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Abstract: To solve the problem of low efficiency of source seeking in implicit information field, this
paper presents an autonomous souring method based on balanced searching strategy is enlighten
by biological homing behaviors. At the beginning of the research, the source seeking task come
down to a multi-objective convergence issue. By taking the feasibility search behaviors as the
individual sample of the evolutionary population drawing on the thought of evolutionary
algorithms, then combine motion searching with population evolution, so the carrier can be guide
to complete source seeking task by solving the multi-objective problem. Furthermore, the
distribution entropy is also considerated d to measure the searching bias in the process of source
seeking. Combined with the demand of the source seeking process, a new source seeking method
of balanced searching strategy is designed. Ultimately, through theoretical analysis and simulation
verification confirm the effectiveness and rationality of the proposed method.

Keywords: Source Seeking; Biological Homing Behaviors; Implicit Information Field; Balanced
Searching Strategy

1. Introduction

The implicit information field is a common source of information in nature, such as odor field,
geomagnetic field, gravity field, etc. Compared with explicit information, implicit information field
is limited by information distribution characteristics and measurement methods, and also limited by
certain observation boundedness. It can hardly obtain data from the adjacent space outside
boundary and often requires measurement in site to obtain data[l,2]. From the perspective of
characteristic distribution, although the implicitit information distribution between adjacent
elements has a certain continuity, its gradient direction varies, therefore it is difficult to use the
measured data to deduce the data in the unreachable area. This issue cause difficulties to the
development and utilization of implicit information field, such as geomagnetic navigation [3,4] and
the odor source finding [5]. In the modern industrial environment, there are similar scenes, such as
nuclear leakage environment, carrying out the search for nuclear leakage source [6]; In the fingerprint
positioning application, the reverse positioning of the faulty fingerprint source is reversed [7].

At present, for the source seeking problem of implicit information fields, the searching method
mainly based on searching method by path planning and searching method data driving.

The searching method based on path planning means that the carrier moves along the way
which was planned to searching the target source, and the typical methods are traversal searchand
Z-shape search, etc [8,9,10]. This method does not distinguish the types of information sources, and
with certain universality characteristic by optimization of the path and the expansion of detection
capabilities [11,12,13,14]. By optimizing the path and expanding the detection ability, the search
efficiency can be improved to a certain extent. However, the shortcoming of this method lies in the
exponential relationship between the searching time and the searching space, which is difficult to be
accepted in the context of large scene applications.
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The data-driven searching method refers to the research of the source seeking method from the
perspective of data acquisition and data utilization [15,16,17]. For example, although the formation
cooperative searching method improves the measurement ability of the environmental characteristics
of implicit information field and then can obtain more data. However, it is prone to information
redundancy or conflict, which leads to the failure of source search [18,19]. Probabilistic predictive
searching which based on the historical measured data uses the method of statistical probability to
predict the position of the target point, and adjusts the predicted results constantly in the subsequent
searching, so as to guide the carrier to realize the source searching[20]. However, this method is easy
to fall into partial minimum.

At present, with the development of technology and our exploration of the environment,
knowledge seeking forms and occasions are more and more diverse. However, not all scenarios can
predict its structure and internal correlation, and also many scenarios are presented as the black box
solving problems[21,22,23]. In these problems, there are some black box problems with solvable
properties. For example, underwater organisms can complete thousand-mile migration by using
magnetic field characteristics without any prior database, but it is difficult for humans to achieve
navigation tasks without prior geomagnetic database. Dogs can accurately detect odor sources in
unfamiliar environments without relying on the misty rain model of odor. Similar posterior detection
problems are presented in the scenarios of nuclear radiation source search, pseudo-WIFI source
search, and alien exploration.

This paper proposes a source seeking method based on balanced searching strategy from the
perspective of autonomous search which is inspired by the biological source seeking behavior [26,27].
From the perspective of biological autonomous search, and due to the lack of reference of the a priori
database, the source seeking behavior shows the exploration of the environment and the exploitation
of the previous information in the implicit information field. The autonomous searching behavior is
carried out by taking the characteristic parameters of the information source at the target as the
convergence target.

2. Problem description

In general, the implicit information field that can be sourced or used for localization which have
many parameters to be described, and can be uniquely characterized by a variety of feature
parameters [28], as shown in the following equation:

E={e,e, -6, ,neZ} D
P(x,y,z2) > E

where, E stands for the set of an implicit information field features, characterized by n parameters
e,6,, -,e,; P stands for any position in space (x, y, z), there is a one-to-one mapping relationship

between P and E. In the implicit information field, this mapping is ambiguous. As a result, historical
information cannot be used to accurately build mapping models.

Here, we note the target information source features as E™. Then the problem of source seeking
for implicit information field can be described as the process of the carrier uses the measured data
combined with autonomous search to achieve the search of the target source. Without loss of
generality, the implicit information source finding problem can be reduced to the following: the
convergence of various environmental parameters to the target environmental parameters without
prior database [29], as shown below:

min F(E, k) =( f,(e,, k), f,(e,,k),---, fn(en,k))T (2)

where k represents moment information; Objective function F is k-time, and the difference between

E* the measured environmental characteristics E' and the target environmental characteristics.
The termination conditions of the source seeking task are given from the perspectives of
parametric convergence and position convergence, respectively, as shown in the following equation.
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where, the T represents the target location, eiT which is the characteristic parameter of the i-th target

environment; (XT Yoo ZT)is the spatial position P, ¥ is a constant, and represents the source

precision. The above equation represents the true spatial position of the k-time, the environmental
feature e converges to the respective target value, and the carrier reaches or approaches the target
point.

The specific form of function F in Equation (2) cannot be established accurately combing with
the content described in Equation (1). It should be emphasized that this paper does not carry out the
research on how to establish the specific form of function F and assumes that the function F is
unknown.

3. A source seeking method based on balanced searching strategy

Obviously, it is too difficult to solve the multi-objective convergence problem described in
Equation (2) when the specific form of F is unknown. Therefore, in this section, firstly, the
characteristics and existence conditions of the solution of the implicit information field that can be
found is given. Then, by introducing the search path into the source seeking problem, the relationship
between search behavior and parameter variation is established. Finally, according to the principle
of information tendency, a search behavior based on balanced searching strategy is proposed, and a
source seeking algorithm is given by combining the idea of evolutionary algorithm.

3.1. Characteristic analysis of the source of implicit information field

In nature, there are a variety of implicit information fields can be used as navigation information
sources for animals, such as odor field and geomagnetic field, gravity field, other hidden information
fields [17,18]. For example, Guiding animals to complete homing, migration and other source seeking
tasks, whose source seeking span is often tens or even thousands of kilometers. In this process, it is
obvious that the simple brain structure of animals cannot store a complete "map" beforehand. It is
believed that in the process of animal source search, implicit information field provides one or even
more winding paths to guide animals to the source.

In order to accelerate the analysis of the characteristics of the source solution of the implicit
information field, we could assume that the distribution of the environmental feature E in Equation
(2) is known, so the source seeking problem can be reduced to a multi-objective convergence one.

Therefore, the distribution characteristics of the implicit information field source seeking
problem solution can be analyzed from the perspective of Pareto optimal solution with the help of
multi-objective optimization theory.

Consider in a two-dimensional plane, assuming that the carrier is located at the k-moment

P. = (X, Y,) - Within adjacent cells, there will be a closed region G consisting of Pareto solution sets

(see Figure 1).
In Figure 1, 3x™ € ¢ within the region G, satisfied F<X*,ti>< F(x,t), that is the region G

represents the closed region composed of the Pareto solution set, and arrow "—>" represents the
direction pointing to Pareto solution set.

The solution of the source seeking problem can be regarded as the process of finding the region
G in the search space within a particular time. Generally, when the number of searches is enough that
the parameter space can be traversed, then the search behavior could be entering the Pareto solution
set region and obtain the source direction at the current moment.

When time changes from k to k+1, region G will also move, and its changing process can be
shown in the following figure 2.
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Figure 1. Schematic diagram of static solution distributed in the two-dimensional plane.
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Figure 2. The distribution of solutions at different times.

In Figure 2, F;(k) shows the optimal solution in the k-time within G-region. It can be seen that
the size and position of the optimal solution will change as the moment changes. When k € [k, k]
changes continuously, there exists an optimal solution F;(k) at the current moment at every
moment, which is enclosed by the optimal solution cluster enclosed by Ps(k) (see Figure 3).

Figure 3. Schematic diagram of the distribution of solutions at continuous time.

In Figure 3, the time-optimal solution cluster at the continuous time is presented as a channel
shape. By connecting the optimal solutions at the continuous time in the channel, a curve will be
obtained, which is called the solution curve. The solution curve connects the known solution (starting
point) and the solution (ending point), and the solution curve can be tracked to solve the multi-
objective problem.
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The solution curve is the result of the source seeking issue at different times, and tracking the
curve can guide the search algorithm to converge to the global optimal solution. In the source finding
issue, this curve is the moving trajectory of the carrier in space, connecting the starting point and the
end point of navigation, so this curve can also be called the source finding solution curve.

3.2. Source seeking behavior of implicit information field based on motion path

Due to the limitation of measurement for implicit information field characteristics, we cannot
get the data of the unreached area or unit. The measurement of environmental characteristics in
implicit information field depends on the motion path. For example, olfactory navigation, where you
can't predict the intensity of odours in neighbouring locations. Therefore, it is necessary to introduce
the motion path into the issue described in Equation 2.

Considering the moving carrier as a particle in a two-dimensional plane, the kinematic equation
of the carrier can be described as follows.

X1 = X, + L cos(9)

Vi = Yi +Lsin(0) 4)
u=(L,6)

where, P, = (xi,yy) represents the position of the carrier at time k; The motion parameter u
consisting of step length L and motion direction 6. Record the position experienced by the carrier at
successive moments, which will constitute a motion trajectory guiding the carrier to reach the target
point.

Equation 4 is introduced into the issue of source seeking for implicit information field, then the
multi-objective search problem is obtained as shown in Equation 5 below.

min F(E, k) = (f,(e,,k), f,(&,,K), -+, f, (&,,k))"

st. G(Ek,u)<0 (5)

where, G is the constraint function of search behaviors, which is composed of environment parameter
E, motion parameter u and time information k. After the introduction of constraint function G, the
change of objective function F can be caused by the execution of u, and the connection between
objective function F and u is indirectly established, which provides the possibility of solving the
subsequent source search issue.

3.3. Balance searching strategy

3.3.1. Exploration and exploitation

Exploration and exploitation are two basic strategies in the process of search optimization
[26,30]. Among them, exploration refers to the searching strategy aimed at obtaining the information
of objective function from the perspective of breadth in the searching process. On the other hand,
exploitation refers to the searching strategy based on the function information obtained by
exploration, which aims to find the optimal solution at the depth level.

In nature, animals homing in unknown environments through the exploration of unknown
environment and the exploitation of historical information. The source seeking process can be
described as follows: in the initial stage, animals may explore the environment through their own
movement to obtain the distribution information of features to make up for the lack of environmental
cognition; then use the accessed information, search for the source path, and respond to the change
of the environmental features of distribution, search behaviors to maintain equilibrium between the
exploration and exploitation, in order to obtain maximum profits (here, the benefits including the
information of the cognition of environmental benefits and the optimization of target point of
convergence), thus guide individuals to arrive at the target point.
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Inspired by the homing behaviors of animals, we propose a balanced searching strategy, which
focuses on the exploration and exploitation of environmental information, and focuses on the
dynamic balanced of information returns and optimization returns, then combines different stages of
searching to carry out equilibrium searching. In the early stage of searching, the environment
information is explored through random roaming, and the trend movement is gradually formed. In
the stage of source searching, the searching bias is dynamically adjusted between exploration and
exploitation for the purpose of maximizing revenue.

3.3.2. The algorithm of source seeking

(1) Search behaviors design based on evolutionary algorithm

In the following, a source seeking algorithm is proposed based on the balanced searching
strategy.

The searching process depends on the movement of the carrier, and its searching behaviors can
be characterized by the motion parameter u. Drawing on the idea of evolutionary algorithm, the
evolutionary population is constructed by taking the feasible searching behaviors as the sample of
evolutionary population. So, the j-th sample individual can be defined as follow:

Q,=6;=D,xR, j=1---,N (6)

pop

Where, R € [1,---,2m/Dg] is a random number; Dy is searching space compression ratio; Ny,
stands for population size; usually, set as N,,, > (21/Dy).

The carrier's searching for the target features of environment depends on the movement in space.
Multi-target searching and the movement of the source space have the temporal characteristics as
shown in the following Figure 4.

The process of search for multi-objective evolutionary
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The movement of search for the source
Figure 4. The principle diagram of source seeking.

Combined with the Figure 4, the source seeking process can be described as follow. At the k-
time, select a certain Qf from the evolutionary population Pop(k) with medium probability as the
motion parameter of the carrier, and the carrier will obtain the motion displacement of L* by
executing QF. The E¥ and E**! at positions P, and Py,; were measured by carrier movement,
then substitute it into Equation 5 for multi-objective solution and calculate multi-objective function
F. According to the convergence state of the multi-objective function F, the source seeking
performance of the executed samples is evaluated, and the breeding or elimination operation is used
to increase or decrease the proportion of such samples. Through the mutation operation to improve
the population diversity, a new population Pop(k+1) is obtained, and the next round of searching
process is re-entered. Through repeated iterations, the multi-objective function converges to the
minimum and the source search task is realized.
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(2) Search bias measure

The bias of search behaviors can be measured by the diversity of the evolving population. The
higher population diversity, the more scattered the sample distribution in the population, resulting
in greater randomness of the search behaviors, and the search behaviors is biased towards
exploration at this moment; the lower population diversity, the more concentrated the distribution
of samples in the population, resulting in less randomness in the search behaviors, which is biased
toward development at this time. For measuring the populations diversity, the concept of distributed
entropy is introduced here.

Definition 1: Distributed entropy: The sample type is class N and the sample individual can be
represented as Cj,::+,Cy. At some point in the evolution of the group, the proportion of sample
individuals in the group is py, -+, pyrespectively, and satisfiedZN: p =1 then the distribution entropy

i=1

is:

H(pp Py pN):_Z P In P
)

The distribution entropy is nonnegative, symmetric, and additive in the distribution space, and
which is a strictly concave function. When all samples are uniformly distributed, H has a unique
maximum value; When one type of individual dominates the population, that is p, —1,

p; > 0(Vi>1) there are:

N
limH = !{T{— pInp, —Zz) p.In pi} =0 o

Distribution entropy is lowest currently.

The distribution entropy quantifies the population diversity and reflects the searching bias of
the population. Exactly, the larger the entropy value is, the stronger the global exploration behaviors
of the population will be. The smaller the entropy value is, the stronger the local exploitation ability
of the population will be.

(3) The strategy of balance

Combined with the analysis of the source seeking path of implicit information field in Section
3.1, the source seeking path will change with the spatial position. It is not conducive to the tracking
of the source path when distribution entropy of the evolutionary population is too large or too small
in the source seeking process. Therefore, we combine the structural characteristics of evolutionary
algorithms and the distribution characteristics of source paths to give a specific algorithm of balanced
searching strategy. We divided the source searching process into three stages (see Figure5).

The process of sourcing

Exploration

H< Hhigh—lh

Exploitation

{E* =E"

Initial stage of sourcing:
End of sourcing

Exploration

= " Tlow-th

Figure 5. Schematic diagram of decomposition in source searching stage.

In the first stage, the initial stage of source seeking, the searching behaviors is mainly
exploration. When the population sample species at time k is greater than 1 time, it will enter the
source seeking stage.
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In the second stage, the process of source seeking, the searching behaviors changes dynamically
between exploration and exploitation.

When the distribution entropy H is less than or equal to the highest threshold entropy Hpign—¢n,
the searching process is exploitation-oriented to avoid too much random motion leading to the failure
of the search. When the distribution entropy H is greater than or equal to the lowest threshold entropy
H,,\—tn, the process of source seeking enters the searching process dominated by exploration to avoid
the premature population problem caused by low population diversity. Other time, the carrier carries
out the search task according to the results of population evolution.

In the third stage, the end of source seeking. When the parameter space reaches and the real
space reaches in Equation 3, the source seeking task can be completed.

So far, we give the source seeking method based on balanced searching strategy, and then
combine mathematical analysis and experimental simulation to verify the effectiveness and
rationality of the algorithm.

4. Algorithm performance analysis

4.1. Analysis for the convergence of the algorithm

Using the balanced searching method is based on genetic evolution, we can obtain the source
path by solving the multi-objective function and guide the carrier to the target source position. The
essence of the algorithm is still a multi-objective evolutionary algorithm.

For the optimization issue, the global convergence of the algorithm should meet the following
two conditions:

Strictly covered variation distribution, so that any individual x’ € X can be generated by
individual x € X according to a certain mutation probability.

In evolutionary algorithms, the population sequence Pop(0), Pop(1),---,Pop(k),--- is monotone,
means that the entire evolutionary process does not degenerate the population due to the loss of the
optimal individual.

For condition (1), it is easily guaranteed in evolutionary algorithms that include mutation
operations.

Considering that the transfer probability from individual i to individual j is 7;;, and considering

the limiting behaviors in the finite search space k — oo, there is ||<im r;(0) =1. It's means that the
-

balanced searching strategy with genetic variation as the core can ensure that any individual can be
generated by another individual.

Proof.

For condition (2), it can be proved from the perspective of population learning.

During the searching process, the progeny population consists of two parts, one part is the
parent population that was not selected Pop’, and the other part is the new population that has been
learned through trial and error pop.

The source seeking algorithm selects only one sample of the population to reproduce in any one
evolution.

When the population reaches a certain size, the performance h', (k) of the old population Pop’
is equal to the performance h, (k — 1)of the parent population Pop(k —1),s0 h',(k) = h,(k — 1).

The pop performance of the progeny population obtained through learning p () will be superior
toh (k-1), 80 h (k)>h,(k-1)-

If sample q; is selected and the evaluation result is excellent, the breeding operation will be

performed.
The next generation population is composed of the progeny population pop(k) and the parent

population pop'(k). Then the performance of the next generation population is:

h, (k) =h, (k=1 +h, (k) > h, (k-1) )
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If sample q; is selected and the evaluation result is inferior, and the elimination operation will
be performed to generate new sample individuals according to the probability. In terms of its results,
its performance is no lower than that of its parent population.

Therefore, after performing an evolutionary operation, the performance of the progeny
population will be no worse than that of the parent population, and the population sequence for
continuous time Pop(0), Pop(Y),---, Pop(k),--- will be monotonous.

Proof.

4.2. Analysis for the performance of source seeking

As for the source seeking algorithm based on balanced searching strategy, its source searching
ability can be clarified from the perspective of obtaining and tracking the solution.

At k-time, the purpose of the source seeking is to find the closed region G composed of Pareto
solution set. Because of the carrier searching behaviors is limited, and the mutation operation is used
between behaviors, it has the connective reachability.

Therefore, the source seeking issue at k-time can be optimized.

When the closed region G is obtained at k-time, and the optimal solution G contained in this
region is wrapped by the Pareto boundary, it will be formed a meandering channel to reach the global
optimal solution.

Under the constraint of balanced searching strategy, it can get the solution curve by the search
behaviors. And the multiple parameters of environmental will converge to the global optimal
solution at the T-time.

Therefore, the source seeking process based on balanced searching strategy can converge to the
target point when one or more source paths exist in the source search space.

5. Experiment

5.1. Simulation background field and source-seeking parameter setting

Geomagnetic field is a natural resource of the earth with abundant characteristic parameters and
is a natural navigation information source in nature. It is a typical implicit information field because
of the complex nonlinear mapping relationship between parameter distribution and geographical
location. In this paper, we take the source seeking behaviors of animals using geomagnetic field, such
as migration, homing and migration, as the prototype to verify the source seeking method.

(1) Parameter setting for carrier movement

The global geomagnetic model WMM2020 is employed to construct the source seeking
environment in MATLAB. Considering the accuracy of the actual geomagnetic field sensor, set the
movement step length [=500m, and each movement step will cause the change of the total field
strength of about 1~2nt.

The characteristic parameters of geomagnetic environmental are selected asB = {B, ,B,,B, } .

Therefore, we can obtain the form of G function in normalized as follows:

3

G(B,k)=)"

BT —BX
B -B’

(10)

(2) Parameter setting for BSS algorithm
Set the sampling interval as p, =30'and population size as N, =36, propagation operator Pv=2,
mutation operator Pmu=0.02.
Choose the intermediate threshold entropy h - Fugo*Howw - And H €[min(H), Max (H)],
! 2

where min(H)=0, Max (H)=2.3. Here set H,=1.5, H,, , =18, H,,,=12.

low-th
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5.2. Comparison of different algorithms

Gradient descent algorithm (GDA): Assuming that the mobile carrier can obtain the magnetic
field distribution of adjacent elements, the source finding issue described in Equation 5 is
transformed into a dynamic multi-objective optimization issue, and the source finding path can be
solved by using the gradient descent method. This result is denoted as the ideal path.

In literature [31, 32], a timing evolution searching strategy (TES) is employed as reference
algorithm.

Here, we set the target parameter set as (28126nT, -3121.3nT, 54480nT).

The above three algorithms are used in the simulation experiment, and the source seeking path
is obtained (see Figure 6).

— 24000 —
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Figure 6. The route of source seeking.

In the Figure 6, “O” is the initial position of the carrier; “T” is the position of the source target.
The black route is the source seeking route obtained by using GDA, which does not exist in the real
environment due to the limitation of sensor perception ability, and is only used as an ideal route to
test the effectiveness of the algorithm. The red route is the source seeking route obtained by TES; The
blue route is the route obtained by using the proposed algorithm BSS. It can be seen that all the three
routes can converge to the target point. Compared with the red route, the blue route and the black
route are more closely aligned, indicating that the proposed algorithm can better track the solution
curve and find the target point.

In the background field, five groups of source searching tasks were randomly set. Further more,
three algorithms of GDA and TES, BSS algorithms were used for source seeking. Among them, TES
and BSS were used to carry out 1000 times source seeking experiments, then the time of source
seeking was calculated in the following Table 1.

Table 1. Comparison of source finding time of different algorithms.

Source seeking Task

Algorithm
1 2 3 4 5
GDA 2787 2266 2406 2490 2413
TES 5828 4868 5036 5168 5110
BSS 5016 4223 4406 4486 4398

As can be seen from the Table 1, the source searching time of TES is about 2.0 times that of GDA,
while the source seeking time of BSS is about 1.8 times that of GDA. Obviously, the source seeking
effect of BSS is better than that of TES.

5.3. Influence of different parameters on algorithm performance
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5.3.1. Analysis of the influence of H,

Under the condition that AH is unchanged, the setting of different behaviors entropy
equilibrium points H, and the influence of sensor noise on source seeking performance are analyzed.

In simulation, set AH =0.4; the equilibrium point is setH, from 1.1 to 2.0, and the threshold
entropy is set as follows.

{Hlow—th = ch —-AH (11)
Hhigh—th = ch +AH

Other parameters are the same as those in the previous section. Each group of experiments is
simulated for 100 times, and we can get the simulation results in Figure 7.

a 03 b x10%
5.8 T T T 11 T T T
—— Without noise 10
56 —B— With noise —b— With noise
9
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Figure 7. Influence of H, on source seeking performance. (a) The average source seeking time; (b)

The variance of source seeking time.

In the Figure 7, the blue line segment represents the data obtained without noise ,and the red
line represents the data obtained when there is noise interference. The Figure 7(a) is the average of
source seeking time, and figure (b) is the variance of source seeking time.

It can be seen that the change of H, has a significant impact on the performance of the
algorithm. When setting H, is small, the algorithm is biased towards exploitation; When the setting
is large, the algorithm is biased towards exploration. Overall, when the algorithm is biased towards
exploitation, the time consumption is significantly lower than that when the algorithm is biased
towards exploration. In combination with variance statistics, it can be seen that the time of source
seeking is less and the performance of source seeking effect is better than other in the interval H, €

[1.3,1.6]. When H, 21.6, the source seeking effect is better than that in the environment without noise.

th ™

5.3.2. Analysis of the influence of AH

Set H,=1.4. According to Equation10, the threshold entropy AH under different conditions can

be obtained. Other parameters are the same as those in the previous section. Each group of
experiments is simulated 100 times, and the simulation results see the Figure 8.
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Figure 8. Influence of AH on source seeking performance. (a) The average source seeking time; (b)
The variance of source seeking time.
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In the Figure 8, the blue line segment represents the data obtained without noise and the red line
represents the data obtained when there is noise interference. Figure 8(a) is the average of source
seeking time, and Figure 8(b) is the variance of source seeking time.

It can be seen that the change of AH has a significant impact on the performance of the
algorithm. The more binding the algorithm search bias when the value of AH is small, and the
weaker the constraint on the search bias of the algorithm when the value of AH is large. Because in
the implicit information field, the behaviors of source seeking needs to explore the environment.
However, when the constraint is strong, the algorithm is not easy to explore the surrounding.
Therefore, the time and variance of source seeking are large. Then, with the continuous increase of
AH , the constraint of threshold entropy on the algorithm bias is weakened, and the source searching
process depends on the search bias regulation of the evolutionary algorithm itself, and the time of
source seeking tends to be constant. On the whole, the source finding performance is better when

AH €[0.4,0.7].

6. Conclusions

This paper studies the implicit information field source seeking method from the angle of search
behaviors bias. A balanced searching strategy is proposed, which introduces the search path into the
solution of the source seeking problem, constructs the evolutionary population with the feasibility
search behaviors as the individual, introduces the metric search bias of distribution entropy, and
designs a balanced searching strategy combining the evolutionary optimization and source seeking
process. Through the performance analysis and simulation experiments, the validity and rationality
of the method are verified. The next step is to consider the implicit information field source seeking
method with local minima.
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