detection of brain
tumors. They have proposed a thermal imaging system for the in-
traoperative detection of brain tumors. The system was equipped with a
contact temperature sensor with a high accuracy. It has been observed
that temperature map on the tissue surface is an appropriate outcome of
the contact thermography for superficial tumors. Meanwhile, the heat
flux map on the surface could be used as an extra thermal result for
deeply located tumors. The thermograms were analyzed to localize the
brain tumor and identify the tumor margins. The contact thermography
has the disadvantage of slow response compared to the IR thermo-
graphy. However, due to the advantages of higher accuracy in the range
of biological temperature and independence from the surface geome-
trical shape, the contact thermography is preferred and selected in the
present study.

In the present study, the contact thermography is employed to de-
tect soft tissue tumor, while the method performance is improved by
using the artificial tactile sensing (ATS) method. In the ATS, the tissue
surface is slightly compressed during the tissue examination. It has been
already affirmed that the tissue compression can improve the quality of
thermal measurements, significantly [15]. Therefore, before the tem-
perature measurement, we apply a small compressive strain on the
tissue surface. Afterward, the thermogram is constructed by measuring
the temperature of different test points on the tissue surface. Tumor
detection and localization are carried out by analyzing the thermo-
grams. For accurate tumor detection, several test points should be ex-
amined on the tissue surface, which increases the examination time. To
overcome this problem, a novel optimization algorithm is introduced to
reduce the number of temperature measurements on the tissue surface
and to rapidly detect and localize the tumor.

Optimization techniques are extensively used to solve different
optimization problems in applied sciences, engineering, industry,
biology, and computer science. Some well-known optimization algo-
rithms such as Genetic Algorithm (GA) [18], Particle Swarm Optimi-
zation (PSO) [19], Bee Colony Optimization (BCO) [20], Ant Colony
Optimization (ACO) [21], Simulated Annealing (SA) [22] and hunting
search algorithm [23] are used in this regard. However, these algo-
rithms suffer from significant deficiencies such as the requirement to a
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large number of input parameters, being unpredictable, producing un-
ripe results and lots of iterations for convergence achievement [24].
Therefore, looking for high-efficiency algorithms is an essential pro-
blem in the rapid contact thermography application.

In this regard, a new optimization algorithm is proposed, which is
called the Hunter Algorithm (HA) and is inspired by the hunting dogs'
behavior. In the HA, all the hunters do their best to hunt the prey on the
hunting ground. Following the smell of the prey, leads the hunters to
converge to the global maximum on the hunting ground. In this study,
the hunting ground, the prey, and the smell are identical to the ther-
mogram, tumor, and the temperature. In addition to improving the rate
of convergence, the novelty of the HA is the requirement to only one
hunter as the initial population, to find the prey. This is of particular
importance in the tumor detection procedure in the contact thermo-
graphy. In practice, use of one temperature sensor instead of multiple
sensors (as the hunters) for scanning the tissue surface would prevent
the crosstalk effect on the measured values.

In section 2.2, an experimental setup is described, which mimics the
soft tissue containing a tumor. Section 2.3 to section 2.7 explain how
the hunting procedure is modeled and implemented among the hunters
on the hunting ground. In section 3, the result of rapid tumor detection
by the hunting algorithm is provided.

2. Material and methods
2.1. Problem definition

A new optimization algorithm is proposed based on the behavior of
hunting dogs, and it is called the Hunter algorithm. At first, the per-
formance of the HA is assessed by the convergence rate and the accu-
racy of the optimum value for 11 mathematical test functions in com-
parison to the genetic algorithm and the PSO. In the next stage, a tissue-
mimicking phantom made of the agar gel is constructed. The phantom
contains a resistance heater, which simulates a tumor with an elevated
metabolic activity compared to the healthy tissue. Because of the tumor
existence, a temperature gradient appears on the tissue surface. Finding
the location of the maximum temperature is a maximization problem
that would be solved by the Hunter algorithm. The main purpose of this
study is to localize a tumor with a high accuracy and during a short
time.

2.2. Examiner robot for thermal measurement

The surface of the soft tissue is examined by an examiner robot
(Fig. 1a). The robot mainly consists of three DC motors (24 V, 110 RPM,
Buhler 1.61.070.324, Germany) to generate a rotary motion and three
perpendicular ball screws (Lead size: 5 mm/round, HIWIN, Taiwan) to
convert the rotary motion to a linear motion. It contains three incre-
mental rotary encoders (200 pulses/round) to convert the angular po-
sition to a digital code. According to the type of encoders and the ball
screws’ pitch (5 mm/round), the accuracy of position measurements is
25 um. The end-effector of the robot can move in a cubic pattern with
400 mm length, 400 mm width and 160 mm height. The probe of the
end-effector consists of a contact temperature sensor (SHT 11, Sen-
sirion, Switzerland) for thermal measurements. The temperature sensor
measures the temperature in an operating range of —40°C-123.8°C
with a resolution of 0.01 °C and an accuracy of 0.4 °C. The sensor size is
7.42 mm X 4.88 mm X 2.5mm and to examine a surface with dimen-
sions of 100 mm x 100 mm, approximately 3-h-time is required.

Several in vitro experiments are conducted by the examiner robot
on the agar tissue phantoms, which mimic the soft tissue (Fig. 1b). The
agar powder is dissolved in water at 1 and 2.0% (water: agar). The
mixture is heated up to the boiling point during 2 min with a constant
stirring. The agar solution is cooled down in a plexiglass cube with
dimensions of 110 mm X 60 mm X 50 mm at room temperature. Si-
milar to clinical conditions, the room is maintained between 18 and
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Fig. 1. (a) The examiner robot equipped with a contact temperature sensor, (b) the agar tissue phantom including a resistance heater for mimicking the soft tissue

containing a tumor [17].

22°C while the illumination, sunlight, and humidity of the room are
carefully controlled. The agar gel density is 0.99 %, and the thermal
conductivity is 0.55W/m/K.

To simulate the thermal conditions of the tissue during the physical
examination, the cube is insulated with a 2 mm thick natural cork strip
on all sides except for the top surface. A 39-Ohm cylindrical resistance
heater having 15 mm radius and 25 mm length is used to mimic the
embedded tumor. The resistance heater is connected to a 30V DC
power supply to generate 25000 13 heat by the tumor [25].

To detect the tumor, the examiy;ler robot should examine several test
points on the tissue surface. To find the spot with maximum tempera-
ture, an optimization algorithm called the Hunting algorithm is pro-
posed, to reduce the examination time.

2.3. Hunting algorithm

Hunting is the practice of the killing or trapping an animal by
pursuing it. Hunting animals by other animals, which are called pre-
dators, is a necessity for their survival [26,27]. Hunting animals by Man
is done for the business, or recreation. For such a purpose, dogs are used
to find, chase, retrieve, and sometimes to kill the prey. Hunting dogs
allow humans to pursue and kill the prey that would otherwise be very
difficult or dangerous to hunt. In the Hunting algorithm, the hunting
dogs, which are called the hunters, do the action of hunting for trapping
the prey. Here, all the hunters compete for taking possession of the
prey. In addition, the assimilation policy is considered during the
movement of hunters toward the prey.

Fig. 2 shows the flowchart of the Hunting algorithm. Like other
evolutionary algorithms, the proposed algorithm starts with an initial
population (hunters on the hunting ground), each at a particular loca-
tion. Subsequently, each hunter begins to take steps along the axes. In
every step, the hunter checks the distance to the prey. The critical
parameter in the distance measurement is the smell that the hunter
feels. By examining the directions, the hunter decides to go along the
direction in which the smell is more. By knowing the movement di-
rection, it is time to select the movement pace. In this stage, the
proximity to the prey dictates the pace of the movement.

By knowing the direction and the pace of movement, the hunter
starts to move. This procedure would be repeated at the new location of
each hunter. By the time the hunter is close enough to the prey, the
procedure would be terminated. Inattention of getting stuck in the local
minima of some functions, hunters may be captured in traps (local
minima) which have been located on the hunting ground, and the
hunters can no longer continue to hunt. This issue is dissolved by

Initialize the hunters

¢ <

Examine main directions

A 4

Compute the moving direction

A 4

Compute the moving pace

A 4

Move the hunters toward their directions according to
their pace

Stop conditions satisfied No —~

Yes

Fig. 2. Flowchart of the Hunter optimization algorithm.

employing multiple hunters that try to reach the prey. Unlike conven-
tional evolutionary and swarm intelligence-based algorithms, the HA
could be carried out by one hunter as the initial population to find the
prey.

2.4. Generation of initial hunters

The goal of optimization is to find an optimal solution, which is the
maximum temperature, in terms of the variables of the problem. The
variables are the temperature values at different test points. Each
variable is referred to as a hunter. The hunter is identical to the
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chromosome in the GA terminology. Each hunter is an 1 X Ny, array
and is defined by Eq. (1):

h = [pys Pys PssesPiyy ) '68)

Where h is the hunter and p;s are the coordinates of each hunter. For
the two-dimensional movement of the hunter, p, and p, are x and y in
the Cartesian coordinate system, respectively. The cost function (f), is
defined for each hunter by Eq. (2):

cost = f (h) = f (py» P> Pys-sPrigy) @

To start the optimization algorithm, an initial population of size
Nuuneer is generated. The hunters are distributed randomly on the
hunting ground.

2.5. Examine main directions

Each hunter with N-dimensional coordinate system has 2 N options
for the direction of the next movement. The hunter takes one-step
forward and backward along each axis, according to Eq. (3).

hi* = [py, Dys P3»-sD; % Step, ..., Dy 3)

Where, is the step of movement in p, - direction. Fig. 3a shows four
main directions along p, and p, axes for the 2D movement of a hunter.

By moving one-step along each of four directions, the smell of the
prey is sensed and memorized by the hunter. The recorded smells in the
ith-direction are presented by Eq. (4).

1
f(hi) (C)]
Where S; is the smell or the temperature at h*. The function S; is

defined as a new cost function to solve a maximization problem and
obtain the maximum temperature instead of the minimization of the

St =
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function f (h;), which has been previously defined by Eq. (2).

Eq. (4) could be improved by increasing the step of movement (step)
by adding a specific amount, which is referred to as the virtual step (¢).
Therefore, the smell can be measured at the new step by Eq. (5):

€
[f 01> P> P3s sy £ StEp + &, py) — f (B (5)

St =

By using Eq. (5) instead of Eq. (4), the time required for reaching the
prey is reduced. However, the accuracy of hunting may be attenuated.
To reduce the hunting time while maintaining the hunting accuracy,
half of the hunters are treated by the first method through Eq. (4) and
the rest of hunters by the second method, through Eq. (5).

To define the new location of the hunter, the smell values in Eq. (4)
should be compared. According to the smell values, the hunter moves in
the direction with a higher smell. The step to the prey in the ith-di-
rection is defined by Eq. (6):

d; = Max(S;, ;") (6)

In fact, every hunter is looking for a high smell around itself and
wants to move towards the prey with the minimum pace. Hunters are
trained to be aware that moving in wrong directions will lead to high
costs. The pseudo-code of the HA in examining main directions is
provided in Fig. 3b.

2.6. Compute the movement direction and pace

By checking the main axes, the hunter selects between the positive
and the negative directions on each axis based on higher smell values.
The final movement direction is a resultant vector among the directions
chosen on each of the main axes. Each direction has a weighted con-
tribution in the resultant movement vector according to the smell va-
lues. In fact, every step to the prey along the ith-direction (has been
defined by Eq. (6)) is rated by the hunter and has a particular weight

@ :
Axis 2
‘ . ‘ Axis 1
hy h hi
(b) for each dimension i =1, .., n do

if s(h”) > s(h”) then

else

take one step forward and backward for all hunters: h® and h”~

compute the smell function for new positons: S(h®) and s(h’)

choose best dimension as the positive step: d = S(h")

choose best dimension as the negative step: d = S(h7)

Fig. 3. (a) The schematic and (b) the pseudo-code of examining main directions by the hunter for a 2D movement.
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Fig. 4. The schematic of weighting each direction by the hunter toward the
prey in a 2D movement.

compared to other steps in other directions. In Fig. 4, the schematic of
weighting by the hunter is displayed.
To determine the weights, Eq. (7) to Eq. (9) are used:

N
t= zdl
i=1

@

. +
w;(+ dir. ) = e X step 8)
w;(—dir.) = - X step ©)

where, w; is the weight of steps in each direction.

Now, these weights come to the form of a vector, and the compo-
nents are normalized by the square root of the sum of squares of all
weights, given by Eq. (10).

D= [Wl, W, W3,...,WN]
Tl w (10)
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Where, D is the normalized movement vector for each hunter. This
vector is presented in Fig. 5a, and the related pseudo-code is provided
in Fig. 5b.

By knowing the normalized movement vector (D), the hunter takes
one step and records the smell of the prey at the new location which is
S(h + D) (Fig. 6a). Afterward, the hunter compares this value with the
corresponding value at the previous location, which has been indicated
by S(h). According to the smell ratio at the new and the previous lo-
cations, the pace of movement is defined by Eq. (11).

S S = S(h+D)

S(h)
St D)’ S(h) < S(h+ D) an

P=

P is the pace of movement and is always smaller than unity. The pace of
movement helps to control the distance between the new and the pre-
vious locations of the hunter. The pseudo-code of finding the pace of
movement is provided in Fig. 6b.

In case of dealing with a hunting ground with fewer traps or local
minima, the following equation is suggested for the movement pace:

P

Zg\illf(Pl,PrPs ~~~~~ Di + &-pN) — f ()] 12)

where, f= é according to Eq. (4).

By identifying the movement direction and the pace, it is time for
the hunter to move. The movement vector is defined by multiplying the
direction vector by the pace of movement, as presented by Eq. (13).

m =PD (13)

Therefore, the new location of the hunter can be defined by Eq. (14)
as follows:

Rpew = h + m 14

Fig. 7a shows the hunter at its new location. The pseudo-code of the
hunter movement to the new location is provided in Fig. 7b.

@

(®) initialize the sum of best dimensions:

for each dimension i =1, .., n do

for each dimension i =1, .., n do

if d = s(h") then

t=0

compute the sum of best dimensions: t = t + d

else

compute the direction: D = w / length(w)

compute the weight by using the step value: w

compute the weight by using the step value:

n

(s(h”) / t) * s

(s(h) / t) *

(-s)

Fig. 5. (a) The schematic and (b) the pseudo-code of computing the normalized movement vector for each hunter in a 2D movement.
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@

L
S(h + D)
//

(®) compute the pace: p = S(h + D) / S(h)

if p > 1 then

inverse the pace: p=1/p

Fig. 6. (a) The schematic of comparing the smell at the new hunter location with the smell at the previous location, (b) the pseudo-code of computing the pace of

movement according to the smells at the new and the previous hunter locations.

2.7. Stopping criteria

There are a large number of hunters on the hunting ground, and
each hunter tries to reach the prey through the Hunting algorithm. Such
hunting has the benefit that the hunters do not necessarily have the
same location during the hunting procedure. Each hunter has a parti-
cular cost, according to Eq. (4) and the procedure would be terminated
by evaluating the minimum cost among the hunters.

There are two stopping criteria for the proposed algorithm. The
algorithm can be terminated either by limiting the number of iterations
or by reaching a sufficiently small error value. The error (¢) is the dif-
ference between the function's values in two consequent iterations (Eq.

(15)).

€ = f (hnew) — f (R) (15)

3. Results

The performance of the Hunter algorithm is initially tested by the
Ackley's function in a minimization problem. Properties of this function
and the optimization domain are presented in Table 1.

Although the HA could be carried out by one hunter on the hunting
ground, an initial population of 100 hunters is selected and shown in
Fig. 8. The multiplicity of hunters can provide the possibility of com-
paring the performance of the HA with other evolutionary and opti-
mization algorithms. Each hunter shown by " X " mark is looking for the
minimum value, individually. Fig. 8a, b, 8c, and 8d show the hunters
distribution at the initial stage, and after the 17th, 34th, and 50th
iterations, respectively. It can be seen that at the 17th iteration, some of
the hunters are at the local minima and some of them are searching for
the global minimum of the function. At the 34th iteration, only 48
hunters are trapped. At the 50th iteration, few hunters are trapped, and
the flock of hunters (67 hunters) has almost reached the prey. The
minimum converged value by the hunters is 2.8422 x 1071> at this
iteration. This problem has also been studied by the genetic algorithm,
and it has been observed that at the 50th iteration, the converged value
is 3.9096 x 1073, which is higher by 12 orders of magnitude in com-
parison with the achievement of the Hunter algorithm.

The performance of the HA is evaluated by applying the GA and the
PSO to this problem. To make a comparison among these methods, the
initial population of 100 is selected for all of the optimization methods.
In the continuous GA, mutation and selection rates are set to 0.3 and

(@)

®) compute the movement: m = p * D

update hunters’ positions: h = h + m

Fig. 7. (a) The schematic of the new hunter location, (b) the pseudo-code of computing the movement vector for a hunter in a 2D movement.
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Table 1
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Properties of the Ackley's function for a minimization problem, the plot is obtained from https://en.wikipedia.org/wiki.
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Fig. 8. The distribution of 100 hunters on the hunting ground for finding the global minimum of the Ackley's function at (a) the initial stage, and after (b) the 17th

iteration, (c) the 34th iteration, and (d) the 50th iteration.

0.5, respectively, and for the PSO, p-increment and g-increment para-
meters are set to 2. The minimum cost of population versus generation
is displayed in Fig. 9. It could be inferred from this figure that at the
10th iteration, the HA finds the minimum with a difference less than
0.0001, whereas the PSO converges to the global minimum with this
accuracy at the 31st iteration, and the GA does not attain such accu-
racy.

The performance of the Hunter algorithm is tested by ten other well-
known minimization problems. The numbers of initial hunters and the
number of iterations used in the problem f, to f;; are 100 and 50, re-
spectively. Details of the functions and comparison between the op-
timum values obtained by the HA and the GA, are provided in Table 2.

According to this table, the minimum value for problems f, -f, and
fs —f5 is equal to zero. Optimum values acquired from the GA are up to
10, 3, 710, 550, 17, 21 and 36 times greater than the corresponding
values by the HA.

The Hunter algorithm is employed to detect soft tissue tumors based
on thermal measurements on the tissue surface. Fig. 10 is the thermo-
gram on the agar surface, which is a 3D plot of the surface temperature
obtained by the examiner robot. The maximum temperature on the
interval 0 < (x &y) < 100 mm is located at (50 mm, 50 mm), in the
center of the tissue sample, and it is equal to 40 °C. Appearance of the
peak is due to the existence of the tumor.

Several in vitro experiments are carried out by the examiner robot
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Fig. 9. Comparison of minimum costs of the problem f; by the HA, GA, and the PSO versus iteration (convergence rate).

according to Table 3. Considering a constant power and location for the
resistance heater in all experiments except for cases P, and Pj;, a
maximum temperature of 40 °C is observed. In the last experiment (P;;),
the location of the resistance heater is changed in depth. By getting far
from the surface, the maximum temperature decreases, as could be
inferred from Table 3.

Following the experiments, 11 optimization problems are defined to
be solved by the proposed Hunter algorithm. The objective is to find the
maximum temperature and its location while minimizing the number of
measurements on the surface. By doing this, the time required for tumor
detection would also be minimized. In the following, problems
P, P, B and Py are studied in details. The rest of the results are
provided in brief.

The Hunter algorithm starts with an initial population of 1 hunter
looking for the point with maximum smell or temperature. Details of
the HA properties are presented in Table 4.

The hunter is shown by a hollow square ([J) in Figs. 11 and 12.
Fig. 11a, b, and 11c, and Fig. 12 show the hunter movement in pro-
blems P, P,, B and Py, respectively. From the grid in Fig. 10a, the
hunter starts from the point located at (3 mm, 95 mm), while the prey is
located in the middle of the hunting ground. The pace of movement is
bigger at the beginning of the hunting procedure when the hunter is far
from the prey. By getting closer to the prey, the pace is reduced. In
Fig. 11a, the sequence of iterations indicates a larger distance between
the hunter's locations during the initial iterations compared to the latter
ones. If the initial location of the hunter becomes closer to the prey, as
could be seen in problem F;, the number of iterations and the run time
of the hunting procedure are reduced.

In problem P,, the initial location of the hunter is close to the prey;
therefore, the movement pace is selected accurately, and it is small, and
the prey is hunted after a few iterations (Fig. 11b).

For deeply located tumors, including the case in problem Py, the
temperature gradients are decreased. Therefore, it would be more dif-
ficult to hunt the prey. To detect the prey, the pace of movement should
be selected cautiously. As can be seen in Fig. 12, the paces are con-
siderably smaller than those in problems P, and E. If the hunter starts
from similar points on the hunting ground, more iterations are required
for deeply located tumors.

The temperature versus iteration is plotted in Fig. 13 for the pro-
blems P, P,, B and Py,. Increase of the number of iterations indicates
that a longer time is required for tumor detection and localization.

Details of 11 optimization problems with data related to the Hunter
algorithm application are provided in Table 5. As it has been previously
mentioned, the time required to examine a surface with dimensions of
100 mm x 100 mm is approximately 3 h or 10,800 s. Table 5 shows that
even if the start point of the hunter is at the furthermost point of the
hunting ground, only a few seconds are required to localize the tumor.
In this case, in regions with minor temperature gradients, the hunter
moves faster with larger steps. By getting close to the prey, the move-
ment step becomes smaller and it takes more iterations for the hunter to
reach the tumor. The hunter movement toward the prey, when the
initial location of the hunter is at the farthest point from the prey, could
be observed in Figs. 11a and 12.

It should be mentioned that for problems p, to p,;, the thermograms
are plotted just for a better understanding of the hunter movement
toward the tumor, i.e., by using the HA, the hunter moves toward the
tumor without any awareness of the pattern of the temperature profile.
Therefore, the thermal map is not constructed before the employment
of the Hunter algorithm. In fact, the measurement by the examiner
robot is performed for some selected test points picked by the HA. This
would result in the development of a non-continuous and sparse ther-
mogram on the tissue surface. Construction of the HA-based thermo-
gram requires a short time.

The Hunter algorithm is tested on tissue thermograms with multiple
tumors. Thermograms of tissue with two embedded tumors and tissue
with three tumors are displayed in Fig. 14a and c. As could be seen,
there are significant differences between the peaks in both thermo-
grams. The first peak occurs at the location of (50,70) and is related to a
rather superficial and large tumor. The second tumor is located at
(70,40) in Fig. 14a and is located at (60,50) in Fig. 14c. The second
peak is related to a medium-sized tumor, whereas the third peak in
Fig. 14c is related to a small-sized or a deeply located tumor. The
normal temperature in Fig. 14a is 35 °C, and temperature elevation is
up to 7% and 4.5% for the first and second tumors, respectively. Ac-
cording to Fig. 14c, the normal temperature is 37.5 °C, and temperature
rise for the three tumors is approximately 4.5%, 3%, and 1%. 1%
temperature rise is very low concerning the detectable temperature rise
by conventional thermography methods. Figs. 14b and d shows the
movement of hunters toward the tumors. Both thermograms are mar-
ched with a random initial location of the hunters. With regard to
Fig. 14b, the first and second tumors are detected after the 12th and
13th iterations. For the thermogram with three peaks, the first and
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Table 2
Details of mathematical functions and comparison of the HA and the GA by the accuracy of the optimum values, plots are obtained from https://en.wikipedia.org/
wiki.
Function Name 3D Plot Function Formula Minimum value Search Domain  Optimum value of the cost function
GA HA
Sphere function [28] fGy) =x2+)? £0,0) =0 - <X, 2.5002% 2.6145%
6 : y <o 1073 1074
Rosenbrock function [28] f,06, y) = 100(y — X2+ AL =0 — 00 <X, 2.8738 1.0521
2 ’ y <o
B )' -1
Beale function [28] 106 y) = (15 = x + )%+ f1(3,0.5) =0 —45<x, 5.2628x 7.4030x
‘/ (2625 — x + 3)?
Goldstein-Price function [28] fs(x, »)= f0,-1)=3 -2<x, 3.0029 3.0215
:":‘/ 1+ (x+y+1)7? y<2
\47 19 — 14x + 3x2—) |X
14y + 6xy + 3y?
30 + (2x — 3y)?
18 — 32x + 12x2+
48y — 36xy + 27y?
Booth function [28] F(x,9) = G+ 2y — D>+ f(13)=0 —-10<x, 7.6235% 1.3889%
) Qx+y— 52 y<10 1074 1076
Y, >
Matyas function [28] £ 0, y) = 0.26(x% + y?) £0,0)=0 —-10<x, 2.3056% 1.3573%
: ‘ / —0.48xy y<10 105 106
Levy function [28] fo e, y) = sin?(3mx)+ Q1) =0 —-10 <x, 3.3600%x 1.5953%
4 -5
“ D (= D2 + si2Gry))+ y<10 10 10
v — D?(1 + sin?(27y))
Three-hump camel function [28] ] \ fy &, ) = 2x2 — 1.05x4+ £(0,0)=0 —-5<x, 8.1648% 2.2546x
6 y<5 1076 1077
E Ty
Cross-in-Tray function [28] fio (x, ¥) = —0.0001 (I sin(x)sin(y) 1.64941 —-10<x, — 2.0626 — 2.0626
[ 0.1 fio —1.34941 = y<10
N
exp| [100 — — 1+1) —2.06261
Eggholder function [28] FaG,y) == + 47)x 512 - 512 <X, —9.2536x —9.3241x
ai! B
A2 > I— il 4042319 y<si2 102 102
i . | x .
‘ A S”‘[\s‘ ‘y ta T 47‘ ]_ —959.6407
xsin(ylx — @ + 47)|)

second tumors are found after the 9th and the 11th iterations, while the
smallest peak is detected after the 17th iterations. Increased number of
iterations for the third tumor is related to the minor thermal effects on
the thermogram compared to two other tumors.

The Hunter algorithm is also applied to the thermograms obtained
by Dua et al. [29] and Mulaveesala et al. [30]. In these studies, an
infrared camera was used to detect radiations from the surface of the
breast tissue and to map the thermal gradients on a thermogram. Linear
frequency modulated thermal wave imaging was adopted to detect
tumors of the breast. Results were indicative of the presence of 4 tu-
mors. Table 6 presents the number of iterations by using the Hunter
algorithm to detect and localize all embedded tumors. Performance of
the hunter algorithm could be evaluated by investigation of the dif-
ference between the exact and the optimum values of the temperature
and the location of the embedded tumors. It is clear that the HA can

rapidly and precisely detect and localize the breast tumors.
Considering the results presented above, the Hunter algorithm has
two significant privileges compared to conventional evolutionary and
optimization algorithms. First, by employing the HA, the accuracy of
the optimum value, and the rate of convergence are significantly im-
proved compared to the GA and the PSO. Results provided in Table 1,
Fig. 9, and Table 2 state that by fixing the population size for the HA,
GA and the PSO, the accuracy could be improved up to 12 orders of
magnitude; meanwhile, the number of iterations is reduced. In order to
compare the performance of the HA with recently developed optimi-
zation algorithms, the Cuckoo search algorithm is selected, and the
population size is fixed. The Cuckoo search (CSCo) is one of the nature-
inspired algorithms, which has been used extensively for optimization
problems in different fields of engineering. This algorithm was im-
proved by Marelia and Twala [31], and three new Cuckoo search
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Fig. 10. Plot of the thermogram on the agar surface with dimensions of 100 mm X 100 mm containing a tumor in the central point.

Table 3
The tumor location and the maximum temperature obtained from different in
vitro experiments conducted on the agar samples by the examiner robot.

Case Number Tumor Location (mm) Maximum Temperature (°C)

Py (50,50) 40
P, (8,90) 40
Ps (87,85) 40
Py (82,20) 40
Ps (23,25) 40
Ps (50,50) 40
P, (50,50) 40
Py (50,50) 40
Py (50,50) 40
Py (50,50) 40
P (50,50) 37.5
Table 4
Details of the Hunter algorithm in problems P; to.
Py;.
Parameter Value
Problem dimension 2
Iteration limit 50
Number of hunters 1
Step (s) 1 mm

algorithms were introduced based on dynamically changing switching
parameters. These algorithms were referred to as CSLD (the Cuckoo
search using linear decreasing switching parameter), CSLI (the Cuckoo
search using linear increasing switching parameter), and CSEI (the
Cuckoo search using exponential increasing switching parameter). The
three algorithms, along with the CSCo were tested on a number of
mathematical test functions. Results of this study showed that for the
Ackley test function, as an example, the global minimum is 1.10 x 1077
by the CSCo, 9.67 x 10~% by the CSLD, 3.35 x 10~% by the CDLI, and
5.94 x 1077 by the CSEI, while it is 2.8422 x 10~!° by the Hunter algo-
rithm. This comparison shows that the HA is much more exact than the
Cuckoo search algorithm and its derivatives. The Rain-fall algorithm
(RFO) is another optimization algorithm which was proposed by Kaboli
et al. [32] based on the behavior of raindrops. It was declared that the
RFO is unaffected by the parameter setting of the applied optimization
method. The RFO result for the minimization of the Ackley function was
reported to be 1.724 x 10~* which is less accurate than the result by the
HA, by orders of magnitude. Moreover, the Bat algorithm (BAT) [33,34]
and the Firefly algorithm (FF) [34,35] were employed for assessment of
the HA while the population size is fixed for the sake of equality
(n = 50). It was observed that the optimum value at the 30th iteration

10

Fig. 11. The hunter movement toward the prey in problems (a) P, and (b). P,.

is 2.3629 by the BAT and 8.1779 x 10~> by the FF for the Ackley func-
tion, while it is 2.5821 x 107!° by the HA. For the Eggholder function,
the optimum value is —831.837 by the BAT and —816.391 by the FF,
while it is —923.344 by the Hunter algorithm. In addition to the better
performance of the HA in the optimization process, another privilege of
the HA is that unlike most of the optimization and evolutionary algo-
rithms, the HA is not disturbed by the determination of the number of
the initial population. In fact, the Hunter algorithm is not swarm in-
telligence-based algorithm and could be carried out by only one hunter
as the initial population to find the prey. The large number of the initial
population, which is required for many optimization algorithms, has
many disadvantages including the need for parallel implementation,
rather slow convergence, and long search time. In addition, the setting
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Fig. 12. The hunter movement toward the prey in the problem. Py.

of various parameters is determined by the experience; therefore, it has
a high dependence on the specific application [36]. Significance of the
HA is not limited to the optimization strategies. The HA is of clinical
importance in simultaneous localization of multiple tumors from the 2D
thermogram with multiple local extrema. Furthermore, the HA could
detect an insignificant temperature gradient on the thermal map, which
could be related to a small tumor or a deeply located tumor.

4. Discussion

In the present study, the contact thermography is used for the de-
tection and localization of soft tissue tumors. The soft tissue is mi-
micked by the agar gel, and a resistance heater is placed within the
sample for mimicking the tumor. An examiner robot is employed to
measure the surface temperature by a contact temperature sensor. It is
estimated that for the construction of a thermogram, which includes all
points on the tissue surface, a couple of hours are required. To reduce
the examination time without affecting the accuracy of the diagnosis
procedure, a new optimization algorithm is developed. The algorithm is
named the Hunter algorithm since it is inspired by the behavior of dogs
in hunting the prey. The critical parameter in the Hunting algorithm is
the smell that the hunter feels. By examining the directions, the hunter

41.0
40.0

39.0

Temperature (°C)

10 13 16 19

22
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Table 5
Number of iterations and the time required to reach the point with the max-
imum temperature for different cases presented in Table 3.

Problem Start Point (mm) Iteration Time (sec)
P, (3,95) 22 24
P, (3,95) 4 4
P (3,95) 33 36
P (3,95) 25 27
Ps (3,95) 32 35
P (8,90) 21 23
Py (8,90) 20 22
Py (82,20) 19 21
Py (23,25) 18 19
Py (3,95) 46 50
Py (3,95) 46 50

decides to go in the direction in which the smell is more. By the time the
hunter is close enough to the prey, the procedure would be terminated.

In order to evaluate the performance of the HA, minimum values of
11 mathematical test functions are calculated by employing the HA.
According to Table 2, multiple and large numbers of global minima and
the convex shape are the main characteristics of the selected test
functions. Results in Table 2 and Fig. 9 specify that the performance of
the Hunter algorithm is improved compared to the GA and the PSO by
the convergence rate. Meanwhile, the accuracy of the optimum value
by the HA is increased by orders of magnitude for an identical number
of the initial population and iterations.

However, the motivation of the work is not only limited to the
optimization of intricate mathematical functions, but also the proposed
algorithm is developed with a clinical significance in improving tumor
detection and localization procedures. It is desirable to detect tumors at
early stages when the tumor size is small, and the chance of a successful
treatment is high. The thermography method could be employed for the
tumor detection because cancerous cells generate more heat than
normal cells due to their higher metabolic activity, their angiogenesis,
and their vascular dilation [37]. However, the thermography applica-
tion is limited by the tumor size. For tumor cases with a high amount of
heat generation and a high amount of temperature rise, significant
thermal effects would appear on the tissue surface, and the thermo-
graphy method would be more effective in cancer detection.

It has been confirmed that the amount of temperature rise on the
tissue surface depends on the tumor size and depth of location. In a
study by Ng. et al. [38], a relationship was determined between the
amount of heat generation and the tumor diameter. According to this
study, the amount of heat generation by a tumor with the diameter of

pe——p 10

25 28 31 34 37 40 43 46

Number of Iteration

Fig. 13. The convergence plot to the maximum temperature in problems Py, P, B and Py, by one hunter on the 2D thermogram.
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Table 6
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Parameters of the hunter algorithm for the application to thermograms of the breast tissue, the thermograms are obtained from Refs. [29,30], and each thermogram
contains four tumors. Location and temperature values are scaled in the range of 0-100.

Thermograms [29,30] £ 20.[‘{(7‘ L, TR L la
5 ) . ]
& r - 2 Q] - Fis s
= 40f S = 1 -0.1
e ‘ 11 &
g 60 | =
= ! 1 of b
E o = . '-.. | > E 100 i
! .- =
E "’0‘, ¥ Ce 0 = 0.3
= 120 2120
Z jaobeti 4 . * a0
Z 1408 =
Sl - S— | B il o
50 100 150 100
Pixel number along length Pixel along length
Tumor number #1 #2 #3 #4 #5 #6 #7 #8
Number of iterations 12 12 12 13 12 10 8 13
Tumor parameters Exact values Location 0 < (x & y) < 100 (73,67) (32,67) (74,34) (32,32) (75,66) (33,67) (74,33) (33,33)
Temperature 0 < T < 100 100 93 89 84 100 94 63 57
Optimum values by HA  Location 0 < (x & y) < 100 (73,67) (33,67) (74,35) (32,32) (76,67) (33,67) (74,32) (32,33)
Temperature 0 < T < 100  99.70 92.83 89.22 84.01 99.96 93.69 62.87 57.03

18 mm is about 10,000 13, while more heat is generated by larger tu-
mors. The amount of heat generation by an 18 mm-diameter tumor
increases the surface temperature up to 1°C or 2.7%, which is not
significant. Gorbach et al. [39] used an infrared camera and measured a
temperature difference of 2.0 °C in the tumoral region compared to the
healthy surrounding tissue. Keyserlingk et al. [40] showed that the
smallest tumor diameter detectable by the thermography is 1.28 cm,
which is smaller than the detectable size by conventional imaging
methods. In this regards, small-sized tumors and deeply located tumors
produce almost insignificant thermal effects on the tissue surface. For
early tumor detection with a negligible temperature gradient, the
Hunter algorithm could be employed. According to Fig. 14c and d, a
3 mm tumor with a temperature rise less than 1% or 0.3 °C, could be
accurately detected by using the HA. In addition, the HA could reduce
the inaccuracy of multiple tumor detection with more than one max-
imum temperature by employing a couple of hunters as the initial po-
pulation. In this regard, the HA is applied to thermograms of the breast
tissue obtained by Dua et al. [29] and Mulaveesala et al. [30] and it is
observed that the tumors could be detected accurately. Moreover, the
number of temperature measurement on the tissue surface is very
limited which results in the reduction of the examination time.

At this stage, it is worth to mention that unlike most of the opti-
mization and evolutionary algorithms such as the GA and the PSO, the
performance of the HA is not disturbed by the determination of the
number of the initial population. As it has been mentioned previously,
unlike the evolutionary and swarm intelligence-based algorithms, the
Hunter algorithm could be carried out by only one hunter as the initial
population to find the prey. This is of particular importance in the
tumor detection procedure by the contact thermography. In practice,
use of one temperature sensor instead of multiple sensors (as the hun-
ters) for scanning the tissue surface, would prevent the crosstalk effect
on the measured values. Therefore, the accuracy of measurements is
increased. As could be seen in Fig. 11a and b, the tumor is detected by
one hunter on the thermogram.

5. Conclusions

In this paper, the thermography method is coupled with a novel
optimization algorithm to rapidly detect and localize tumors inside the
soft tissue. An examiner robot is used to construct a temperature map
on the surface of tissue-mimicking phantoms. Study of this map pro-
vides data about the tumor existence and its location. This method has
the privilege of being non-invasive to the body but has the disadvantage
of being time-consuming to examine the entire tissue surface. To
overcome this limitation, an optimization algorithm called the Hunter
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algorithm is proposed. Through this algorithm, the hunters approach
the optimum value while few hunters are trapped in the local minima
and a flock of hunters can hunt the prey. The effectiveness of the Hunter
algorithm is tested by 11 mathematical test functions. Results show that
the algorithm finds the global minima of these functions with a higher
accuracy and faster than the GA and the PSO algorithm.

In addition to reducing the optimization costs, the novelty of the HA
is the requirement to one hunter instead of a large number of the initial
population. The Hunter algorithm with one hunter is used to find the
maximum temperature on the thermograms obtained from 11 in vitro
experiments. Results affirm that the Hunter algorithm can magnifi-
cently reduce the time required for identifying the location of maximum
temperature. The time required to reach the deeply located tumors is
increased, but it is still much less than the time required for examining
the whole tissue surface. Moreover, the number of iterations depends
on the initial location of the hunters on the hunting ground. Results
illustrate that the rate of convergence is increased by getting closer to
the prey at the initial state.

The HA has very important clinical application in the detection of
small-sized and deeply located tumors with insignificant temperature
gradient on the tissue surface. In addition, it is useful for the case of
multiple tumors with several local maxima on the temperature map.

In conclusion, the thermography method in conjunction with the
Hunter algorithm has various clinical applications in the tumor detec-
tion procedure. The proposed method could be employed as a screening
tool for early detection of soft tissue tumors. Meanwhile, it is non-in-
vasive to the body and less expensive compared to the conventional
imaging techniques.

The authors are going to improve the method by performing ex-
periments on human subjects. Moreover, they are extending the ability
of the proposed method in the area of tumor features’ extraction in their
future study.
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