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Abstract 

With regard to the fault control and diagnosis objects of the automobile sensors, the 
problems include the large space dimension of the fault sample data, the poor timeliness 
of fault diagnosis, the rather poor ability to identify the diagnosis conclusion and the 
uncertainty etc. In this paper, it is presented to adopt the Dynamic Blur Self-learning 
theory combined with the BP Neural Network to diagnose the faults. First, the Dynamic 
Blur Self-learning method is used to find the fault nodes, and then the BP Neural Network 
is used to carry out quick classified diagnosis. The simulation research shows that this 
diagnosis method can not only keep the accuracy rate of sensor fault diagnosis and 
improve its speed, but also reduce the uncertainty of fault conclusion and improve the 
performance of the diagnosis in identification and decision making. 
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1. Introduction  

Along with the improvement of people's living standards, the car has become an 

important part of people's lives. Literature[1] pointed out that the extensive use of 

computer and information technology into the car, where the sensor is gradually applied 

to automotive control, which can perceive, acquire, converse and process automotive 

information. The perceptive information needed will be converted into other information 

and get output. Automotive sensor is a key component of automotive electronic control, as 

well as a core part of automotive electronic technology. 

Literature [2-3] pointed out that when encounters the car sensor failure, the car sensor 

will judge for car trouble through its own control systems and aids, but due to the current 

automotive sensor control frequently fails, therefore people need a convenient and 

efficient engines sensor failure control method. Literature [4] noted that the current sensor 

control is mainly distributed against the bottom of scale body: it accomplishes faulty 

signal output through the sensor output, but the easy off-center affects estimation accuracy. 

Literature [5] pointed out that the digital load cell can achieve uninterrupted work, and the 

fault signal can be obtained in a short time, but the drawback is expensive. Literature [6-7] 

pointed out that the use of neural networks to car failure reasoning, using priority and 

setting weights and other methods for fault diagnosis, but these methods need to be 

supported by the expert system, hence have a certain dependence.Literature [8 ] proposed 

a Bayesian network proposed fault diagnosis method based on multi- sensor data fusion: 

the experiment shows that the method improves the diagnostic accuracy and has good 

application value. Literature [9 ] proposed a sensor fault diagnosis expert system based on 

neural network fusion, which integrated BP neural network for fault detection; the 

findings indicate that the sensor diagnosis expert system has high accuracy and fast 

diagnosis characteristics. Literature [10 ] proposed a new method of sensor nodes fault 

diagnosis based on rough sets and ant colony optimization neural networks, and the 

simulation shows that the method has a high diagnostic accuracy and efficiency. 



International Journal of Control and Automation 

Vol.7, No.8 (2014) 

 

 

364    Copyright ⓒ 2014 SERSC 

Literature [11 ] proposed a method for automotive sensor fault simulation system. The 

simulation results were compared with the real vehicle test results, which show that using 

this method to establish the system meets the test requirements, and is easy to use with 

high reliability and high accuracy. Literature [12 ] proposed a sensor fault diagnosis 

method based on wavelet transform and neural network method, which can effectively 

distinguishes signal changes caused by signal sensor failure between normal fluctuations 

changes caused by the process itself ; in training the neural network system it requires 

only a sample of normal state, which overcomes the difficulties of the scarce sensor fault 

samples. Experimental results show that this method can effectively complete fault 

diagnosis and can determine the sensor fault type. 

This paper has combined the motion blur function and BP neural network for effective 

and accurate classification of the car sensor control failure. The paper also conducts 

accurate diagnosis and recovery for automotive sensors fault, which can be effectively 

used to ensure the normal operation of automotive sensors. 

 

2. Car sensor Control Fault Model 

The output signal is mainly automotive sensor voltage signal, when the wiring between 

automotive sensors and E C U (sensor and the engine control unit) have open circuit, the 

voltage signal will be beyond the normal range and thus causes a malfunction. Usually we 

set the car's normal range of the sensor output signal voltage is m in m ax
( , )U U

, if the actual 

input signal voltage is greater than m ax
U

or less than m in
U

,  it is considered that the 

signal is not reliable, which means that the sensor is faulty. Only after the sensor signal 

lasts some time, a fault in E C U  is judged. Assuming the number of sensors in the 

vehicle sensor network nodes is J , each node in the data acquisition sampling process 

samples for n  times, the data length of a single node is n . Data collected as a single 

node in the column of the matrix, the network data may be represented as 
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For ease of presentation, data in each node will be converged, and network data can be 

written in vector form 
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Wherein 
N

RX ， nJN  . 

Before compressing and sensing measurements of the data, we use discrete cosine 

transform (Discrete Cosine Transform, DCT) for converting the sparse voltage signal  
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Wherein Ψ is NN  dimensional DCT transform matrix; in N  dimensional sparse 

coefficient vector k
s

contains K （ NK  ） nonzero elements. Measurement data 

measured by the matrix is generated by the local node, denoted node j （ Jj ,...,2,1 ） 
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generated the measurement matrix as j
Φ

, the matrix of dimension is nm  （ nm  ）. 

The resulting measured value of each node is written as a vector form 

 
T

mJJmm
yyyyyy ,...,,,...,,,...,

1212111
Y

 

      
T

Myyy ,...2,1                  （3） 

The measurement process of network data matrix can be expressed in vector form as 

follows: 

ΦΨsΘXY               

wherein
M
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In order to find the vehicle sensor control nodes data timely and accurately, we need to 

use known measured value Y and under restoring matrix Θ conditions to reconstruct 

sparse coefficients matrix vector. As the vehicle sensor data sparse coefficient vector 

control node sparse degree changes with node mobility, this paper will propose a new 

method to solve the fault diagnosis for this problem. 

 

3. Automotive Sensor Diagnostic Control based on Dynamic Fuzzy and 

BP Neural Network Algorithm 
 

3.1. Energy Self-Learning based on Dynamic Fuzzy Function 

Automotive sensor network failure has some randomness, and it is a typical nonlinear 

structure; whereas dynamic fussy function may well find death nodes in sensor fault. 

Dynamic fuzzy basis function is constructed as follows: 
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Through setting car sensor nodes energy (set as 
i

w ), we enter it into the formula (5) to 

give the corresponding node energy improvements as follows: 

1
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k
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             （6） 

In the formula (6) , in which k represents the number of sensor nodes. By constructing 

dynamic functions in fuzzy function as follows: 
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In equation (7), 
i

x  as fuzzy variable, ( )T x means REFERENCES fuzzy variables. 

Wherein 
i

u  is set as real numbers between 0 and 1, i
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y
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We combine three Equation (6), (7) and (8) to obtain a self-learning ability to 

dynamically control functions for automotive sensor nodes, thereby enabling rapid 

judgment on automotive sensor nodes energy loss. 

 

3.2. BP Neural Network 

BP neural network is a one-way transmission network, usually consists by the input 

layer, hidden layer and output layer. It spread signal in forward and reverse transmission. 

In reverse transmission, weights are adjusted by Delta learning rule. In forward 

transmission, we sequentially according to formula (9) in the input and output of each 

layer until the output layer . When the output layer is not expected, it conducts reverse 

transmission according to the error adjustment weights and thresholds between 

expectations and actual output.  See formula (10) for adjustment formula weights. 
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In the formula (1) , 
i

W  is the activation value of the i -th layer node,
i

  is the 

threshold value, 
j

x  is the input signal, 
i j

w  is the connection weights coefficient of the 

first node and the second node, and 
i

y  is  the output value of the node i . 
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In formula (10), 

i j

E

w




 is the error between the desired output of neural network and 

the actual output. 

 

3.3. Description of the Algorithm  

In this paper, it uses the sparsity in a transform domain to achieve control of 
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automotive sensors detect reconstruction algorithm. Most of the current reconstruction 

algorithm combine sparse vector sparse pre-specified level of prior information to support 

the potential size of the set, whereas the algorithm in this paper based on this method, first 

to determine the set of automotive sensor failures through self-study in support of the 

dynamic function, and then through BP neural network algorithm of fault sensor for rapid 

classification, thus shortening the detection time to improve the detection efficiency.  

Specific steps are as follows: 

Initialization: residuals Yr
0
 , iterations 1t , potential support set iteration 

step 0size , the support set potential sizeL  , segmentation number 1stage , the 

index set 
0


0

. 

(1) calculate the correlation coefficient between recovery matrix  for each column and 

residuals, and select L2 correlation coefficient that have the largest magnitude  
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(2) update the set of index values, and introduce into the formula (5) 
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(3) estimated sparse coefficient vector 
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(4) Update the residuals: sΘyr
t

Λt
ˆ  

(5) introduce into the formula (9) and formula (10), determines the algorithm termination 

condition:
2

ˆ ˆ
i

y 

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t 1 t

s s . If satisfied, the algorithm stops, output ˆˆ
i j

wx Ψ s ; if not 

satisfied, go to Step  

(6) continue this subparagraph iteration: 1 tt , to step (1). 

Final solution: ˆˆ wx Ψ s  

 

4. Test Simulation and Analysis  

In the Matlab environment, we first use 200 data samples in the original automotive 

sensor fault sample to design faults samples, each divided into 50 groups of data, the top 

30 group for training, and the remaining 20 groups for testing. Then to sort  fault 

samples through dynamic fussy function, while designing a BP neural network classifier, 

in order to verify the effect of dynamic fussy function of self-learning. Two BP neural 

network classifiers diagnostic results comparison is shown in Table 1. Three sets of data 

selected under impact sensor failure as shown in Table 2, after the dynamic function self- 

learning process we get Table 3, and BP neural network classifier actual output data is 

shown in Table 4. 

Table 1. Comparison of Diagnostic Results 

The 

input 

layer 

hidden 

layer 

output 

layer 

training 

times 

recogni

tion 

rate 

20 20 10 200 42/50 

9 20 5 100 40/50 
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Table 2. Select three Fault Data Under Impact 

Group1 Group2 Group3 

0.25 0.28 0.47 

0.36 0.34 0.25 

0.38 0.42 0.48 

0.40 0.56 0.78 

0.93 0.88 0.91 

0.86 0.51 0.76 

0.68 0.47 0.56 

0.40 0.38 0.45 

0.49 0.35 0.32 

0.39 0.32 0.49 

0.45 0.35 0.37 

0.37 0.41 0.45 

Table 3. The Failure Data after Dynamic Fuzzy Functions Processing 

Group1 Group2 Group3 

1.5218 1.3568 1.6211 

-0.2118 0.0758 0.1848 

0.2108 0.2555 -0.6081 

0.1725 0.0472 -0.0046 

-0.0686 0.0156 0.1913 

-0.2248 -0.3423 -0.3551 

-0.2789 0.0041 -0.2991 

0.0364 -0.0629 -0.0605 

Table 4. Neural Network Classifier Actual Output Data 

Gr

ou

p 

Impact  stuck offset circle normal 

1 0.5233 0.1875 0.0458 0.0704 0.3892 

2 0.4815 0.0751 0.0885 0.0483 0.4524 

3 0.6625 0.0287 0.0913 0.0472 0.3482 

 

From Table 1-4 we find after using using dynamic fussy function to process automotive 

sensor fault data sample, the input layer of the neural network was reduced from 20 to 8, 

training times significantly reduced to 100 times; apparently CPU consuming time has 

reduced. And fault identification rate remained unchanged. It can be seen: the use of 

dynamic fuzzy functions ensures the recognition rate, but also simplifies the structure of 

BP neural network, improves the speed of diagnosis, which is method that could increase 

real-time-ness of BP neural network fault samples classification. 

To further illustrate the superiority of the proposed method, the algorithm here 

mentioned and other algorithms are compared in terms of the detection error rate and 

detection failure rate. The results are shown in Figure 1-3. 
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Figure 1. Detection Error Contrast in Four Algorithm 

 

Figure 2. Detection Failure Rate Comparison in Four Algorithm 

 

Figure 3. Comparison of Automotive Sensors Fault Detection Commonly used in 

Four Algorithm  

As can be seen from the above three figures, the algorithm of this paper in terms of 

the measurement error is far greater than other three algorithms, effectively improves the 

accuracy of detection. In addition, the algorithm of this paper has a lower detection failure 
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rate than the other three algorithms. In four faults detection, algorithm used in this paper 

is superior to the other three, which shows that the algorithm has certain advantages. 

 

5. Conclusion 

For automotive sensor fault detection control, we propose a dynamic fuzzy function 

and BP neural network-based method for rapid classification of faults: first for the input 

data of fault sample we use dynamic fuzzy function for data collection. And then use 

output of the neural network data for data classification. The simulation results show that: 

the algorithm of this paper has ensured the accuracy of the fault detection, while 

simplified the structure of neural network, improved the speed of fault diagnosis. A 

combination of dynamic fuzzy function and BP neural network used in automotive 

sensors control fault diagnosis is feasible. 
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