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Abstract 

Stability of vehicle handling is of great importance for measuring the safety of vehicles. 

According to the current evaluation method, this crucial property is usually determined 

by technicians using existing impact factors and the evaluation is always generated by 

subjective judgments because there are no united criterion that can simplify the 

evaluation. However, this evaluation process is very hard to achieve because of the large 

scale of independent variables. Here, we aim at presenting a novel method based on 

artificial neural networks (ANNs) to aid the evaluation process for the tests of stability of 

vehicle handling. We set different impact factors of the tests as the independent variables, 

while the scores of the tests were set as the dependent variables. Using the existing data, 

we trained it using linear predictor, general regression neural network (GRNN) and 

multi-layer feedforward network (MLFN) during the machine learning process. Results 

show that ANN models can be used for aiding the subjective evaluation of stability in 

vehicle engineering. Our research can offer a novel insight for the vehicle evaluation in 

future studies. 
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1. Introduction 

Vehicle handling and stability are important factors affecting vehicle active safety [1-

5]. To relevant workers, how to assess the stability of vehicle handling is a crucial work 

for ensuring the security. However, because the stability can be easily effected by various 

factors, we still do not have a united and accepted evaluation system. Therefore, we aim 

at finding out a effective and convenient model or system for stability evaluation in order 

to work out a subjective assessment system based on machine learning approaches [6-9]. 

Our study can effectively address the difficulties in relevant evaluations.  

To simulate the subjective evaluation results of technicians, we decided to use artificial 

neural networks (ANNs) to mimic the non-linear relationship in people's mind. A series of 

models for snake-like test, input test of steering wheel angle step, input test of steering 

wheel angle pulse, test of steering agility and test of stable circle were developed to 

evaluate the scores of the stabilities of vehicles. We used the Results show that ANN 

models can effectively and robustly give the correct evaluation results after the machine 

learning process of ANN models based on the existing data and subjective evaluation 

results provided by technicians.  
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2. Artificial Neural Network 

Artificial neural network (ANN) is a machine learning system based on non-linear 

fitting with [10-13]. An ANN model consists of various nodes (which are what we regard 

as neuron). In the field of biology, there are cyanpses that on the edge of every neuron. 

The strength a cyanpse is what we call the weight. The powerful function of ANN models 

should not be seen as the function of each neuron, but should be seen as the whole 

network. Only by using the whole network made up of certain of neurons, can ANN 

models give good performances and results after the machine learning process set from its 

algorithms.  

 

 

Figure 1. General Structure of an Artificial Neural Network 

Figure 1 is a schematic structure of an ANN model, where the biases is used for extent 

the dimension of an ANN model for the sake of ensuring the normal running of the 

network. Under the most of the circumstances, a general ANN model consists of the input 

layer, the output layer and the hidden layer. Input layer is made up of independent 

variables. The number of nodes (or neurons) is decided by the number of input 

independent variables. Hidden layer is a layer for calculating the weights from the input 

layer. Users usually can choose the number of nodes (or neurons) in order to obtain the 

best component of an ANN model. Similar to the input layer, the number of nodes (or 

neurons) in the output layer is decided by the number of output dependent variables in 

practical applications. 

 

3. Models Establishment 

Our target of the research was to establish different models in different aspects for the 

evaluation of stability of vehicle handling respectively. Therefore, we separated the 

groups of the study objects into five aspects: snake-like test, input test of steering wheel 

angle pulse, test of stable circle, and the overall evaluation. In each aspect, we used 

general regression neural network (GRNN) [14, 15] and multi-layer feedforward neural 

network (MLFN) [16, 17] to establish the target models. In four different aspects, we used 

different independent variables for the sake of being close to reality. Here, we 

respectively present the modeling and calculating results of four aspects by using the data 

provided by Y. Bai, from Jilin University [18]. 

http://www.hindawi.com/journals/jspec/2014/901310/fig1/
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3.1 Models for Snake-Like Test 

    In the model development for the evaluation of snake-like test .We used the angle of 

steering wheel, average yaw rate, average angle of the vehicle body and average lateral 

acceleration as the independent variables in training process, meanwhile we set the 

subjective score as the dependent variable. In practical applications, this subjective scores 

are determined by technicians according to the sub-scores of the average yaw rate and the 

average steering angular velocity. In these models, we aim at using ANN models to obtain 

the exact scores directly. Table 1 shows the results of the ANN model for the evaluation 

of snake-like test. 

Table 1. Results of Models for Snake-like Test 

ANN Model 
Trained 

Samples 

Tested 

Samples 

Average 

RMS Error 

Linear Regression 

GRNN 

MLFN with 2 Nodes 

MLFN with 3 Nodes 

MLFN with 4 Nodes 

MLFN with 5 Nodes 

7 

7 

7 

7 

7 

7 

5 

5 

5 

5 

5 

5 

1.39 

0.96 

2.52 

175.68 

1.80 

172.82 

 
Table 1 shows that the GRNN model could generate the best responses, with a lowest 

RMS error (0.96). Results presented by Table 1 show that the GRNN model is the best 

model during our computational experiments.  

 
3.2 Models for the Input Test of Steering Wheel Angle Pulse 

    In the model development for the input test of steering wheel angle pulse, we used the 

resonant frequency, resonant peak level and the phase lag as the independent variables in 

training process, meanwhile we set the subjective score as the dependent variable. In 

practical applications, this subjective scores are determined by technicians according to 

the sub-scores of the resonant frequency, resonant peak level and the phase lag. In these 

models, we aim at using ANN models to obtain the exact scores directly. Table 2 shows 

the results of the ANN model for the evaluation of the input test of steering wheel angle 

pulse. 

Table 2. Results of Models for the Input Test of Steering Wheel Angle 
Pulse 

ANN Model 
Trained 

Samples 

Tested 

Samples 

Average 

RMS Error 

Linear Regression 

GRNN 

MLFN with 2 Nodes 

MLFN with 3 Nodes 

MLFN with 4 Nodes 

MLFN with 5 Nodes 

7 

7 

7 

7 

7 

7 

5 

5 

5 

5 

5 

5 

0.84 

0.30 

8.48 

0.29 

2.77 

3.60 

 
Table 2 shows that the GRNN model and MLFN model with three nodes could 

generate the best responses, with lowest RMS errors (0.30 and 0.29 respectively). Results 

presented by Table 2 show that the GRNN model is the best model during our 

computational experiments.  
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3.3 Models for the Test of Stable Circle 

    In the model development for the test of stable circle, we used the acceleration of 

neutral steering point, understeer degree and the degree of body roll as the independent 

variables in training process, meanwhile we set the subjective score as the dependent 

variable. In practical applications, this subjective scores are determined by technicians 

according to the sub-scores of the neutral steering point, acceleration of neutral steering 

point and the understeer degree. In these models, we aim at using ANN models to obtain 

the exact scores directly. Table 3 shows the results of the ANN model for the evaluation 

of the test of stable circle. 

Table 3. Results of Models for the Evaluation of the Test of Stable Circle 

ANN Model 
Trained 

Samples 

Tested 

Samples 

Average 

RMS Error 

Linear Regression 

GRNN 

MLFN with 2 Nodes 

MLFN with 3 Nodes 

MLFN with 4 Nodes 

MLFN with 5 Nodes 

7 

7 

7 

7 

7 

7 

5 

5 

5 

5 

5 

5 

2.14 

0.45 

0.48 

1.31 

1.98 

2.65 

 
Table 3 shows that the GRNN model could generate the best responses, with a lowest 

RMS error (0.45). Results presented by Table 3 show that the GRNN model is the best 

model during our computational experiments.  

 
3.4 Models for the Overall Evolution 

To sum up all the impact factors of the stability of vehicle handling, we also used an 

overall model for the integrated evaluation. We used the response time of yaw angle, 

resonant frequency, resonant peak level, phase lag, turning lateral acceleration of neutral 

point, understeer degree, degree of body roll, average turn angle, average yaw angle, 

average friction of steering wheel and maximum effect of the steering wheel as the 

independent variables, where as the overall evaluation score was set as the dependent 

variable. Results are shown in Table 4.  

Table 4. Results of Models for the Overall Evolution 

ANN Model 
Trained 

Samples 

Tested 

Samples 

Average 

RMS Error 

Linear Regression 

GRNN 

MLFN with 2 Nodes 

MLFN with 3 Nodes 

MLFN with 4 Nodes 

MLFN with 5 Nodes 

12 

12 

12 

12 

12 

12 

5 

5 

5 

5 

5 

5 

5.63 

4.11 

4.39 

2.23 

2.45 

4.78 

 
Table 4 shows that the MLFN model with 3 nodes could generate the best responses, 

with a lowest RMS error (2.23). Results presented by Table 4 show that the MLFN model 

under the condition of three nodes in the hidden layer is the best model during our 

computational experiments.  
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4. Results and Discussion 

Here, we use the classical method created by reference [19] to present the results of the 

best ANN models of the research presented in Section 3. For making comparison, we 

plotted the regression line in each figure.  

 

4.1 Models for Snake-Like Test 

 

 
a 

                                                                      
b 

 

 
c 

Figure 2. Training and Testing Results of GRNN Model (a) Predicted Values 
Versus Actual Values after the Training Process; (b) Predicted Values 

Versus Actual Values after the Testing Process; (c) Residual Values Versus 
Predicted Values in Testing Process 
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Figure 2 shows shat the training and testing results are robust, indicating that the 

GRNN model is very effective for the evaluation in snake-like test for vehicles.  

 
4.2 Models for the Input Test of Steering Wheel Angle Pulse 

 

 
a 

 
b 

 
c 

Figure 3. Training and Testing Results of GRNN Model; (a) Predicted Values 
Versus Actual Values after the Training Process; (b) Predicted Values 

Versus Actual Values after the Testing Process; (c) Residual Values Versus 
Predicted Values in Testing Process 

Figure 3 shows shat the training and testing results are robust, indicating that the 

GRNN model is very effective for the evaluation in the input test of steering wheel angle 

pulse for vehicles.  
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4.3 Models for the Test of Stable Circle 

 

 
a 

 
b 

 
c 

Figure 4. Training and Testing Results of GRNN Model; (a) Predicted Values 
Versus Actual Values after the Training Process; (b) Predicted Values 

Versus Actual Values after the Testing Process; (c) Residual Values Versus 
Predicted Values in Testing process 

Figure 4 shows shat the training and testing results are robust, indicating that the 

GRNN model is very effective for the evaluation in the test of stable circle for vehicles. 

Nevertheless, there are still some of the testing results that not quite suit for the actual 

values. We consider that this deviation is generated by the fluctuation of ANN models. 

For making further discussions, we will try more models that can perfectly suit for the 

actual results of the evaluation for the test of stable circle. 
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4.4 Models for the Overall Evolution 

 

 
a 

 
b 

 
c 

Figure 5. Training and Testing Results of MLFN Model with Three Nodes; (a) 
Predicted Values Versus Actual Values after the Training Process; (b) 
Predicted Values Versus Actual Values after the Testing Process; (c) 

Residual Values Versus Predicted Values in Testing Process 

Figure 5 shows shat the training and testing results are robust, indicating that the 

MLFN model with three nodes is very effective for the evaluation in the overall 

evaluation for vehicles. However, the training time of the ANN models cannot be 

neglected because there are too many independent variables in this total process of model 

establishment. Nevertheless, if the total  

All results shown by Sections 4.1 to 4.4 shows that ANN models (GRNN and MLFN 

models with different nodes) are very useful tools that can address the problem of stability 
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evaluations for vehicles. With relatively low RMS errors and comparatively high testing 

results (degree of fitting in training and testing results), we can see that ANN suitable 

ANN models can generate exact and previous responses during the training process 

(machine learning process). As for the GRNN model, we can see that it can generate the 

best results with the lowest RMS errors in many aspects of evaluations for the stability of 

vehicle handling. As for the MLFN model, we can see that the number of nodes is very 

important. Different nodes in a MLFN model will greatly influence the results and 

training time. Using too many nodes in a training process of MLFN model will waste too 

much time, which is not available in practical applications. Therefore, we strongly 

encourage that scientists and technicians should make more comparison before making a 

decision to choose an specific model. As for other models that are not presented in our 

experiments such as back propagation neural network (BPNN) [20-23] may also available 

in previous researches. However, the robustness of a BPNN model may not be quite high 

compared to GRNN model because GRNN model Gaussian function, which has a better 

fitting ability in related applications. What's more importantly, there are well-packed 

software that can help scientists and technicians to develop GRNN and MLFN models 

[24-26], and so we strongly believe that GRNN model and MLFN model would be a 

better choice in practical applications such as laboratory works and industries. 

 

5. Conclusion 

Artificial neural networks (ANNs) are of great significance to prediction and 

evaluation related researches. It can generate correct responses using non-linear fitting 

principles to mimic human being's thinking patterns. Especially, general regression neural 

networks (GRNN) and multi-layer feedforward neural network (MLFN) can be widely 

used because they have been packed into the useful software and they can generate 

relatively good results for data-prediction. Our work aim at using the principles of ANN 

models in order to resolve the problems frequently occur in vehicle handling. 

In this paper, we present a novel method based on artificial neural networks (ANNs) to 

aid the evaluation process for the tests of stability of vehicle handling. We set different 

impact factors of the tests as the independent variables, while the scores of the tests were 

set as the dependent variables. Using the existing data, we trained it using linear predictor, 

general regression neural network and multi-layer feedforward network during the 

machine learning process. Results show that ANN models can be used for aiding the 

subjective evaluation of stability in vehicle engineering. Results show that GRNN model 

is the best of the models for snack-like test with an RMS error 0.96, GRNN model and 

MLFN model with three nodes are both the best of the models for the input test of 

steering wheel angle pulse, with RMS errors 0.29 and 0.30 respectively, GRNN model is 

the best of the models for the test of stable circle, with an RMS error 0.45, and MLFN 

model with three nodes is the best the models for the overall evaluation, with an RMS 

error 4.23. Our results show that ANN models can be used for the evaluation of stability 

of vehicle handling. In this article, we aim at providing a novel method for relevant 

evaluations. The independent variables can be changed according to different 

circumstances. And we strongly encourage that related scientists can try more different 

independent variables in the process of model training (machine learning process). In 

future research, we will concentrate on the application of other machine learning 

techniques and make comparisons among different advanced modes in the evaluation for 

stability of vehicle handling.  
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