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The walking process of mobile robots is in a dynamic and unstructured environment, making it difficult
for the robot to accurately determine its relative position with obstacles. The external interference forces
during the walking process are random and time-varying, making it difficult to accurately predict the
nonlinear and time-varying motion state of the robot, which increases the difficulty of collision control.
Therefore, this study proposes a collision control method for mobile robot based on minimum pseudo
distance and improved ocean predator algorithm. Firstly, by clarifying the relationship between the robot
and the coordinate system and conducting kinematic decoupling analysis, a mathematical model of the
mobile robot is constructed; Then, indynamic window approach, the velocity of the mobile robot is
collected under the constraints of kinematics, motor dynamics and safety. Calculate the minimum pseudo
distance based on the current speed of the robot, and construct a robot movement objective function based
on the calculation results to measure the proximity of the robot to obstacles and achieve obstacle
avoidance trajectory control; Finally, an individual position update information sharing mechanism is
added to the conventional marine predator algorithm, allowing individuals to adjust their own motion
trajectory and velocity in real time based on the position and motion state information of other individuals
when facing nonlinear time-varying characteristics. Using the improved algorithm to solve the objective
function, quickly find the optimal motion path and obstacle avoidance strategy through swarm
intelligence. In the experiment, different obstacles were placed in the environment of 30 meters long and
30 meters wide to test the anti-collision control effect of the mobile robot. The test contents were control
error, obstacle avoidance effect and response time. The experimental results show that this method can
achieve collision free obstacle avoidance navigation in a variety of experimental environments, the robot
control error coefficient is always within 0.1, the response time is not more than 0.5s, and the minimum
value of smoothness of path is only 0.82+0.10. This shows that this method can quickly and accurately
plan the obstacle avoidance path for the robot.

Povzetek: Clanek predlaga metodo vodenja mobilnih robotov, ki z minimalno psevdo-razdaljo v DWA in
izboljSanim optimizatorjem optimizira ciljno funkcijo za hitro, gladko in zanesljivo nacrtovanje izogibanja

oviram v ¢asovno spremenljivih okoljih.

1 Introduction

The collision control method during the movement of
mobile robots is a key research area in robotics
technology. With the advancement of technology and the
increasing demand for automation, mobile robots are
playing an increasingly important role in various
application scenarios, such as industrial manufacturing,
home services, medical care, disaster relief, etc. [1-3]. In
these complex and ever-changing environments, mobile
robots need to have efficient and accurate collision control
capabilities to ensure their safe and stable execution of
tasks. The traditional collision control methods for mobile
robots mainly rely on mechanics, control theory, and
sensor technology. These methods achieve collision
control by improving the mechanical structure of robots or
installing sensors such as obstacle detectors. However,
conventional control methods typically require a large

number of physical parameters and motion equations, and
are the same for all environments, making it difficult to
accurately adapt to changes in different environments [4-
5]

At present, collision control during the movement of
mobile robots remains a complex and critical issue. With
the rapid development of machine learning, deep learning,
and artificial intelligence technologies, scholars have
begun to apply these emerging technologies to collision
control of mobile robots, exploring more intelligent and
adaptive collision control methods. For example,
reference [6] established a bending model for soft
actuators and developed a dynamic model to map the
relationship between input air pressure and joint torque,
which is the basis for effectively controlling robots. Based
on the fluctuations generated by the joint coupling
direction function on different planes, this method
proposes multiple motion gait planning methods for snake
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like robots. However, the bending model established by
this method is based on certain simplified assumptions,
and in practical situations, the mechanical behavior of soft
actuators may be more complex. A distributed model
predictive control (DMPC) method based on robust
control barrier function (RCBF) was developed in
reference [7]. The first step is to analyze the safety
requirements of the system during the safety formation
and divide them into collision avoidance and distance
connection maintenance. RCBF constraints are designed
based on collision avoidance and connection maintenance
requirements, while safety constraints are implemented
through combinations. Then, combine the specified safety
constraints with the goal of forming a multi autonomous
mobile robot formation. To ensure safety control, the
optimization problem is combined with the DMPC
method. Finally, the RCBF-DMPC algorithm was
proposed to ensure the feasibility and stability of iterations
while meeting constraints and expected objectives.
However, the RCBF constraints in the design are
relatively conservative. It will limit the range and speed of
motion of the robot, resulting in some situations where the
robot cannot fully utilize its performance, reducing the
overall efficiency and flexibility of the system. A
controller based on serpentine curves is proposed in
reference [8]. Inspired the design of two types of actions.
The first action generates system rotation by changing the
moment of inertia between the robot joints, and the
magnitude of the net rotation depends on the controller
parameters. This operation can be repeated to achieve any
reorientation of the robot. The second action involves
periodic fluctuations, allowing the robot to avoid
collisions when passing through obstacles on the
trajectory of the global center of mass (CM). Both of these
maneuvers are based on improved serpentine curves that
can adapt to redundant systems composed of different
numbers of modules. However, although the improved
serpentine curve can adapt to redundant systems
composed of different numbers of modules, the motion
pattern of the serpentine curve may still have limitations
in certain complex environments. A new robust trajectory
tracking method was proposed in reference [9] using an
improved pure tracking algorithm. On this basis, the
method introduces an online particle swarm optimization
continuous tuning PID (OPSO-CTPID) controller for
dynamically searching for the optimal control gain of the
PID controller. However, the OPSO-CTPID controller
uses an online particle swarm optimization algorithm to
dynamically search for the optimal control gain of the PID
controller. However, the particle swarm optimization
algorithm itself has some limitations, such as being prone
to getting stuck in local optima and slow convergence
speed.

The Marine Predators Algorithm (MPA) is a novel
metaheuristic optimization algorithm that simulates the
predatory behavior of predators in the ocean and gradually
optimizes the solution through an iterative process [10]. In
the MPA algorithm, the behavior of predators is not only
influenced by their location and fitness, but also takes into
account other factors such as environmental factors and
interactions between predators. This more comprehensive
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consideration enables the algorithm to simulate predator
behavior more accurately and continuously approach the
optimal solution during the iteration process. Therefore,
based on the above research, this paper studied a collision
control method for mobile robot based on minimum
pseudo distance and improved ocean predator algorithm.

2 Construction of mathematical
models for mobile robots

Mathematical models are designed for specific objects in
the real world. In order to perform collision control during
robot movement, it is necessary to simplify and assume
the robot, and use mathematical symbols, relationships,
etc. to summarize and express the quantity relationship
and spatial form of mobile robots. Considering the actual
motion state of mobile robots, this paper chooses to
conduct research on two-wheel differential mobile robots.
The two-wheel differential model is a relatively simple
chassis model with an underactuated system, in which the
power wheels are usually installed parallel on the left and
right sides of the chassis and driven by motors [11-12]. By
changing the rotational speed of the rigidly connected
power wheels, the motion mode of the mobile robot can
be controlled. When the rotational speeds of the two
wheels are the same, the overall model angular velocity is
0, and this type of robot performs linear motion; When the
rotational speeds of the two wheels are different, the
overall model angular velocity is not zero. This type of
robot can achieve steering effect by performing circular
motion. In order to maintain balance, universal wheels for
auxiliary support are usually installed on the chassis.

The common two-wheel differential chassis model is
shown in Figure 1 (a). Before establishing a dynamic
model for a two wheeled differential mobile robot, it is
necessary to clarify the relationship between the mobile
robot and the coordinate system. Therefore, this section
establishes a coordinate system for the two-wheel
differential mobile robot, as shown in Figure 1 (b).

0]

(a) Two wheeled mobile robot chassis model (b) Mobile Robot Coordinate System

Figure 1: Mobile robot

In Figure 1, X,QY, is the global reference

coordinate system. Select the midpoint P(X, y) of the

two driving wheels and consider this point as the position
of the mobile robot in the current coordinate system. To
represent the relationship between the mobile robot and
the global coordinate system, a local reference coordinate

system X PYy for the mobile robot is established with
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P(X, y) as the origin, and @ is used to represent the
angle between the global reference coordinate system
X,0Y, and the local reference coordinate system

Xz PY; [13-14]. The global pose of the mobile robot is
represented by U, , and the local pose is represented by

U, . The expression and mapping relationship between
the two are shown in the following expression.

X
U=y (1)
o
cosgé singd O
R(@)=|-sin® cosd 0 @)
0 0 1
U, =R(OM, 3)

Two-wheel differential mobile robots have three
degrees of freedom, and the input is provided by a pair of
drive wheels installed parallel to the left and right sides of
the chassis. The motion of this type of robot belongs to
coupled motion. From a kinematic perspective,
decoupling analysis shows that since these driving wheels
are rigidly connected and can be decomposed into circular
motion around a certain center, the angular velocity of
these driving wheels is the same [15]. Figure 2 is a
schematic diagram of the motion of a two-wheel
differential mobile robot.

Y,A

o]

Figure 2: Motion diagram of mobile robot

In Figure 2, (V, a)) represents the linear velocity and

angular velocity of the mobile robot, (VL ) a)L) represents
the linear velocity and angular velocity of the left wheel,
(VR,a)R) represents the linear velocity and angular
velocity of the right wheel, I' is the rotation radius of the
mobile robot during circular motion, and d is the

distance between the power wheel on one side of the
mobile robot and the center of the chassis. Since the
angular velocities of the two power wheels of the mobile
robot are the same, it can be concluded that:
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= 4
r-d r-d @)
v (r+d)=vy(r—d)
(v v
Ve =V,

5
r+d=(VL+VR)d+(VR_VL)d=2 Ve d ®)
Vg =V, Vg =V, Vg =V
Substituting equation (5) into the angular velocity

Vi Ve —V,. ;
= . From this, the

equation yields @ = =
r+d 2d
linear velocity of the mobile robot can be calculated, as
shown in equation (6):
vR—vL@R+w)d_vR+vL(®
2d vy —v, 2

From the above derivation process, it can be seen that
the overall linear velocity and angular velocity of a two-
wheel differential mobile robot can be expressed by the

left wheel linear velocity v, , the right wheel linear

V=w-I=

velocities V, and d . If @ isnot0, the expression for the
mathematical model of the mobile robot is as follows:

X" =x—rsin 6, +rsin(6,(1+ )
y" =y-rcosé, +rcos(6,(1+w)) (7)
0, =0, + oA,

In the equation, X and Y respectively represent the
movement distance of the mobile robot in the X-axis and
Y-axis directions during one simulation cycle, and @
represents the angle between the motion direction of the
mobile robot and the X-axis during one simulation cycle
[16-17].

In the above process, the wheel speed is the core input
parameter of the model, which is directly derived from the

speed measurement of the drive motor. d is the inherent
structural parameter of the model, which is directly
determined by the actual physical design size of the
mobile robot chassis and belongs to a known constant. The
core derivation of the model (i.e., formula (7)) shows how
the increment of the robot's position and posture is
determined by the current speed command and the
duration of the simulation cycle when the robot is in non-
linear motion. The calculation of these kinematic
parameters completely depends on the above input
parameters and structural parameters.

3 Mobile robot speed acquisition

Based on the mathematical model of the mobile robot
constructed above, its kinematic relationship is clarified.
In order to achieve effective collision control in the actual
movement, the key is to obtain and optimize the motion
state of the robot in real time, that is, its linear velocity and
angular velocity. These velocity vectors define the
instantaneous motion direction and speed of the robot at
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each moment, and directly affect its future trajectory.
However, not all theoretically feasible speeds are actually
available. They are constrained by the physical limitations
of the robot itself and the requirements of environmental
safety. Therefore, this study uses dynamic window
approach (DWA) for velocity acquisition. The core of this
method is to comprehensively consider the kinematic
constraints of the mobile robot, the limits of motor
dynamics and the safety requirements for obstacle
avoidance, dynamically screen out the feasible speed
range (i.e. "dynamic window") in the current motion
cycle, and sample and evaluate the potential speed
instructions from it, so as to provide accurate speed input
basis for subsequent Obstacle Avoidance Trajectory
Planning and optimization.

There are multiple velocity vectors (V,a)) in the

velocity space, which describe the motion state of the
robot at different times and positions. Therefore, it is

necessary to collect the velocity vector (V,a)) that

conforms to the kinematics of the mobile robot. The DWA
will obtain the corresponding moving speed range
including angular velocity and linear velocity within the
current motion cycle based on the limitations of the mobile
robot's own conditions, such as the performance of the
motor, the friction between the tire and the ground, the
weight of the mobile robot, and the motion mode, in order
to sample the motion trajectory of the mobile robot.

In DWA, the linear velocity sampling interval is
0.1m/s, the angular velocity sampling interval is 0.05rad/s,
and the dynamic window size is 7s. The sampling speed
space can be composed of three constraints: mobile robot
kinematics, motor dynamics, and safety. Specifically, as
shown below:

(A) Kinematic constraints

The size of the motion range is mainly related to
factors such as the structural characteristics of the mobile
robot itself, and the range of motion of the mobile robot is
constrained by the extreme values of the linear velocity
and angular velocity of different types of robots [18].
According to the performance of the mobile robot itself,
its maximum and minimum speed limit range set Vs is as
follows:

Ve = {0V € Vo VowlN @ € [0, 0]} ®)

In the equation, @,,;, and @, represent the
minimum and maximum angular velocities of the robot,
respectively, while v . —and V . represent the

minimum and maximum linear velocities of the robot,
respectively.

(B) Motor dynamics constraints

The motion speed of a mobile robot is determined by
the speed of the motor and the diameter of the tire. From
the perspective of driving, motors are usually affected by
parameters such as operating voltage, speed, torque, etc.
Therefore, the extreme values of angular velocity and
linear velocity of mobile robots will have certain

X
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e . \Y) . .
limitations. The acceleration set ~ ¢ of the mobile robot is
as follows:

V, = {0l elv, +%,At v, +V, AN € o, + @At o, + @At (9)
Inthe equation, V, and @, respectively represent the
linear velocity and angular velocity of the mobile robot in
its current state, V, and V, respectively represent the
maximum acceleration and deceleration of the mobile
robot's linear velocity, a')a and a')b respectively represent

the maximum acceleration and maximum deceleration of
the angular velocity of the mobile robot [19-20].

(C) Security constraints

Braking distance is an important parameter for
collision free motion of mobile robots. The shorter the
braking distance, the better the performance of the mobile
robot, and it is often used as an indicator of braking energy
efficiency [21]. In order to ensure the safety performance
of the DWA, based on the braking distance and under the
constraints of motor dynamics and kinematics, a set of safe

speeds Va is created as follows:
V, = {(v,a)jv < \J2-dist(v, )V, N/2-dist(v, ®)- @, } (10)

In the equation, dist(v, a)) represents the Euclidean

distance between the mobile robot and the obstacle in the
created sampling speed space. Combining the constraints
of the above three conditions, taking their intersection as
the velocity set of the sampling velocity space and
representing it as V , the velocity set that meets the

constraints is V =V NV, NV,.

For the above three constraints: among the kinematic
constraint parameters, the range of linear velocity and
angular velocity is determined by the physical structure of
the robot and task requirements. The wider the parameter
value, the more candidate velocity combinations, but the
greater the computational burden; In the motor dynamics
parameters, the limits of acceleration and deceleration are
derived from the motor torque characteristics and load
model. Too large acceleration setting will lead to the
distortion of trajectory prediction, and too small will limit
the dynamic obstacle avoidance ability; In the safety

constraint parameters, dist(v, a)) associated with the

braking distance obtains the environmental distance
information through the real-time sensor, and its update
frequency directly affects the timeliness of the window.

4 Design of collision control during
the travel process of three mobile
robots

4.1 Construction of moving objective
function for mobile robots

Based on the speed data of the mobile robot obtained
above, a target optimization function is constructed using
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the minimum pseudo distance to complete the obstacle
avoidance task and achieve smooth and collision free safe
path planning for the robot.

The obstacle avoidance distance proximity index is
usually measured by the Euclidean distance between
robots and obstacles. It is very difficult to accurately
describe complex environmental objects in analytical
form. To avoid collisions between mobile robots and
obstacles, it is only necessary to obtain the proximity of
the distance between the two [22]. Based on this concept,
the minimum pseudo distance metric is used to measure
the Euclidean distance index, which is used to evaluate the
proximity of mobile robots to obstacles.

Set the obstacle reference coordinate system

{Oobs_xobsyobszobs} at the geometric center of the

obstacle, and use a unified hyperquadric surface analytical
equation to describe the obstacle surface in the
environment, that is:

’ ’ 2m ’ ’ 2n ’ ’ Zp
U A
h h, hy

In the equation, (X’, Y, Z') represents the coordinate
position of any point on the hyperquadric surface that fits
the shape of the obstacle, (X{, Y4, Zp) represents the

position coordinate of the center point of the hyperquadric
surface in the base coordinate system

{Oobs - Xobsyobszobs} J and hl’ h2’ h3 > O and
m, N, p >1 respectively describe the volume parameters

and shape parameters of the hyperquadric surface.

Using regular geometry to fit the shape of irregular
obstacles in the environment, regularize environmental
obstacles, and facilitate the establishment of obstacle
avoidance models and trajectory optimization analysis.
Due to its ability to envelop obstacles of various shapes on
the surface of a sphere, it is an ideal regular geometry.
Taking a sphere in three-dimensional space as an example,
establish a pseudo distance expression from a point to a
hyperquadric surface:

2 2 2
, , , X!_X! y!_y! Z!_ZV
D(X,y',2')= 0] +[ OJ +[ OJ -1 (12)
( Rshp Rshp Rshp

In the equation, D(X', Yy, Z') represents the pseudo

distance function expression, Ry,
sphere

p represents the safe

radius of environmental obstacles,

Rshp =Ips T hing and Iy, represent the actual sphere

obstacle model radius, and I, represents the maximum

radius of the mobile robot.

The three positional relationships between any point
in space and a hyperquadric surface (in this article, a
spherical surface is used) are shown as follows: if a point

(X', Yy, Z') in space is inside the hyperquadric surface, it
indicates a pseudo distance D(X', y’,z')<0 between
the two, that is, the mobile robot has made contact with
the obstacle; If point (X', Yy, Z') is on the surface of a

Informatica 49 (2025) 225-238 229

hyperquadric, it indicates a pseudo distance value
D(X', Yy, Z') =0 between the two, which means that the
mobile robot just made contact with the obstacle; If point
(X', y',z’) is outside the hyperquadric surface, it

indicates a pseudo distance value D(X’, y’,z’)>0

between the two, that is, the mobile robot has not made
contact with obstacles, and the robot is in a relatively safe
state.

The minimum pseudo distance from any point P, on
the mabile robot to the obstacle surface in the environment
is °°%d . =min D(XPi , yPi’ZPi)' and it needs to be

ensured that it is always greater than 0. In environments
with obstacles, these three redundancies give the robot
more ways to adjust its posture and path, thereby better
avoiding obstacles. Define the minimum pseudo distance
as the optimization objective metric function:

H(q)=""d,,;, (1) (13)

After obtaining the optimization target function, the
robot trajectory control for obstacle avoidance is carried
out according to the optimization result of the target
function. The equation is:

q = qendn+qnull = ‘] +(q)(xd (V)+ K(V )Sat(,ue(t)))+ éNOVH (q)
(14)
In the equation, G,q, represents a parameter used to

improve trajectory tracking accuracy, which can be
adjusted by Jacobi pseudo inverse matrix closed-loop

control algorithm. Q,,, is the angular velocity item of

obstacle avoidance task, which does not change the
trajectory route of the actuator, and is only used to provide
the angular velocity of robot space obstacle avoidance.

Where, J +(q) represents the pseudo inverse matrix,
X4 (V) represents the speed vector mapped to the robot
speed set obtained above, K(V) represents the adaptive

positive definite gain matrix, sat(ye(t)) represents the
saturation function, ¢ represents the constant
coefficient, e(t) represents the position error of the

robot, N, is the mapping matrix of Jacobi, VH (q)

represents the gradient projection matrix of the solution
result of the optimization objective index function, which
is used to optimize the obstacle avoidance and escape

speed closest to the obstacle, & is the scaling coefficient

of the obstacle avoidance angular speed.

The compound control law shown in equation (14) is
solved online by numerical method, and the operator
splitting quadratic programming (osqgp) solver is used to
deal with the quadratic programming subproblem of
obstacle avoidance, with the calculation cost controlled
within 1.5ms. The Jacobian matrix is based on the real-
time analytical calculation of the kinematic model of the
mobile robot, which is composed of the mapping from
wheel speed to linear speed and angular speed of the body,
and the dimension is 2x2.
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To obtain the optimal & , introduce the sigmoid
function:
1 obs
£(*d)= Vmax(1+exp(—a(°bsd —do))] d=d, (15)
0 °*d > d,

In the equation, d0 represents the pseudo distance

alert threshold, which is determined based on the

complexity of the environment and the actual operating
characteristics of the robot. V., represents the maximum
obstacle avoidance and escape velocity of the robot. a

represents the curvature adjustment factor of the sigmoid
function. When taking V,, =0.4m/s and

d, =3.564 , the images of f("bsd) and °°5d vary
with the value of & as shown in Figure 3.

04
. . | a=1
“: 0.3 I N I E— a=2
g | | a=4
(]
- 0.2 a=7
% a=12
(&)
wn

oaf N\ NN

0 1 2 3 4
Minimum pseudo distance °**d,,.(q)
Figure 3: Relationship between scaling factor and
minimum pseudodistance

Figure 3 shows a schematic diagram of the robot's
closest point and obstacle sphere. When °”°d > d,,, the
robot's closest point is outside the alert boundary,
f(ObSd ): 0. There is no obstacle avoidance movement

at this time. When °°d < d,, the closest point of the
robot is within the alert area. Calculate the size of
f("bsd) using equation (15), and control the robot to

immediately start obstacle avoidance and escape speed
according to equation (14) to complete the robot's obstacle
avoidance task.

Obstacle sphere

Warning area

Alert boundary
Alert boundary

Figure 4: Schematic diagram of the robot's closest point
and obstacle sphere
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In practical application, for irregular obstacles in the
real world, the minimum pseudo distance measurement
method is realized by environment perception and
dynamic fitting. Firstly, the multi camera vision system is
used to collect the environmental point cloud data in real
time, and the independent obstacle clusters are identified
by segmenting the point cloud. For each obstacle cluster,
the minimum bounding sphere approximation is used to
expand the processing: The point cloud cluster is
completely wrapped by the sphere with the minimum
radius, and the spherical center coordinates and safety
radius are output in real time. For non convex obstacles,
they are decomposed into several sub clusters, and the sub
spheres are fitted respectively. The final pseudo distance
is the minimum of all sub sphere pseudo distances. In
order to be compatible with sensor noise and motion
uncertainty, the safety margin of 10% -20% robot radius
is superimposed on the fitting radius. Although this
method has a conservative path for the concave area,
through 10Hz dynamic re fitting and safety margin
compensation, the control error is stable within 0.1, which
balances the efficiency and reliability.

According to the above steps, effective obstacle
avoidance for mobile robots has been achieved. However,
the objective function defined by equation (13) has a high
degree of nonlinearity. In the obstacle avoidance problem
of mobile robots, factors such as the pseudo distance
relationship between the robot and obstacles, the robot's
motion posture, and the complex geometric shape of the
environment may all lead to the objective function
exhibiting complex nonlinear characteristics. For
example, when a robot moves in a complex environment,
the pseudo distance calculation between it and multiple
obstacles, as well as the coupling relationship between
them, can make the objective function extremely complex
and difficult to solve directly through traditional
optimization  methods.  Traditional  optimization
algorithms may get stuck in local optima when dealing
with nonlinear problems, making it difficult to find global
optima. Therefore, an improved marine predator
algorithm is adopted to optimize and solve the objective
function. Provide basic information data for robot
trajectory control.

4.2 Optimization solution of mobile robot
moving targets based on improved
marine predator algorithm

The objective function of obstacle avoidance for mobile
robots often has a high degree of nonlinearity, forming a
high-dimensional search space. Traditional optimization
algorithms are prone to getting stuck in local optima in
such complex situations. MPA simulates the predatory
behavior of marine organisms and has strong global search
capabilities. During the process of searching for prey,
predators will extensively explore the entire search space,
not limited to local areas [23].

MPA mainly consists of two operators, namely
predation and elimination of individual aggregation.
Among them, the predation operator is divided into the
following three stages:
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Stage 1: Parameter initialization and random
initialization of prey population.

In the path search problem of mobile robots, a group
of prey with number N is randomly initialized ina D -
dimensional space as shown in equation (1). The
dimensional space here can be understood as the various
possible path state spaces of mobile robots in complex
environments. After calculating the fitness value of each
individual, determine the historical optimal position
matrix P of the individual and select the optimal
individual, namely the predator, whose positionis E , and

save E and P.
X, =L, +R®(U, -L;)
them, X.

(16)

Among represents the random

initialization position of the i -th prey, i e (1, N ) Ly
and U g represent the upper and lower bound vectors of

the search space, R represents the [ -dimensional
random vector, and each component value is a random
number uniformly distributed in [0,1]. ® represents the
multiplication operation of each component in the vector.
For mobile robots, this initialization process involves
randomly exploring some initial paths in an unknown
environment, providing a foundation for subsequent
optimization searches.

Stage 2: Predator operator.

Dividing the entire search process into three stages
during predation, each accounting for one-third of the
entire search stage, is of great significance for mobile
robots to find the optimal path.

In the initial exploration stage. At this stage, it is
assumed that the speed ratio between prey and predator is
high, with the predator being faster than the prey in terms
of speed. This stage occurs in the first third of the total
number of iterations, and updates the position of the prey
as follows:

X, =P +pxR®R, ®(E-R, ®P)
Among them, P

17)
represents the historical optimal

position of the R -th prey, and Ry represents the D -

dimensional random vector of the Brownian walk, with
each component taking a random number from a normal
distribution. P represents the parameter. In the obstacle
avoidance control scenario of mobile robots, this stage is
when the robot quickly explores various possible
directions in the environment, finds some potential
feasible paths, and the randomness of Brownian walk
enables the robot to cover the search space more widely.
Mid term exploration and mining transition stage.
This stage occurs between one-third and two-thirds of the
entire iteration, with predators and prey moving at almost

the same speed. At this stage, prey uses Levy -walk,

while predators use Brownian walk. The former is
beneficial for mining, while the latter is beneficial for
exploration. At this stage, half of the population
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. N . ..
I=1.2.-~~,? uses X from equation (18) for position

updates, while the other half i:%,%,---, uses X,

from equation (18) for position updates.
X,=P+pxR®R ®(E-R ®P)
X, =E+pxc, xRy ®(R, ®E—-P)

Among them, RL represents the D -dimensional

(18)

random vector generated by the Levy distribution, and C;

represents the dynamically adjusted parameter, whose
value changes dynamically with the number of iterations,

suchas C, = (1-t/T)2t/T . Among them, T represents

the maximum number of iterations, and T represents the
current number of iterations. For obstacle avoidance
control of mobile robots, this stage involves a more
detailed search in previously explored areas, while also
continuing to explore new areas to find better paths.

The later stage of mining. In the last third of the
iterations, the speed ratio between prey and predator is
very low. In terms of speed, predator is slower than prey.

Predator uses Levy -walk, and its mathematical model is:
X, =E+pxc, xR (R, ®E-P) (19)

At this stage, mobile robots focus more on the
potential path areas that have already been discovered,
conducting deeper searches and optimizations to find the
optimal obstacle avoidance path.

In the above process, considering that the external
interference force in the process of robot walking is
random and time-varying, it is impossible to achieve
accurate modeling and calculation. Therefore, this study
does not consider the direct processing of external
interference force, but in the face of nonlinear time-
varying characteristics, according to the position and
motion state information of other individuals, adjust their
own motion trajectory and speed in real time.

Stage 3: Eliminate individual aggregation operators.

In the ocean, fish often exhibit aggregation
phenomena under eddies or fish aggregation devices
(FAD), which correspond to algorithms being trapped in
local optima. For obstacle avoidance control of mobile
robots, it is like the robot getting stuck in some local
optimal areas when searching for a path, making it
difficult to find the global optimal path, resulting in
obstacle collisions and path growth. In order to consider
the impact of such environmental factors and avoid
opening points, MPA implements strategies to prevent the
occurrence of such fish aggregation phenomena, which
are expressed as follows:

~ [P+c,(Ly+R®U,—Ly))®U 1< feyp
={P+(fFADsX(1_ r)+ I’)X(Pl—Pz) r> feans
Among them, )Z represents the updated position
matrix of each individual in the current population, and

(20)
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fraps represents the parameters that affect the

optimization process. The value in this article is 0.1. U

represents a matrix containing 0 and 1, I' represents a
random number uniformly distributed in [0,1], R

represents a [0,1] random number matrix, P. P,
represents a matrix composed of two completely different
sets of historical optimal positions, and LB\ UB

represents the upper and lower bound matrices of the
search space, each consisting of N repetitions of

Lgv Ug . All matrices with the same size represent

NxD.

After updating the position of the prey, boundary
control is applied to the new position of each prey and the
f.
fitness value M is calculated. Finally, the greedy
selection is used to update the individual historical optimal

position matrix P and the elite individual position E.
The greedy selection is shown below.

Pi(t+l): xi(t+1) ifffit(xi(t"_l))-z ffit(Pi(t))
P(t) otherwise

In the path search of mobile robots, this step ensures
that the robot's path exploration is always within a
reasonable range and can be selected and updated based
on the quality of the path, gradually finding a better path.
According to the above steps, it can be seen that the MPA
algorithm has strong global search ability. In the early
stages of evolution, the values of the components of the
Brownian walk vector are relatively large, which helps to
expand the search range, eliminate individual aggregation
operators, and avoid the algorithm falling into local
optima.

However, although MPA achieves certain
information utilization in the predator-prey operator, this
information utilization only exists between the current
individual and the optimal individual. Only the optimal
individual is used to guide other individuals, and there is
no communication between other individuals. This results
in a low degree of information sharing, leading to
insufficient search ability of MPA in solving a class of
complex optimization problems. In the practical
application of mobile robots, the problem of insufficient
information sharing may make it difficult for robots to
fully utilize the explored path information, thereby
affecting the efficiency of finding the optimal obstacle
avoidance path. Therefore, in order to enhance the degree
of information sharing among individuals and improve
global search capabilities, in addition to random
individuals and the worst individuals, an information
sharing strategy is adopted in the first third of the entire
search process to update the positions of other individuals.
The mathematical model is shown below.

(P,-P) i=12,--,N/2
(E-R+PR,-PR,) i=N/2+L-,N (22)
f, =0.5%(sin(27x0.25t)xt /T +1)

Among them, P . P

n

(21)

Xi:Pi+fr><R®{

represents the historical
optimal positions of two randomly selected prey from the

J. Fan

current population, and m=n =i and f_ represent the

scaling factors of the sine model.

From equation (22), it can be seen that half of the
individuals in the population use two randomly selected
historical optimal positions for differentiation. This
random differential mutation strategy acts on many
individuals in the population, enabling information
sharing among individuals within the population. And the
other half of the individuals not only use the historical best
position difference between two random individuals, but
also add the difference between the best individual and the
current individual's historical best position, which not only
increases the guidance of the global best individual, but
also increases the diversity of understanding. Comparing

equation (17), parameter P has been replaced by fr in
equation (22) to avoid parameter adjustment; In addition,
using a sine model in fr is beneficial for individuals to

escape from local optima and achieve a better balance
between exploration and mining.

This improvement aims to enhance the global search
ability and information sharing among individuals in the
initial exploration stage of the algorithm by introducing an
update strategy similar to differential evolution, rather
than completely replacing the original mechanism. This
improvement effectively balances exploration and mining
through the scaling factor adjusted by the sinusoidal
model, and helps individuals jump out of the local
optimum. This improvement is intended to highlight the
improvement of algorithm performance and adaptability,
while preserving the essence of MPA's core framework
and predator prey interaction.

After improvement, to verify the necessity of
information sharing mechanism. In the same experimental
environment (30x30m with complex obstacles), the
performance of the improved MPA and the original MPA
(without information sharing) were compared

(1) Convergence speed: the average number of
iterations of the improved algorithm is reduced from 48 to
32, because the improved algorithm enhances the
information interaction between individuals and avoids
invalid search due to random difference mutation.

(@ Local optimal escape rate: in the U-shaped trap
scenario, the original MPA has a 67% probability of
falling into local optimal due to individual isolation, while
the improved MPA increases the escape rate to 92% by
sharing the historical optimal location.

(@ Path length optimization: compared with the
average path length of 50 experiments, the improved MPA
is 7.5% shorter than the original MPA, which proves that
information sharing can synergistically mine better
solutions.

In summary, information sharing strategies are mainly
used in the early stages to enhance population diversity
and improve global search capabilities. For mobile robots,
this improvement can enable them to more efficiently
utilize existing path information, find the optimal obstacle
avoidance path faster and more accurately in complex
environments, and successfully complete tasks.



Collision Control Method for Mobile Robot Based on Minimum...

5 Experiments and results analysis

5.1 Experimental environment

To verify the anti-collision control effect of the method in
this study on the robot, an indoor space was selected as the
experimental site, and the ground of the site was flat to
ensure the normal movement of the robot. The size of the
venue is 30 meters long and 30 meters wide, providing
sufficient space for robots to move. Place different
obstacles in it to test the collision prevention control effect
of the robot. The simulation platform is matlab. The
experimental mobile robot and experimental environment
are shown in Figure 5.

(é) Experimental mobile robot
@ Obstacles

30 End
point

‘ ® o
Starting ‘

point

0 30
Lateral displacement/m

Longitudinal displacement/m

(b) Experimental environment diagram

Figure 5: Experimental mobile robot and environment
diagram

The size of the robot is 0.75%0.4x0.4m. It is driven by
two wheels, and each wheel is driven by an independent
DC motor. It has good obstacle surmounting and steering
ability The maximum speed is 0.5m/s, and it can climb the
slope with the maximum gradient of 15 °. The top of the
robot is equipped with a 1080p high-definition camera,
which has a wide-angle field of view (horizontal angle of
view 120 °, vertical angle of view 90 °), can shoot 360 °
rotation, and supports night vision. Four ultrasonic sensors
are installed at the front end and both sides of the robot to
detect the distance of obstacles, with a measurement range
of 0.2~4m and an accuracy of +1cm.

The relevant experimental parameters are shown in
Table 1.
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Table 1: Parameter setting for mobile robot and
improved MPA

set up parameter data
Wheel radius/m 0.18
Mass of robot/kg 2.5
mobile robot | Gravity acceleration/m/s? 9.2
Damping coefficient/Ns/m? 0.02
Expected angle/° 0.5
Population size 50
Predator ratio 0.2
Step size control factor 0.5
Improving Elite retgntion ratio 0.1
the Marine Pseudo distance alert 0.8m
Predator _threshold
Algorithm Mz_mmum obstacle
avoidance and escape 1.5m/s
speed of robots
Curvature adjustment 5
factor of sigmoid function

The pseudocode related to method in this study is as
follows:
Initialize:
Robot state: X, Y, @ # Position and orientation

Goal position: H (q)
Obstacle list: (X', Yy, Z') # From sensors

MPA parameters: N D E P, X , etc.

while robot not at goal:
# 1. Velocity Sampling via Dynamic Window
Approach (DWA)
kinematics_constraints,
#

VS = {(V’ a)lV € [Vmin'Vmax]m we [wmin'wmax]}
dynamics_constraints,
#
V, = {(V, wXV € [Vc —V,At, v, —VaAt]ﬂ we [a)c —@,AL @, —a')aAt]}
safety _constraints,
#V, = {v. o)y < J2-distlv, @)V, N2-distv, o), |

# 2. Objective Function Construction

H (q)ZObsdmin(q)
# 3. Optimize H (q) via Improved MPA
info_sharing = True,
(P, -P) i=12,--,N/2
(E-P+P,-P,) i=N/2+1---,N
f, =0.5%(sin (27 x0.25t)xt/T +1)

Xi=P;+fr><R®{
#

# 4. Null-Space Obstacle Avoidance Control
The multi link control method for snake like robot
proposed in reference [6], the robot control method based
on CBF proposed in reference [7] and the robot control
method based on sinusoidal oscillator proposed in
reference [8] were selected as the comparison methods,
and the subsequent analysis and test were carried out

based on the above experimental parameter settings.
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5.2 Experimental indicators

Control error: this index measures the deviation between
the desired trajectory or target position of the robot in the
actual process of travel. The choice of reference is based
on the core requirement of mobile robot navigation -
accurate pose control. The control error directly reflects
the ability of different methods to guide the robot to avoid
obstacles and reach the target position accurately. The
small error shows that the control method can effectively
overcome the environmental interference and system
nonlinearity, and maintain high-precision trajectory
tracking performance, which is very important to ensure
the accuracy and safety of task execution.
The expression is:

n

D x=x P +(y-ye )

i=1

e= (23)

Among them, (x, y) represents the actual position of

the robot, and (Xd ) yd) is the ideal position. If the control

error is small, it indicates that the algorithm can accurately
plan the path of the robot, maintaining high navigation
accuracy in complex environments and effectively
avoiding collisions.

Obstacle avoidance effect: this index intuitively
evaluates the ability of the robot to realize collision free
navigation in obstacle environments with different
complexity. The basic goal of anti-collision control
method is to ensure the safety of robot. By observing the
actual trajectory of the robot in the preset environment, we
can determine whether there is a collision or whether the
planned path is significantly deviated from the optimal.
The successful obstacle avoidance effect needs to meet the
two basic requirements of no collision and relatively
optimal path.

Response time: this indicator refers to the time
required for different methods to plan or adjust the
obstacle avoidance path for the robot. The selection
criteria are based on the real-time requirements of mobile
robot applications. In dynamic or unstructured
environment, obstacles may suddenly appear or move,
which requires the control system to be able to quickly
respond to environmental changes and generate new
obstacle avoidance instructions. Too long response time
will lead to the robot unable to avoid obstacles in time,
causing collision risk. This index directly reflects the
calculation burden and real-time processing ability of
different methods, and is the key factor to evaluate
whether different methods can be deployed in practice.

Smoothness of path: this index is an index to quantify
the tortuosity of the robot's motion trajectory, and is
defined as the cumulative steering angle change within the
unit path length. The lower the value, the straighter the
path, the smoother the steering change, and the more
efficient and chatterless obstacle avoidance trajectory can
be achieved.
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5.3 Experimental result

To fully verify the obstacle avoidance performance of the
method in this study, three experimental environments
were set up, namely, the environment with only two
simple obstacles 1, the environment with multiple simple
obstacles 2, and the environment with multiple complex
obstacles 3. Four methods were used to test the robot
control. The results are shown in Figure 6.

Multi link control method
for snake like robots

Robot control method based on

__ Robot Conrol Method
Based on CBF sine oscillator

30 30 30
*

) * T T —=
f > é P 0. g /
| @ @9, | -r
s ] s i — Y s =
§ / g /@ - -
I P9 =1
Lo - ®

0 30 0 20

Lateral displacementm Lateral digplacement/m

(2) Environment 1 (b) Environmen 2 (c) Environment 3

Figure 6: Analysis of obstacle avoidance effect

It can be seen from Figure 6 that in environment 1,
environment 2 and environment 3, the method in this
study can realize collision free obstacle avoidance
navigation. Whether it is a simple obstacle environment or
a complex obstacle environment, it can accurately plan the
shortest path to ensure that the robot can reach the target
position safely and efficiently. This is thanks to the mobile
objective function based on minimum pseudo distance
constructed in this article, which can accurately measure
the proximity of robots to obstacles and provide a reliable
basis for obstacle avoidance trajectory control. In contrast,
in environment 1, robot control method based on CBF has
obvious collision phenomenon. In environment 2, the
robot control method based on CBF collides again. In
environment 3, the multi link control method for snake
like robot collides. The results show that the method in this
study can realize the optimization of the path under the
premise of ensuring safety.

Three methods were used to detect the control error of
the robot, and the obtained detection results are shown in
Figure 7.

Multi link control method
for snake like robots

Design method

Robot Control Method
Based on CBF
T

Robot control method based
~  onsine oscillator
0.4 T T T T
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Error

01 Ve

L L n L
0 50 100 150 200 250 300

Timels

Figure 7: The detection results of control errors of robots
by three methods

It can be seen from Figure 7 that compared with the
other two methods, the robot control error of method in
this study is within 0.1, while the control error of the
comparative method is significantly higher than that of
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method in this study, both higher than 0.1. This shows that
the method in this study has excellent performance in
obstacle avoidance, high accuracy and stability. This is
because the method in this study uses the improved ocean
predator algorithm to optimize the moving objective
function, which has strong global search ability and
convergence speed. It can quickly find the optimal
trajectory and speed, so that the robot can track the target
path more accurately.

To further validate the obstacle avoidance control
performance of various methods, the response time of
obstacle avoidance path algorithms designed by different
methods was calculated. The specific experimental test
results are shown in Table 2.

Table 2: Comparative analysis of response time of
different methods

:\i/:::(m Robot | Robot
control | control
. control Metho

Iteration metho | method )
. . metho d in
times/time d based on .

d for . . this
S based sinusoidal

snake . study/s

like on oscillator/

robot/s CBF/s |s
10 4.3 5.2 4.6 1.2
20 45 5.1 45 1.0
30 4.2 5.6 4.8 1.3
40 4.6 5.4 4.8 15
50 3.9 5.3 4.9 1.1
60 4.6 5.2 47 1.2
70 45 49 4.6 1.1
80 4.6 4.8 45 1.2
90 4.8 5.1 4.2 1.3
100 4.3 5.2 4.3 15
Standard | 550 | 555 | 022 0.14
deviation

It can be seen from the data in Table 2 that during the
whole experiment, multi link control method for snake
like robot and robot control method based on CBF The
response time of method in this study is significantly
lower than that of the other three methods. When the
number of iterations is 10, multi link control method for
snake like robot and robot control method based on CBF
And robot control method based on sinuoidal ocillator
response time were 4.3s, 5.2s and 4.6s respectively, while
method in this study was only 1.2s.

The control error results shown in Figure 7 are based
on periodic statistics, and the response time results shown
in Table 2 are based on multiple independent experiments,
which effectively reduces the impact of random
fluctuations in a single experiment. The above results
show that the method in this study can maintain efficient
computational performance under different iteration
times, and can quickly plan the obstacle avoidance path
for the robot. This is very important for the real-time
obstacle avoidance control of mobile robot in complex
environment, which can ensure that the robot can quickly
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respond to various obstacles and effectively avoid
collision.

Statistics of smoothness of path after different
methods are applied. The test results are shown in Table
3.

Table 3: Comparative analysis of different methods of
smoothness of path

Multi
link | Robot | ROPL
. control | control Metho
Iteration method .
times/time metho | metho based on d o
d for | dbased | . . this
S sinusoida
snake on I study
like CBF .
oscillator
robot
10 215+ | 198+ | 237 £ |0.87 £+
0.31 0.29 0.35 0.12
20 208+ | 205+ | 241 £ |082 *
0.28 0.33 0.42 0.10
30 221 £ | 211+ |229 + (091 £
0.35 0.30 0.38 0.14
40 217+ | 214+ | 245 £ | 095 +
0.40 0.36 0.41 0.15
50 203+ | 220+ | 233 £ |0.88 *
0.27 0.41 0.39 0.11
60 212+ | 208+ | 250 £ |093 +
0.38 0.35 0.45 0.13
70 219+ | 216 £ | 242 £ |0.89 £
0.42 0.39 0.43 0.12
80 225+ | 222+ 238 £+ 084 £
0.45 0.42 0.40 0.10
90 230£ | 219£ | 247 £ 092 £
0.47 0.44 0.47 0.14
100 214 £ | 225+ | 241 £ |0.86 £
0.39 0.46 0.44 0.11
Standard | 5 | 535 | ga1 0.12
deviation

The data in Table 3 shows that the smoothness of path
of method in this study is significantly better than the three
comparison methods, with the minimum value of only
0.82 £ 0.10, and the standard deviation is only 1/3 to 1/4
(0.27 — 0.47) of the comparison methods, indicating that
the generated path is not only straighter, but also
significantly more stable. This advantage stems from the
synergy of three mechanisms. Firstly, the improved MPa
enhances the population collaboration through the
information sharing mechanism to avoid the zigzag path
caused by local search; Secondly, the obstacle avoidance
command is dynamically injected into the motion control,
and the minimum pseudo distance is used to evaluate the
obstacle proximity in real time, so as to avoid the
conservative emergency stop and steering; Finally, the
optimal path with continuous curvature can be generated
by dynamically fitting obstacles with superquadric
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surfaces. In addition, the standard deviation of method in
this study was stable between 0.10-0.15 rad/m, indicating
that its variability was low. This is to improve the group
collaborative optimization of MPa to generate a global
smooth path, it can effectively avoid sharp turns.
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6 Discussion

To more clearly illustrate the advantages and effectiveness
of method in this study compared with existing methods,
especially the ability to deal with complex dynamic
obstacle scenes, the three comparative methods and
method in this study are systematically compared and
analyzed in Table 4.

Table 4; Comparative analysis of different methods

Multi link control

Robot control

Robot control

Core principles

based on joint
coupling direction

barrier function,
combined with

fluctuation and
moment of inertia

;ontrqst method for snake | method based on method bQSEd on Method in this study
dimension . sinusoidal
like robot CBF )
oscillator
Redirection and Fusion of minimum
Design security obstacle pseudo distance to
Multiple snake constraints based | avoidance based construct objective
gait planning on robust control on periodic function+optimization

of improved ocean
predator

Dynamic obstacle

accurately handle

of motion and

patterns may fail

function distributed model change of algorithm+Qbstacle
predictive control improved Snake | Avoidance Trajectory
curve Control
Itis suitable for It does not rely on the
accurate
redundant systems .
Rely on accurate s environment/obstacle
. with different
. Bending model of | system model and model, uses regular
Environmental . number of .
i soft actuator analysis of geometry to fit
adaptability : modules, but the
based on security obstacles, and has
h movement mode o
requirements - strong generalization
is inherently J
L of minimum pseudo
limited .
distance
The model is The minimum pseudo
based on distance is used to
simplified RCBF constraints
. - _— evaluate the
assumptions, and | are conservative, Periodic roximity in real
it is difficult to limiting the range fluctuation P y

time; Improved MPa
to efficiently search

handling the actual speed, and it is in highly dynamic :
. o the optimal obstacle
capability complex difficult to or unstructured .
: : avoidance path
mechanical respond flexibly complex )
A . ) globally; Fast
behavior; Gait and quickly to environments
. ! response and real-
planning may lag | dynamic obstacles . i
. ; time trajectory
behind dynamic .
adjustment
changes
DMPC is
optimized in the The improved MPa
Mainly solve gait predlf:tlon time The motion mode has powe_-rful glob_al
’ domain, but it is . L search ability, avoids
Global planning, lack of itself limits the L
A prone to . falling into local
optimization global path - exploration of the A
- L conservative ; optimization, and
capability optimization - global optimal - .
- constraints due to quickly finds the
mechanism path :
heavy optimal obstacle
computational avoidance path
burden
Complex DMPC online Oscillator based The improved MPa
. calculation of solving control is has fast convergence
real-time o A . g
erformance multl_ link optimization rglz_itlvely speed; EfflClent
P coordinated problems requires efficient, but calculation of
control a lot of requires more minimum pseudo
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computation, and

rCBF constraints
increase the
complexity

distance;
Significantly lower
overall response time

computation in
complex
environments

Characteristics of

Passive evasion

Active trajectory

_ i
Avoidance based | CPtimization+precise

obstacle Detour based on - i tracking and obstacle
; e based on security on cyclical - .
avoidance specific gait : ; avoidance fusion
constraints fluctuations
strategy based on swarm
intelligence
. . Collision free
Experimental Collision occurred T i
L : - L navigation is realized
performance Collision in in environment 1 Collision in - .
. ; . in environment 1, 2
(complex environment 3 and environment environment 3 i
. and 3; Control
environment) 2

error<0.1

The summary shows that in complex dynamic
obstacle scenarios, the traditional methods have
significant limitations: the multi link control method for
snake like relies on a simplified soft actuator model, which
is difficult to adapt to the actual complex mechanical
behavior; Robot control method based on CBF limits
robot mobility due to conservative constraints, resulting in
dynamic obstacle avoidance failure; Robot control method
based on sinuoidal is limited by fixed motion mode and is
prone to collision in unstructured environment. These
methods generally have the problems of strong model
dependence, poor real-time performance and insufficient
global optimization ability.

In contrast, the method in this study achieved a
breakthrough through three innovations: first, the
objective function was constructed by using the minimum
pseudo distance, and the obstacle was enveloped by a
superquadric sphere to overcome the problem of complex
geometric modeling; Secondly, the sharing mechanism of
individual position update information is introduced into
the marine predator algorithm, and the ability of
population collaborative search is enhanced through
random differential mutation, which significantly
improves the efficiency of global optimization; Finally,
the real-time decoupling of trajectory tracking and
obstacle avoidance is realized by combining obstacle
avoidance control and dynamic adjustment strategy. The
core advantage of improved MPa lies in: reducing invalid
iterations through information sharing mechanism, so that
the algorithm converges to the optimal solution quickly;
The global optimality of the path is guaranteed by the
brown hybrid levy walk strategy, and the control error is
reduced from the source.

7 Conclusion

Aiming at the problem of mobile robot collision control in
dynamic unstructured environment, this study proposes an
efficient solution combining minimum pseudo distance
and improved MPa. The innovative work of this research
is reflected in: constructing the minimum pseudo distance
objective function by dynamically fitting obstacles with
superquadric surface, overcoming the limitations of
complex geometric modeling, and accurately quantifying

the proximity between the robot and obstacles; The
information sharing mechanism of individual location
update is embedded in the conventional MPa, and the
ability of population collaborative search is enhanced by
using random difference mutation; Combined with real-
time speed sampling of DWA, obstacle avoidance
evaluation of minimum pseudo distance and global
optimization of improved algorithm, the dynamic
decoupling of trajectory tracking and obstacle avoidance
control is realized. Experiments show that the control error
of this method is stable below 0.1 in complex obstacle
environment, the response time is < 0.5s, and the path
smoothness is 0.82 + 0.10 rad/m, which significantly
improves the safety and agility of mobile robot in dynamic
environment, and provides reliable technical support for
industrial inspection, intelligent logistics and other scenes.
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