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With the development of technology, there are more and more researches on quadruped robots in the field
of artificial intelligence, but there is a lack of research on gait control methods of quadruped robots. To solve
this problem, a GA-SVM algorithm model is proposed by combining Support vector machine (SVM) and
Genetic Algorithm (GA). This model optimizes the important parameters of SVM through GA, and improves
the performance of SVM. Then compare it with neural network (NN) model and traditional SVM model to
verify its performance. The experimental results show that the value of GA-SVM model in the training set
is 0.9215, and its performance is better than that of traditional NN model and traditional SVM model. In the
simulation test of gait control system, GA-SVM model is 9.391, which is better than traditional NN model and
traditional SVM model. The results show that the performance of GA-SVM model obtained by the combination
of GA and SVM has been greatly improved compared with the traditional SVM, which can provide a new idea
and method for the gait control of quadruped robot.
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1. Introduction

Nowadays, with the development of society, the technol-
ogy in the field of artificial intelligence is becoming more
mature, and the application of intelligent robots is becom-
ing more and more extensive [1]. Among them, the bionic
research of quadrupedal robots has aroused the concern
of many experts because of its great research and devel-
opment value [2]. Although a wide variety of quadruped
robots with different styles have been developed one after
another, the overall performance of these quadruped robots
failed to meet the expected goals [3]. So it is very impor-
tant to propose a gait model that can accurately control
quadruped robot. And SVM, as a common classification
algorithm, is often used in various text recognition and
classification because of its algorithmic simplicity as well
as possessing good robustness [4]. GA is a kind of opti-
mization algorithm with good optimization performance
[5]. The GA-SVM model was obtained by optimizing the

SVM with GA, and the GA-SVM model was embedded
into the gait control system of quadruped robot. It is ex-
pected to further improve the accuracy of the gait control
of quadruped robots and provide a new idea for the devel-
opment of the field of gait control of quadruped robots.

2. Related works

Since the rapid development of SVMs in the 1990s, a large
number of improved algorithms have been derived and
thus are used in multiple areas.

Husada and Paramita proposed an improved analy-
sis method of multi-class SVM to solve the problem that
Twitter could not classify public satisfaction. The method
was tested and the results showed a realistic accuracy of
84.37% [6]. Chen’s team proposed an SVM-based classifi-
cation model for retrospective data For the sake of reduce
drilling costs and improve drilling operations by finding
and generalizing popular mathematical models to derive a
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multi-objective optimization model. By testing the model,
the classification model improves the accuracy of field de-
velopment data and provides a new idea for improving
drilling operations [7]. Zhang et al. proposed a clustering
algorithm combining SVM and LCA to solve the problem
of poor results of existing clustering detection methods.
Through testing the method, it is found that the clustering
algorithm has higher accuracy and faster detection time
than the traditional clustering algorithm [8]. Song’s team
proposed the least squares SVM prediction model LSSVM-
PGV to address the problem of insufficient accuracy of
field instrumented seismic warning models [9]. The results
showed that the model on the training and test sets The
standard deviation of the prediction error tends to be the
same on the training and test sets, indicating that the model
has generalization performance. Bose et al. designed an
automatic plant disease detection system based on SVM
to solve the problem that it is hard to accurately identify
plants and their diseases. The test of the detection system
shows that the accuracy of the two feature selection of SVM
i5 99%. The results indicate that the detection system can
be used to accurately identify plants and their diseases [10].

And there are various approaches applied to robot con-
trol. The team of Farkh proposed an advanced controller
based on deep neural networks for hospital service robots
in response to the lack of medical facilities to cope with epi-
demics. The results showed that the controller significantly
slowed down the pressure of hospital visits and provided
access to more patients [11]. Togias et al. proposed the
concept of teleoperation-based remote reprogramming of
robots For the sake of achieve flexibility that can handle
different tasks in production. The results showed that the
concept, it can reduce the time and energy needed to read-
just the operation purpose of the robot, so as to improve
the operation flexibility of the robot [12]. Galushko’s team
proposed the development of a testbed to test underwa-
ter robotic systems in response to the dramatic increase in
energy efficiency as well as noiselessness problems of un-
derwater robots. The results showed that the testbed could
properly test the main actuation systems of various under-
water robots and reduce their noiseless problems [13]. For
the sake of solve the problem of high complexity of highly
adaptable articulated arm robots, Kunert et al. designed a
system that combined control method, design method and
reinforcement learning, and tested the designed system
and found that the system could significantly reduce the
time complexity of machine learning [14]. Mikada’s team
proposed a human cooperative controller with YOLOv3
and standard convolutional neural networks for the com-
plex problem of surgical robot surgical task automation.

The experimental results of the human cooperative control
showed that the method is effective and can operate on
patients more precisely and improve the success rate of
surgery [15].

The above research shows that SVM model has been
applied in many fields and applied to robot control in a
variety of ways. However, it is rare to combine SVMs with
robot gait control. So in the study, a GA-SVM model is
obtained by optimizing the SVM model using GA, and the
GA-SVM model is applied to the gait control of a hydraulic
quadruped robot to obtain a system for controlling the gait
of a hydraulic quadruped robot. It is used to improve the
poor gait walking ability of today’s hydraulic quadruped
robots.

3. Research on svm-based control method for
quadruped robots

3.1. SVM algorithm optimization

SVM algorithms are often used in the field of classification
problems because of their excellent performance in solving
small sample and nonlinear problems [16]. The biggest
advantage of SVM algorithms is that they can map linearly
indistinguishable problems to a high-dimensional space by
introducing kernel functions, thus turning linear indistin-
guishability into linear differentiability [17]. The example
of linear indivisibility of SVM algorithm is shown in Fig. 1.
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Fig. 1. Linear indivisible example of SVM algorithm.

SVM can be applied to regression problems in addition
to solving classification problems, but the application of
SVM in regression problems retains its main features in clas-
sification problems [18]. That is, the regression function is
obtained from several special points in a high-dimensional
space and the process is the problem that can be considered
as a planning again, with the ultimate goal of obtaining the
desired Lagrange multipliers by adjusting the insensitive
loss coefficients and relaxation variables. Fig. 2 shows the
structure of Support Vector Regression (SVR) machine.

The basic principle of linear regression is as follows. For
general linearity the functional expression of regression is
needed as shown in Eq. (1).
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In addition to satisfying the above conditions, w, c, {, ¢
should also satisfy the complementary condition in Eq. (7).
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Fig. 4. Insensitivity band graph in SVR regression problem.

In Fig. 3, K(x,x, ) (k = 1,2,3,...,N) is the kernel func-
tion and c is the bias function, which are the most important
components of the SVR learning machine. Assuming that
the feature space has the training sample set T, the expres-
sion of T is shown in Eq. (10).

T = (x1,¥1), (X2,¥2), s (Xk, Yi) (10)

In Eq. (10), x¢ is the sample value of the k function,
which is also the input quantity, and yj indicates the output
quantity. The fitting function is shown in Eq. (11).

f@) = %+ (11)

Define the expression of the insensitive loss function as

shown in Eq. (12).
0 —f(x)| <e
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In Eq. (12), € is the coefficient of the insensitive loss func-
tion. This expression expresses that given a loss function,
for any sample x corresponding to the true value y and
the predicted value f(x), if the difference between them
is smaller than ¢, then the predicted value of x has no loss
and the loss function results in 0; if the difference between
them is larger than ¢, then the value of the loss function is
the difference between the predicted and true values minus
€. 5o when ¢ is determined, the expression of the constraint
of the regression function is shown in Eq. (13).

{

Because of the existence of noisy samples in the sample

X+c—y<e
X+c—y<e

ISTRSH

(13)

set, regression errors will be generated, and it is necessary

to introduce the slack variables ¢ and &, and the SVR
insensitive band diagram after the introduction of slack
variables is shown in Fig. 4.

As shown in Fig. 4, the scope of the SVR algorithm can
be extended by introducing the slack variables, at which
point Eq. (13) can be derived as Eq. (14).

{ W-X+c—yp S ety (14)
W-X+c—yr < e+ Gk

In Eq. (14), {x and &} are relaxation variables. SVR
solves nonlinear problems with the help of kernel func-
tions, through which the nonlinear problems are mapped
to higher dimensional space and converted to linear prob-
lems for solution. The expression of the kernel function is
shown in Eq. (15).

—
K(% %) =@ g (1) (15)

In Eq. (15), ¥ and x} are vectors in low-dimensional
space, and ¢(¥) and ¢(x) are the corresponding vectors
in high-dimensional space. In SVR learning, the kernel
function is usually defined directly, and the mapping ¢
is obtained from the kernel function. Since the Gaussian
radial kernel function has the advantage of being highly
localized and applicable to a wide variety of sample sets,
the Gaussian kernel function is chosen to map the vectors
in the initial space. The expression of the Gaussian kernel
function is shown in Eq. (16).

[l — x|
202

K(x,3) = exp(~ ) (16)

The kernel function can be mapped to an infinite-
dimensional high-dimensional space, and the samples in
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the low-dimensional space mapped using the Gaussian ker-
nel function are necessarily linearly divisible in the high-
dimensional space, facilitating computation. Although
SVMs are better in prediction, they can be optimized in
terms of parameter selection [19]. Several important pa-
rameters in the SVM model are the penalty factor D, the
insensitivity factor e and the kernel function width 52 [201].
Among them, D may lead to regression failure when it is
large, D may lead to regression error when it is small; e
is prone to overfitting when it is large and underfitting
when it is small; and 62 indicates the closeness of the data,
if 52 is smaller, it means that the data is closer, indicating
that the selection of appropriate D, € and 52 plays a very
important role in the performance of the model [21]. There-
fore, the model uses the global search property of the GA
to optimize the three important parameters of the SVM
regression to improve the approximation ability as well
as the adaptiveness of the model to obtain the GA-SVM
model.

3.2. GA-SVM based robot control system research

It is very difficult to implement completely accurate
gait planning for different environments for a hydraulic
quadruped robot, and there is a nonlinear motion relation-
ship between the upper body position and the ZMP tra-
jectory that satisfies the ZMP condition [3]. Therefore, the
study incorporated the optimized GA-SVM model into the
gait control system, and the flow chart of the gait control
system is shown in Fig. 5.

Quter loop gait control
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yBody
1
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A 4
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Fig. 5. Flow chart of gait control system.

Quadruped robots usually walk according to gait plan-
ning by controlling a multi-joint controller to drive each
internal joint [22]. However, in practical situations, there
are obstacles or other unforeseen circumstances, and if the

robot still walks according to the gait planning, it will in-
evitably fall or deviate from its initial direction. And the
above gait control system is designed on the basis of main-
taining stability in human walking, which can evaluate
whether the robot is balanced by the signal from the bot-
tom of the robot’s feet, and then adjust the robot’s posture
by the obtained signal to maintain the overall balance of the
robot. The specific process is as follows: the first step is to
process and filter the foot signals collected from the sensors,
then input the filtered data into the GA-SVM regression
model for regression modeling, and after modeling, obtain
the dynamic relationship to determine whether the robot is
stable or not. The final step is to place the obtained model
in the gait control system designed in the study, and use
this control system and human adjustment of the robot’s
upper limb position to enable the robot to walk stably. The
gait samples of the nonlinear motion relationship between
the upper limb and the ZMP trajectory of the robot satisfy-
ing the ZMP stability condition were collected as follows.
First, the ZMP variation and ZMP values and the upper
limb position sample data in the cycle of ZMP stability are
collected, and the expression of the functional relationship
between the three is shown in Eq. (17).

Yirunk = f(yzmp, dyzmp) (17)

In Eq. (17), Y4,k represents the upper body position,
yzmp represents the ZMP value, and dyzyp represents
the ZMP change value. The obtained yzyp and dyzpp
are fed into the GA-SVM model as input data, and the
output Y4,k In the process of model operation, due to its
own sparsity, only a small number of sample coefficients

(ag, &) is not 0. At this time, the samples corresponding

to (ag, af) (y(ZkX/IP,dyg(K,IP,yEfL)mk) are support vectors. If

the number of support vectors is g, then the gait regression
function of this robot is shown in Eq. (18).

flx) =
8 T
INCELRL (v Sar) - (vt |

(18)

In Eq. (18), a5 and &y are the multipliers that need to con-

tinue to learn, and the minimum optimization algorithm

is used to solve the multipliers in a loop iteratively, so that

the multipliers all satisfy the KKT condition. The results

are substituted into Eq. (17) to obtain the desired nonlinear
model.

3.3. SVM parameter optimization based on GA

Genetic algorithm can utilize its strong search ability to
optimize the parameters of SVM and improve the perfor-
mance of the model. The optimization process of genetic
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algorithms is actually to iterate over individuals in the al-
gorithm, judge the fitness of the iterated individuals, and
select the individuals with the best fitness for output. The

specific process is shown in Fig. 6.

Calculate
individual
fitness

Set genetic
operation
parameters

N
Start ’T‘ s Variation
Production Whether the X
initial conditions Overlapping
population are met
Y

Output optimal
solution

Fig. 6. Specific process diagram of genetic algorithm.

As shown in Fig. 6, the first step in genetic algorithms
is to initialize the population, generate different individu-
als, and then use the fitness function to judge the fitness
of individuals to determine their adaptability to the en-
vironment. Select individuals with good adaptability to
the environment to enter the next generation for iteration,
so that the algorithm gradually obtains the optimal solu-
tion during the iteration process. Select individuals from
the population according to corresponding probabilities
for crossover and mutation operations to generate new in-
dividuals for the next generation, and finally determine
whether the output results meet the requirements. If it
meets the requirements, the algorithm ends and outputs
the optimal individual. If it does not, the algorithm is rerun
from the calculation of individual fitness. Therefore, the
model utilizes the global search characteristics of genetic
algorithms to optimize the three important parameters of
SVM regression, improve the approximation ability and
adaptability of the model, and obtain a GA-SVM model.
The GA-SVM model is a SVM in which a GA is introduced
to optimize its parameters, as shown in the flowchart in
Fig.7.

After each round of training regression of the SVM, a
GA is used to find more suitable values of C, ¢, and 2.
This process is called optimization of the population, and
its criterion is the fitness function. Since the object of the
regression is a nonlinear function, the MSE of the predicted
and sampled values is used as the fitness function of the
GA, and its expression is shown in Eq. (19).

ri (ythwﬂ( f<C8‘7 (y(Z)ZMP’dy(ZI)VIP>)>2

MSE = A

(19)

In Eq. (19), k represents the number of test samples,

(i)

Yook 1S the actual output value, and f is a function of
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controller
Training SVM
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Fig. 7. Flow chart of model parameter optimization.
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the support vector regression. Although the optimization
with this method population is simple, the possibility of
overfitting in the process is higher, so the cross-validation
method is also used to optimize the parameter values. The
S samples were divided equally into N groups, and then
the SVM regression function was built using the parameter
set of the SVM and N-1 groups of samples, leaving one
group of sample sets for testing. This operation is repeated
several times, and the mean of the mean errors obtained is
the desired population adaptation value. The expression
of this procedure is shown in Eq. (20).

min  Fitness = cv (C, az,s,MSE)

N k . , 2
“y L % Y. (v = £ (€& (irap ) ))

(20)

The k in Eq. (20) is %, and N denotes the number of

training sets. The general optimization search steps of

GAs are a series of operations such as encoding, fitness,

and variation of parameters, and finally the optimal set of

parameters is derived. However, for the sake of population

diversity and to improve the model accuracy, the study

uses both the crossover probability p. and the variation

probability p;,;, and the expressions of the two probabilities
are shown in Eq. (21).

ke

Pe = Far — foug
ko

Pm = fmax favg

In Eq. (21), fuax represents the maximum adaptation

1)

value obtained in the last cycle, while f;,¢ represents the
average adaptation value obtained in the last cycle. By ap-
plying the two probabilities to the crossover and variation
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process in the GA, the diversity of its population is main-
tained and compared with the constant value probability
of the GA in the simulation experiment session.

4. Ga-svm algorithm performance comparison and

system result analysis

4.1. Analysis of GA-SVM algorithm test results

The determination of the SVM parameters has a large im-
pact on its performance as well as accuracy, so it is neces-
sary to find the best parameters before training the SVM
model. The study uses a GA to find the best C and g pa-
rameters, and uses a combination of programming exper-
iments and a 3-fold cross-validation method to validate
the accuracy of the training set for the selected parameters.
When using the GA to determine the optimal parameters,
the penalty coefficient C is taken in the range of [0.1,1000],
the kernel function parameter g is taken in the range of
[0.01,100], and the crossover probability and variance prob-
ability are 0.7 and 0.1, respectively. The results of the GA
adaptation change curve are shown in Fig. 8.

100 F ¢=31.315 g=0.073 CV Accuracy=95.4%
. THHHHHHHH.—.
S R /
,..H.{ ! =
80 i\ Ay
2 Fo
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£ |
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0 10 20 30 40 50 60 70 80 90 100
Evolutionary algebra

Fig. 8. Fitness curve of GA.

From Fig. 8, we can see that both the average fitness
curve and the best fitness curve show an overall increasing
trend with the increase of evolutionary generations, and
finally the fitness of the best fitness curve is stabilized at
95.6. The optimal penalty coefficient of C is 31.315 and
the optimal kernel function parameter of g is 0.073. The
accuracy of the model classification reaches 95.4% at this
time. Analyzing the optimal fitness curve in the figure, we
can find that the curve tends to grow and stabilize rapidly
when the population evolution generation is 50, which in-
dicates that the model has good convergence in the process
of evolution. The GA-SVM model is obtained by substi-
tuting the determined optimal parameters into the initial

SVM. GA-SVM model was trained by using the training set,
and a GA-SVM model was obtained after training. Then
the accuracy of the model is verified by the test set until
the prediction accuracy of the model reaches the expected
target. The test results of GA-SVM model in the training
set and test set are shown in Fig. 8.

The a-plot in Fig. 8 shows the prediction accuracy curve
of the GA-SVM model in the training sample. From the
a-plot, it can be observed that the value of the squared
correlation coefficient of the model in the training set R?
is 0.9215 and the value of the mean squared error MSE
is 0.00632. The magnitude of these two values indicates
that the GA-SVM model has a high accuracy in the training
set. Since the value of the squared correlation coefficient is
greater than 0.85, it also indicates that the GA-SVM model
has a better generalization ability in the training set. The
b-plot in Fig. 8 shows the prediction accuracy curve of the
GA-SVM model in the test sample. From the b-plot, we can
find that the value of the squared correlation coefficient of
the GA-SVM model in the test sample R?i50.8712, which is
lower than the value of the squared correlation coefficient
of the GA-SVM model in the test sample MSE; we can also
find that the value of the mean squared error of the GA-
SVM model in the test sample R?150.01312, which is higher
than the value of the value of the mean squared error of the
GA-SVM model in the test sample MSE is higher than that
of the GA-SVM model in the training sample. Although
the performance evaluation metric values of the GA-SVM
model in the test sample are not as good as those in the
training sample, the performance metric values of R? and
MSE are also better than those of the conventional model.
In addition, the research also compares the performance of
GA-SVM algorithm with GA-BP algorithm, SVM algorithm,
and BP algorithm to analyze the specific effects of GA-SVM
algorithm. The error results of the four algorithms are
shown in Fig. 10.

As shown in Fig. 10, the two graphs (a) and (b) are
graphs of the average absolute error versus training times
and the maximum absolute percentage error versus train-
ing times for the four algorithms. From Fig. 10(a), it can
be seen that the GA-SVM algorithm has the fastest conver-
gence speed among the three algorithms, with an average
absolute error of 0.00152 after stabilizing; The average ab-
solute error of the GA-BP algorithm after stabilizing is
0.00635; The average absolute error of the BP algorithm
after stabilizing is 0.00817. From Fig. 10(b), it can be seen
that the maximum absolute percentage error of the GA-BP
algorithm tends to stabilize at 4.8% when the number of
training times is 140; The convergence speed of APSO-BP
algorithm is second only to GA-BP algorithm, and the max-
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Fig. 9. Test results of training set and test set.
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Fig. 10. Error Comparison Results of Four Algorithms.

imum absolute percentage error tends to stabilize at 5.3%
when the number of training times is 210; The convergence
speed of BP algorithm is the slowest, and the maximum ab-
solute percentage error tends to stabilize at 6.1% when the
number of training times is 310. The above results indicate
that the GA-SVM model has high prediction accuracy in the
training set and has strong generalization ability. Therefore,
the GA-SVM model can be embedded in the gait control
system of the quadruped robot to reasonably control the
gait of the quadruped robot.

4.2. Analysis of experimental results of gait control sys-
tem simulation

The gait control system designed by the study was applied
to the common hip joint mutation of quadruped robots,
and three groups with different gait parameters only and

similar other parameters were set up for comparison. The
gait parameters of the first group were 0.14 m and 0.875
cm; the gait parameters of the second group were 0.16 m
and 1.037 cm; and the gait parameters of the third group
were 0.18 m and 1.218 cm. For the sake of compare the
performance of the gait control system, the neural network
model, the simple SVM model and the GA optimized SVM
model were used in the gait regression session. dyzsp For
the sake of compare the performance of this gait control
system, the neural network model, the simple SVM model
and the GA optimized SVM model were used to regress the
gait of three different sets of gait parameters. ZMP(yzpp),
ZMP and Yy, were sampled periodically in the forward
direction of the quadruped robot. The comparative results
of the regression effects of the three models are shown in
Table 1.
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Table 1. Comparison results of regression effects of three models.

Learning model

NN SVM  GA-SVM

Step length 0.14 m, step height 0.875 cm
Step length 0.16 m, step height 1.037 cm

Step length 0.18 m, step height 1.218 cm

Training MSE (10~%)
Test MSE (10~%) 1.284  0.481 0.273
Training MSE (10~%)
Test MSE (10~%) 1118 0428 0.255
Training MSE (10~%)
Test MSE (10~%) 1.028  0.385 0.237

11.235 12.672 9.391
10.891 11.325 9.021

10.521  10.983 8.934

0.5 4

Yirunk

0.5
0

Dyzwp - 105

0
Dyzme

(a)Step length 0.14m, step height 0.875cm

(b)Step length 0.16m, step height 1.037cm

0.5
0

q.-05 Dyzmp - 05

(a)Step length 0.18m, step height 1.218cm

Fig. 11. Control model diagram after optimization under different parameters.

From Table 1, it can be seen that among the three learn-
ing methods, the MSE of the training set and the MSE of the
test set of the SVM method optimized by the GA are lower
than those of the traditional SVM method and the neural
network training method. In the group with the gait pa-
rameters of 0.14 m and 0.875 cm, the training set MSE of the
GA optimized SVM method is 9.391, which is lower than
that of the traditional SVM method (12.672) and the neural
network training method (11.235); the test set MSE of the
GA optimized SVM method is 0.273, which is lower than
that of the traditional SVM method. In the group with gait
parameters of 0.16 m and 1.037 cm, the MSE of the training
set of the GA optimized SVM method is 9.021, which is
lower than that of the traditional SVM method (11.325) and
the neural network training method (10.891). The MSE of
the test set of the optimized SVM method is 0.255, which is
lower than that of the traditional SVM method (0.428) and
the neural network training method (1.118); in the group
with the gait parameters of 0.18 m and 1.218 cm, the MSE
of the training set of the optimized SVM method is 8.934,
which is lower than that of the traditional SVM method
(10.983). This result indicates that the MSE of the three
learning methods decreases with the increase of step length
and step height, which means the performance is better.
In addition to this by comparing the MSE values of the

three groups, it is observed that the GA optimized SVM
method performs much better than the neural network and
traditional SVM methods. For the sake of further test the
performance of the method designed for the study, the SVM
method optimized by GA was used to optimize the control
system for three groups with different gait parameters, and
the control model diagram obtained after optimization is
shown in Fig. 11.

From the control model plots of the three gait parame-
ters in Fig. 11, it can be seen that the values of ZMP(yzump),
ZMP changes dy(ZMP) and the upper body motion trajec-
tory Yspynk in the forward direction of the quadruped robot
are in the smaller range for the three different sets of gait
parameters. This result shows that after the optimization
of the gait parameter control system by the improved SVM
algorithm, the system is better controlled. In addition, it
can be seen that the trend of the influence of different gait
parameters on the gait control system is better as the step
length and step height increase, but the overall difference
is not significant. In addition, in order to analyze the prac-
tical application effects of the proposed quadruped robot,
the study also conducted comparative experiments with
traditional quadruped robots, using the walking route ac-
curacy score and stability score as evaluation indicators for
performance analysis. The comparison results of two dif-
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Fig. 12. Comparative results of two different quadruped robots in five different routes.

ferent quadruped robots in five different routes are shown
in Fig. 12.

As shown in Fig. 12, the results can be seen from the
comparison of the walking route accuracy scores and stabil-
ity scores of two quadruped robots in five different routes.
The accuracy score of the quadruped robot’s walking path
proposed in the study is generally higher than that of tra-
ditional face recognition models, and its average score
is 83 points. In addition, it can be seen from Fig. 12(b)
that the overall stability score of the quadruped robot pro-
posed in the study is also higher than that of the traditional
quadruped robot, and its average stability score is 84 points.
From this result, it can be concluded that the performance
of the proposed quadruped robot is superior to that of tra-
ditional quadruped robots. The above results show that
the SVM algorithm optimized by GA is much better than
the traditional model in terms of learning ability, and the
control system trained by this algorithm has better control
effect.

5. Conclusion

Although there are a number of quadruped robots designed
in China today, there is a considerable gap between them
and foreign designed quadruped robots in terms of their
gait walking as well as their adaptability. A new GA-SVM
algorithm model is designed by combining SVM and GA to
improve the gait control of domestic quadruped robot. GA-
SVM model was used to determine the optimal parameters
of SVM, and the optimal penalty coefficient was 31.315 and
the optimal kernel function parameter was 0.073. Then GA-
SVM model was compared with NN model and traditional
SVM model in the training and test sets to compare the
model performance. The experimental results show that

the square correlation coefficients of GA-SVM model in
training set and test set are 0.9215 and 0.8712, respectively,
and the MSE of GA-SVM model in training set and test set
are 0.00632 and 0.01312, respectively, which are superior to
the other two models. Through the simulation test of the
control system, it was found that the MSE of the GA-SVM
model was 9.391, 9.021, and 8.934 for the three different
sets of gait parameters. Both outperformed the NN model
and the traditional SVM model. The results indicate that
the combination of GA and SVM algorithm can improve
the performance of the SVM model, and the optimized
SVM model can improve the control effect of the control
system when applied to the gait control of a quadruped
robot. Although the model method designed in the study
can effectively improve the control effect of the gait control
system, the research tests only studied the situation when
the robot was walking straight, and did not consider the
robot’s lateral motion, etc. The subsequent research direc-
tion is to apply the model to the control of multi-directional
motion of the quadruped robot.
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