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ABSTRACT

With the improvement of sports enthusiasts’ competitive level, the path planning of flat-
land fancy roller skating has become a concern for people. This research mainly discusses the
method of dynamic path planning for flat fancy roller skating based on multi-sensor
information fusion. This research first uses the particle swarm algorithm to search for the
global optimal path, and then uses the ant colony algorithm to perform a second search on the
optimal path obtained by the particle swarm algorithm to obtain the optimal solution. Applying
voltage stimulates the transducer to emit ultrasonic waves in pulse form, after which it
transitions into a receiving state to analyze the received ultrasonic waves. Once the inspection
confirms that the signal it detected is the echo of the emitted ultrasonic wave, it calculates the
distance between the measured obstacle and the sensor using the transit time principle. The
mobile pulley can measure the coordinate information of the mobile pulley in the global
environment through the positioning measuring instrument and then compare it with the
previously planned path to determine the position deviation of the mobile pulley. In order to
improve the real-time performance and reliability of the system, the data collection and data
fusion of the sensors are realized by a two-level distributed system. The ultrasonic sensor and
its control interface board adopt the single-chip microcomputer control system produced by
the American HelpMate Company. The ultrasonic transducer is both a transmitter and a
receiver. The maximum measuring distance of the ultrasonic sensor can be programmed to be
0.1m-10m. The robust performance index (ER) is very different before and after the
improvement. The improved algorithm is only 0.87%, which is far less than 8.12% in the basic
ant colony algorithm. In the case of the same number of iterations, the path length of the
improved algorithm is longer than that of the basic algorithm. This research will greatly
enhance the superiority of dynamic path planning for flat-land fancy roller skating.

Keywords: Multi-sensor information fusion, flat-land fancy roller skating, dynamic path
planning, ant colony algorithm, ultrasonic sensor

INTRODUCTION

In recent years, flat-land fancy roller skating has been sought after by contemporary college
students for its unique fitness value and sports connotation. Compared with other sports, roller
skating has lower requirements on weather, venue, and other conditions, as well as lower
requirements on the physical fitness of the practitioners. Fancy roller skating on flat ground is
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highly ornamental, interesting, and entertaining, and it has a strong promotion effect on
Improving body functions.

As a new sport, flat-land fancy roller skating has the embodiment of goodness and beauty
pursued by the new human beings bred in the new era. Multi-sensor information fusion
technology can comprehensively process various types of information and effectively improve
the reliability and accuracy of that information. Therefore, the research on the path planning of
fancy roller skating on flat ground based on multi-sensor information fusion is of great
significance and application value.

The wireless sensor network (WSN) has attracted the research interest of a large number
of scholars, especially in the context of performing surveillance and surveillance tasks. The
purpose of F. Caron is to develop a GPS/IMU multi-sensor fusion algorithm. He uses
contextual information to detect and reject bad data transmitted by GPS sensors, thereby
improving reliability. He directly provides the acceleration provided by the IMU based on the
fusion process of the multi-sensor Kalman filter. Although the filter developed here can easily
add other sensors to achieve the required performance, the research lacks innovation. Yang X's
research involves multi-rate distributed fusion estimation of maneuvering target tracking in
wireless sensor networks (WSN). In consideration of energy efficiency and tracking accuracy,
he proposed a multi-rate fusion strategy and a hierarchical, two-level fusion structure. In the
first stage, a locally improved strong tracking filter estimator is designed to obtain a local
estimate of each cluster head in the WSN. In the second stage, a multi-rate fusion estimator is
designed to generate a fusion estimate with higher estimation accuracy. Although the fusion
estimation method in his research can provide satisfactory estimation accuracy while reducing
the sampling rate and estimation rate, the research still lacks data. Jin H believes that
demonstration-based control is an effective method to improve execution stability in some
complex desktop object operation tasks of the robot system. He used a new optical hand
tracking sensor called Leap Motion to perform non-contact demonstrations of the robotic
system. At the same time, he developed the coordinate system of the Mult-Leap Motion hand-
tracking device and the robot demonstration system. Although he conducted gesture
recognition and scene experiments, the multi-leap motion hand-tracking system he proposed
lacked improvement in the desktop object operation tasks demonstrated by the robot. Fei Z
believes that it is challenging to make compelling compromises between various conflicting
optimization standards. He provides tutorials and surveys of the latest research and
development work using multi-objective optimization (MOO) techniques to solve this
problem. First, he outlines the main optimization goals used in WSN. He then elaborated on
various popular methods envisaged for MOO. Although he summarized a series of recent
studies on MOO in the context of WSN, the research lacks innovative awareness.

This research first uses the particle swarm algorithm to search for the global optimal path
and then uses the ant colony algorithm to perform a second search on the optimal path obtained
by the particle swarm algorithm to obtain the optimal solution. When it is confirmed that the
signal detected by the inspection is the echo of the emitted ultrasonic wave, the distance
between the measured obstacle and the sensor is calculated according to the principle of transit
time. The mobile pulley can measure the coordinate information of the mobile pulley in the
global environment through the positioning measuring instrument and then compare it with the
previously planned path to determine the position deviation of the mobile pulley. To improve
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the real-time performance and reliability of the system, the data collection and data fusion of
the sensors are realized by a two-level distributed system.

METHODOLOGY
Research Design

This study utilizes a thorough methodology to create and assess a dynamic path planning
technique for flat-land fancy roller skating by utilizing the fusion of multi-sensor information.
The methodology combines sophisticated computational methods with real-world sensor data
to improve the accuracy and efficiency of path planning.

Algorithm Development

The initial phase of the process entails the creation of two fundamental algorithms: Particle
Swarm Optimization (PSO) and Ant Colony Optimization (ACO). The PSO method is
employed to systematically search the solution space and determine the most optimal path for
the roller skate trajectory across the entire global space. This process entails the initialization
of a group of potential solutions (particles) and the subsequent iterative adjustment of their
placements, taking into account both individual and collective experiences, in order to discover
the most effective path. The search method is guided by defining key parameters, such as
particle velocity and location limitations. After the Particle Swarm Optimization (PSO)
process, the Ant Colony Optimization (ACO) method is used to conduct a supplementary
search on the path that was determined by the PSO. The ACO algorithm emulates the actions
of ants to enhance the path by releasing pheromones and repeating the process until the best
solution is obtained. The algorithm's performance is improved by adjusting parameters such as
the rate at which pheromones evaporate and the size of the colony.

Sensor Integration

Ultrasonic sensors are crucial for measuring the distances between the skate route and
obstacles, in addition to the construction of algorithms. Ultrasonic waves are emitted through
voltage stimulation, and the time it takes for the echo to return is evaluated in order to determine
the distances of obstacles. The ultrasonic sensors, under the direction of a single-chip
microcontroller, are designed to measure distances ranging from 0.1m to 10m. In addition, a
mobile pulley positioning system is used to monitor the coordinate data of the mobile pulley in
the global environment. The system compares real-time data with the intended path to evaluate
any differences in position.

Data Collection and Fusion

Data gathering and fusion are essential aspects of this research. Data from sensors, such
as ultrasonic sensors and the mobile pulley positioning system, are gathered in a controlled
skating environment on flat terrain. To enhance real-time performance and dependability, a
distributed system with two levels is employed to integrate and process the data. Data fusion,
accomplished using sophisticated methods, improves accuracy and minimizes noise by
combining information from many sensors.

Performance Evaluation

In order to assess the efficacy of the suggested approach, performance measurements such
as the Robust Performance Index (ER) and path length comparison are employed. Prior to and
following algorithm enhancements, the ER is examined to evaluate its resilience, while the
improved algorithm's path length is compared to that of the fundamental ant colony method.
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The system's performance is validated using simulations and real-world experiments, with a
specific focus on its real-time path adjustment and obstacle avoidance capabilities.

Ultimately, the research findings are examined and documented. The documentation
contains an assessment of the algorithm's efficiency, the efficacy of sensor integration, and the
general reliability of the system. The significance of the results for dynamic path planning in
flat-land fancy roller skating are reviewed, and suggestions for future research and
development are given.

Fancy Roller Skating Dynamic Path Planning on Flat Ground
Multi-Sensor Information Fusion

In a multi-sensor network, each sensor is called a local node, and the target tracked by each
sensor is called local tracking, and the tracking target after fusion is called global tracking. The
multi-sensor target association is performed, and then global tracking is obtained through
fusion calculation, which realizes the update of the fusion target and obtains a new and higher-
precision fusion result. The two commonly used methods of intelligent pulley fusion are
measurement fusion and state vector fusion. Normally, the measurement fusion method is the
best, but the calculation efficiency is low; the state vector fusion algorithm is more efficient,
but the result is suboptimal. Measurement fusion and state vector fusion correspond to the
centralized and distributed fusion frameworks, respectively. The linear system is used when
deriving the commonly used methods of measurement fusion and state vector fusion, and the
conclusion can be extended to nonlinear systems. Multi-sensor state estimation is shown in
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Figure 1. Multi-sensor state estimation

Assuming the same target of target a in sensor g and target b in sensor h, that is,

X, (K) = %, (k) , the state estimation error is:
Xs (k) = x, (k) - %2 (k)

% (K) = %, (K) ~ %2 (k)
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are independent of each other, then the covariance of the difference in target state estimates
between sensors is:

Cy(K) = E(d,, (), (007 )= E|R2 (000 - 20 (0% (00 - 28 (0O |= P (k) + B (K)

g h
Among them Py’ (k) is the estimated error covariance of target a in sensor g, and Ry (k)
is the error covariance of target b in sensor h. At time k, the normalized difference of the state
vectors of target a in sensor g and target b in sensor h is:

uab(k) = dab
V Cab(k)
Among them, Jax (K) = % (K) = % (k) Co, (k) =R (k) + Ry (K)

Since the sensor has a certain sampling period, it is necessary to discretize the Gaussian
white noise:

1 ptorat
nd[k]:n(t0+At)zA—tLO n(z)dz

) 1 pto+At pto+At 2
E(nd[k]):E(A—tz jt jt n(r)n(t)drdtj:E(Z—t)

1
=0 —
VAt

By studying the static and dynamic performance of different sensors, different sensor data
can be obtained with different frequency domain characteristics. According to whether the
sensor signal contains high-frequency noise or low-frequency noise, select a specific filter in
the complementary filter to remove the corresponding noise, and finally add multiple filtered
signals to obtain an effective signal of the entire frequency band, completing the entire
denoising and fusion process. Assuming that the attitude detection system contains two sensors,
their output values contain low-frequency noise and high-frequency noise, respectively, and

_ Oy
That is, Nd [k]= oy Wk] . where

the attitudes in the frequency domain obtained from them are Ci(s) and C.(s) respectively. If
the real attitude is € (S) there is the relationship is as follows:

{cms) = C(5)+ 44, (5)
C,(8) = C(S) + 44, (5)

The state equation of the moving target in the Cartesian coordinate system is:

x(k +1) = F (K)x(k) + T(K)v(K)

nx1
In the formula, X(k) € R™ s the target state vector at time k.
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Fancy Roller Skating on Flat Ground

In the new fashion movement achieved by this rapidly developing society, people are more
yearning to get rid of the mask of hypocrisy in real life, to find a truer self in flat-land fancy
roller skating, and to pursue a more active and healthy spiritual world. Roller skating not only
has the ability to improve and develop a person's agility, strength, balance, speed, flexibility,
endurance, and coordination; moreover, roller skating can also improve the function of the
human body's internal organs. It can improve the blood circulation system and increase human
breathing. The system has a good effect; at the same time, roller skating can also exercise
people's will and quality and cultivate people's ability to make positive and decisive judgments.

Because flat-land fancy roller skating and speed roller skating belong to the sub-projects
of roller skating, they have a lot in common. To learn flat-land fancy roller skating, you must
also master the basic skills of roller skating, such as standing, sliding, cornering, emergency
stopping and other skills. A flat-skating enthusiast who does not have any basic skating
foundation will encounter greater obstacles in improving the speed and range of flat-skating
technology compared to a basic enthusiast. Therefore, as a college physical education teacher,
you can fully base your career on your own special job position, use your rich professional
knowledge and superb professional skills, and provide useful guidance to flat-land fancy roller
skating enthusiasts, and for the emerging of flat-land fancy roller skating. The sport can make
a greater contribution to the better development of ordinary colleges and universities.

Dynamic Path Planning

The pheromone concentration on the road section is constantly volatile, so when the road
section is constantly selected by ants, the pheromone concentration on the road section will be
continuously strengthened, and the road section will be more likely to be selected by other ants
behind it. Other road sections become longer, and the pheromone gradually evaporates. The
probability of this road section being selected by ants gradually decreases, and the probability
of being abandoned increases. After a period of time, the optimal path will be completely found.
Of course, if the ants encounter a new intersection and there is no path that has been selected,
they randomly choose one of the paths and leave the information related to the path as a
reference for the ants behind them. Through such pheromone transmission, the ant colony
algorithm has a positive feedback mechanism. For this reason, the obstacle avoidance strategy

was adopted at the early stage of the search, and the obstacle avoidance factor safety, was
added as:

[Tij (t)]a [nij (t)]ﬂ [safetyj ]E

, j € allow,
py®)=1 %:[Tij W [n; © [safety, | k
Jeallow,
0, j ¢ allow,
safety. = A0 TL
Y = A

]
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Where O, is the total number of grids adjacent to node j and there are obstacles? L refers
to the total number of grids adjacent to node j and restricted by the taboo table. Adopt
parameter-adaptive pseudo-random transfer strategy:

= {arg max([rij (t)]“ [nij (t)]”[safetyj ]‘9) g<qo0

p;;, else

N, —N
0=§—m—"m
| N

max

Where Nrmx is the maximum number of iterations, and Nunis the current number of
iterations. In the iterative process, t is the time scale. The ant takes one step forward. The
algorithm is iterated once, and the pheromone is updated once. The update of the pheromone
is manifested as the increase and volatilization of the pheromone. The pheromone update
formula is as follows:

t; (t+1) = L—r)t; (O) +; (1)

Among them, the value of the volatilization coefficient p<[01) (1—P)indicates the

pheromone remaining on the path after volatilization and A () indicates that when all ants
have selected the next path, all the choices in the previous step of the ant movement are from i

to j. The sum of the pheromone left by the ants on the path, the initial value Az;(0)= O, the

expression is:
At (t) = Zfil; (t)
k=1

k
In the formula, %ii © represents the pheromone left by the k-th ant on the path ij at time t.

Experiment with Dynamic Path Planning for Fancy Roller Skating on Flat Ground
Ant-Colony Algorithm

Aiming at the shortcomings of the ant colony algorithm, this paper proposes a particle
colony ant colony fusion algorithm that combines particle swarm optimization and an improved
ant colony algorithm. First, the particle swarm algorithm is used to perform a rough search on
the global path, and the dynamic intelligent distribution of pheromone is carried out while
searching. The initial distribution of pheromones in the ant colony algorithm is obtained, and
some poor paths are eliminated according to the pheromone content. Then use the ant colony
algorithm to perform a second search on the optimal path obtained by the particle swarm
algorithm, and finally obtain the optimal solution.
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Mobile Pulley Environment Perception System

This system uses 8 ultrasonic sensors to detect obstacles in the surrounding environment
of the moving pulley. The ultrasonic transducer is a disc-shape device with a diameter of 3.6
cm that is both a transmitter and a receiver. When it is confirmed that the signal detected by
the inspection is the echo of the emitted ultrasonic wave, the distance between the measured
obstacle and the sensor is calculated according to the principle of transit time.

In order to shorten the time, it takes for 8 ultrasonic sensors to detect one week in a loop
and to minimize cross-interference, the 8 sensors can be divided into two groups according to
the orthogonal position relationship, and 4 sensors in a group are activated at the same time
each time. The state (start or stop) of the ultrasonic sensor and the maximum measurement
distance can be set online through software programming.

In this system, the grid size is 10cmx10cm. Each grid has a credibility value CV (Certainty
Value), which is used to indicate the credibility of obstacles in the area. This value is updated
by a probability function that takes into account the uncertainty of the ultrasonic sensor.

The mobile pulley can measure the coordinate information of the mobile pulley in the
global environment through the positioning measuring instrument and then compare it with the
previously planned path to determine the position deviation of the mobile pulley. Through the
calculation of the fuzzy control module, the position and angle of the moving pulley that need
to be compensated are solved and then allocated to the four drive units, that is, the four motors.
According to the previously calculated kinematics model of the moving pulley, the speed of
each wheel is calculated and finally reached. The role of adjusting the posture of the moving

pulley.

Distributed Multi-Sensor System Structure

In order to improve the real-time performance and reliability of the system, the data
collection and data fusion of the sensors are realized by a two-level distributed system. The
low level of the system consists of independent data acquisition subsystems for the three types
of sensors. Among them, the control and data detection of the laser sensor are completed by a
self-developed 89C51 single-chip microcomputer system. The ultrasonic sensor and its control
interface board adopt the single-chip microcomputer control system produced by the American
HelpMate Company. The ultrasonic transducer is a disc-shape device with a diameter of 3.6¢cm,
which is both a transmitter and a receiver. The maximum measuring distance of the ultrasonic
sensor can be programmed to be 0.1m-10m. For the odometer sensor, an industrial computer
responsible for path planning and motion control completes data collection and positioning
calculations. The data fusion computer communicates with the above three sensor subsystems
through serial port 1, serial port 2, and a parallel port to exchange data.

The sampling period T of data fusion is 200 ms. In each period, the data fusion computer
needs to complete the following operations:
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(1) Read the road marking data from the laser sensor. If the number of matched road signs
is greater than 3, the pose of the moving pulley is calculated according to the positioning
algorithm. Otherwise, the posture of the moving pulley is determined using the odometer sensor
data (update this data through the interrupt service program);

(2) Read in the data from the ultrasonic sensor and update the grid map;
(3) Use advanced data fusion methods to obtain various environmental characteristics;

(4) Transmit various environmental characteristics to the path planning and motion control
computers;

(5) Adjust the ultrasonic sensor scheduling strategy according to the posture of the moving
pulley and environmental characteristics.

3.4 Combination of Slip Compensation Control and Adaptive Sliding Mode Control (Sliding
Mode Control, SMC)

By controlling the rotation speed of the virtual pulleys on both sides, the motion control of
the skater's motion center can be realized, so that the skater can plan the movement of the path
as desired.

In addition, if the virtual pulleys on both sides slip and the slip rate is not coordinated, it
will also cause the difficulty of passing through the planned path route area to exceed the
movement ability of the moving pulley. If the local is extremely small, the pulley may appear.
Slippage phenomenon, which can be achieved by a proper path planning method for the slip of
the pulley and the body. These complex slip situations are difficult to calculate or predict in
real time, but the time-varying longitudinal slip rate of the pulley can be directly obtained by
kinematic analysis of the virtual pulleys on both sides, which is convenient to solve. Therefore,
the influence of longitudinal slip on the movement is mainly considered.

When applying the designed method to the trajectory tracking control system of the pulley,
it is necessary to use the slip compensation controller as the feedforward controller and the
adaptive SMC controller as the main control loop. The adaptive SMC controller first obtains
the ideal output of the current system according to the deviation of the expected and actual
motion states at the last moment. The slip compensation feedforward controller compensates
the ideal output according to the longitudinal slip rate information calculated in real time. After
the motion actuator of the moving pulley runs according to the instructions for compensation,
the mileage measurement mechanism collects the actual motion state and continues the above
cycle.

3.5 Multi-Sensor Data Fusion Model

This study uses the multi-level data fusion model shown in Figure 2. First of all, the roller
skates start from a known position. The sampling period of the laser absolute positioning sensor
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is 200ms, and the sampling period of the internal odometer is 10ms. Calculate to estimate the
position and posture of roller skates, and the data of the absolute sensor can periodically correct
the cumulative error of the internal sensor. The positioning research using this algorithm has
strong robustness. Then, according to the position and posture of the roller skates and the data
measured by the ultrasonic sensor, the location range of the obstacle on the environment map
represented by the grid is determined. Finally, on the basis of the grid map, advanced data
fusion methods (such as the method of identifying obstacle groups) are used to extract
environmental features for path planning, mission planning, etc. The dotted line from the
research point to the node represents the signal that the integrated function program under
research may send to the node. Figure 2 lists three typical functions in the data fusion process.
"Sensor selection” can complete the optimal management of multiple sensors, such as selecting
and starting a suitable ultrasonic sensor to detect obstacles in the forward direction for changes
in the direction of movement and determining the maximum detection range of the ultrasonic
sensor according to the known obstacle distribution according to road signs. The detection
result determines whether to apply laser sensor positioning and so on. The information of
ultrasonic sensors can be stored in the "environmental model,” and the information of different
sensors needs to be “data conversion” of coordinates or data units before being fused to achieve
a unified knowledge representation. At first, the original data from the sensor existed in the
form of signals. After a series of data fusions, the signals will be further converted into more
abstract digital or symbolic representations.

Sensor system
Sensor Environmental Data
selection model conversion

O

|
|
; |
Physical |
data :
== r y v |

. = .OisO,
fe=r= - |
» |
Laser sensor Internal sensor Ultrasonic sensor X Model data:
i |
Dynamlc {, !
environment <«—> i« . |
N Service |
7 system datal

Figure 2. Multi-level Data Fusion Model

RESULTS AND DISCUSSION

The parameter p in the ant colony model represents the pheromone volatilization
coefficient. The value of pheromone p is related to the volatilization speed of the pheromone
and has an extremely important impact on the convergence speed of the algorithm and the
global search performance. 1-p represents the pheromone residual coefficient, which represents
the remaining pheromone on the node. When the value of p is large, the probability that the
path node that has been searched will be selected again is also greater, which will greatly
interfere with the search randomness and globality of the algorithm; on the contrary, when the
value of p is small, the pheromone volatilize speed is slow, and the chance of new ants choosing
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a path that has not been selected before has increased, which can improve the randomness and
global ability of the algorithm, but the convergence speed of the algorithm will correspondingly
decrease. The impact of the ant colony algorithm on the environment is shown in Table 1.

Table 1.

The impact of ant colony algorithm on the environment

Volatility Average optimal | Average number :
. . ) ) Operation hours
coefficient p solution of iterations
0.1 33.2739 Divergence 8.0s
0.2 30.1881 47 7.8s
0.4 28.6274 42 7.4s
0.6 28.6274 29 7.4s
0.8 29.1274 22 6.8s

If you want to achieve the optimal convergence speed and optimal path at the same time,
when other parameters are the same, the pheromone volatilization coefficient has a great
influence on the overall performance of the algorithm. p is approximately in an inverse
relationship with the number of iterations of the algorithm. In the range of 0.1-0.9, the larger
the p, the smaller the number of iterations. This is because when p is small, the pheromone gap
on the node is not big, the random performance of the search is strengthened, the pheromone
in the grid can be kept for a long time, and the result of the solution is not strong in the feedback
information of the problem, so the search speed is relatively slow; when p is large, the core
position of the algorithm is the positive feedback of information. Although the iterative
convergence speed is accelerated, the result is easy to fall into the local optimum. The impact
of the improved ant colony algorithm on the environment is shown in Table 2.

Table 2.

The impact of improved ant colony algorithm on the environment

Volatility Average optimal | Average number .
. . . . Operation hours
coefficient p solution of iterations
0.1 33.4558 Divergence 7.0s
0.2 31.5465 48 6.1s
0.4 27.4558 34 8.2s
0.6 27.4558 22 6.3s
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The performance of the algorithm in different situations is shown in Figure 3. It can be
seen from Figure 3 that when p<0.2, the algorithm converges slowly, and it is difficult to obtain
a fixed solution for convergence; when p>0.8, the algorithm falls into a local minimum. When
the value of p is about 0.5, the overall performance of the algorithm is the best, the convergence
speed and global performance of the algorithm are better, and the calculation performance is
relatively stable.
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Figure 3. Performance of the algorithm in different situations

A series of simulations were designed to investigate the influence of whether to perform
slip compensation and whether to apply adaptive parameter adjustment to the SMC controller
on the tracking effect of the pulley trajectory. The CPU model of the simulation platform is
Intel@G4600. All units in the simulation are SI. Figure 4 shows the comparison of simulation
results for the circular trajectory tracking position with or without slip compensation.
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Figure 4. Comparison of simulation results of circular trajectory tracking positions with or
without slip compensation

The actual line speed comparison is shown in Figure 5. It can be clearly seen that for the
time-varying slip rate, if slip compensation is not applied, ordinary SMC alone cannot achieve
a better trajectory tracking effect.
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Figure 5. Actual line speed comparison

The actual angular velocity comparison is shown in Figure 6. It can be clearly seen from
the comparison figure that if slip compensation is not applied, the actual trajectory will be
affected by the time-varying slip rate and there will be severe chattering. When slip
compensation is applied, the result of trajectory tracking is relatively smooth, almost not
affected by the time-varying slip rate.
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Figure 6. Actual angular velocity comparison

Through the comparative analysis of the experimental results, it can be seen that in the
experiments carried out, the improved ant colony algorithm and the basic ant colony algorithm
can obtain the best known solution, but the worst solution obtained by the two algorithms is
very different, and the improved algorithm is obvious. It is better than the basic ant colony
algorithm, which shows that the improved algorithm has better global search capabilities and
that the solution results are more stable and of higher quality. The processing comparison of
the algorithm is shown in Table 3.

Table 3.

Algorithm processing comparison

Algorithm Optimal solution Worst solution l\_Iumb_er of
iterations
Basic algorithm 28.6274 33.2739 42
Improve algorithm | 28.6274 29.1274 21

Although the best performance index EO is the same and both are 0, the robust performance
index ER is very different before and after the improvement. The improved algorithm is only
0.87%, which is much smaller than the 8.12% in the basic ant colony algorithm, and the number
of iterations is the same. The algorithm's robust performance comparison is shown in Table 4.

Table 4.
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Comparison of algorithm robust performance

Algorithm EO ER
Basic algorithm 0 8.12%
Improve algorithm 0 0.87%

Further data statistics are carried out on the accumulation of errors, and the percentage of
the cumulative value of the absolute error and the expected change value of the actual trajectory
are calculated. This data reflects the instantaneous response capability of trajectory tracking. If
the cumulative value of the absolute error is higher, the instantaneous response capability is
indicated. The worse. The statistical results are shown in Table 5. It can be seen from the above
comparison that after applying slip compensation, the cumulative value of the displacement
error in the X direction increases and the cumulative error value in the Y direction and steering
angle decreases; that is, the response speed is relatively fast. In general, the application of slip
compensation can improve the response speed of the moving pulley to the target trajectory
when the time-varying slip rate exists to a certain extent. A more significant improvement is to
reduce the output shock of the control system caused by the slip so that the trajectory can be
tracked. The process is smoother and controllable. In summary, slip compensation significantly
improves the working ability of the trajectory tracking system.

Table 5.

Statistical results

compensation

Proaram X direction Y direction Steering anale
g displacement displacement gang
No _ Shp | 6 5389 10.1 59% 10.911%
Compensatlon
Apply Shp | 54 428% 1.1 9% 4.951%

Figure 7 shows the comparison of simulation results for the cosine trajectory tracking

position of the SMC method with adaptive control or not. It can be seen that, in the first turn,
the trajectory position, linear velocity and angular velocity of the adaptive SMC have a large
chattering. This is caused by the lack of robustness of the system during the start-up process of
the adaptive adjustment. However, in all subsequent turns, the trajectory position, linear
velocity, and angular velocity of the adaptive SMC are smoother than those of the ordinary
SMC, and there is almost no obvious jitter.
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Figure 7. Comparison of simulation results of the cosine trajectory tracking position of the
SMC method with adaptive control or not

The numerical change of the adaptive function is shown in Figure 8. It can be seen that the
system adjusts the parameters adaptively as the movement changes. It can be clearly seen from
the comparison chart that in the first turn, the system has a large error due to the effect of
adaptive parameter adjustment, but the normal SMC still oscillates at all subsequent turns, and
adaptive SMC has almost no obvious oscillations.
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Figure 8. The numerical change of the adaptive function

The above comparison results show that the ordinary SMC is suitable for trajectory
tracking tasks that focus on transient responses, while the adaptive SMC is suitable for
situations where the working time is long enough and the process of tracking the trajectory is
not expected to have more chattering. In practical applications, since the chattering of the
system will bring greater uncertainty to the tracking of the trajectory, the adaptive SMC has a
good suppression effect on the output chattering due to the basic adaptation of the parameter
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adjustment, which can be better for the system. In summary, both slip compensation and
adaptive SMC control can greatly reduce the chattering of the system output and can largely
suppress the system operation deviation caused by the slip rate change and the input
information change. In actual applications, this effect of suppressing system output chattering
is conducive to enhancing WMR trajectory tracking. The absolute error-cumulative value
comparison is shown in Table 6.

Table 6.

Absolute error cumulative value comparison

SMC D_|splgcement|nx Y direction Steering angle
direction displacement

Ordinary SMC

with slip | 2.35% 23.866% 342.2 5%

compensation

Adaptive SMC

with slip | 2.524% 24.387% 342.07%

compensation

CONCLUSION

This research first uses the particle swarm algorithm to search for the global optimal path,
and then uses the ant colony algorithm to perform a second search on the optimal path obtained
by the particle swarm algorithm to obtain the optimal solution. When voltage is applied, the
transducer is stimulated to emit ultrasonic waves in pulse form, and then the transducer turns
into the receiving state to analyze the received ultrasonic waves. When it is confirmed that the
signal detected by the inspection is the echo of the emitted ultrasonic wave, the distance
between the measured obstacle and the sensor is calculated according to the principle of transit
time. The mobile pulley can measure the coordinate information of the mobile pulley in the
global environment through the positioning measuring instrument and then compare it with the
previously planned path to determine the position deviation of the mobile pulley. In order to
improve the real-time performance and reliability of the system. This research will greatly
enhance the superiority of dynamic path planning process for flat-land fancy roller skating. In
the entire path planning, roller skating is regarded as a point. Future research needs to take the
size, and shape of the roller skate into account, further optimize and improve the improved
algorithm, and apply it to the actual situation.
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