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Abstract—The output data of the modern complex product 
manufacturing process shows the high correlation, leading to 
the output of the process deviates from the design target or 
increasing of false alarms when traditional Control Charts 
monitors the process. A kind of self-related process of residual 
control chart, which is based on the Neural network, is using 
Neural network to establish time series prediction model of the 
self-related process and apply this model to predict the output 
of the self-related process. Forming residual control chart with 
the output of the self-related process and the Neural network 
prediction residual to eliminate correlation of time series of the 
self-related process and implement statistical quality control of 
self-related process. 

Keywords-neural network; self-related process; control 
chart. 

I. INTRODUCTION 
Modern industry frequently takecustomised production 

pattern of multispecies and small batch. That need to 
frequently replace raw material, adjust the setting monitor 
the process timely and automatic data collection, so the 
manufacturing process shows the high correlation. Structure 
of self-related process lead to the process output to deviates 
from the design target and the decrease of the quality of the 
products. At the same time ,it also destroy the traditional 
quality control chart of independent assumption about 
process data and increase control chart of false 
alarm[1].Through forecasting process output, calculating 
process output and predicted residual error, and drawing the 
quality control of residual figure, it can achieve the goal of 
eliminating process autocorrelation[2]. 

The key factors influencing the effect of residual control 
chart is the forecast accuracy of the self-related process. 
After making the time series undergo autocorrelation 
analysis, model identification and parameter estimation, the 
traditional Box- Jenkins time series prediction method, 
which is based on ARMA (p, q) model, can establish 
forecast model. BP (Back Propagation) Neural network has 
a fast speed of calculation and strong nonlinear function 
with approximation ability and generalization ability, so it is 
widely used in the time series prediction and the complex 
production process quality control[3-7] . 

This paper use BP neural network to establish the time 
series prediction model of the self-related process, and 
apply this model to predict the output of the self-related 
process. Through drawing residual control chart of the 
self-related process, it can achieve quality control to the 

self-related process. 

II. THE TIME SERIES OF SELF-RELATED PROCESS 
About an anti-glare glass production, the time series of 

product percent of pass is labelled as Zt (as shown in figure 
1).Using Minitab software to calculate and draw the 
autocorrelation function of time sequence (as shown in 
figure 2) can be seen that the process is an autocorrelation. 

Figure 1.The time series of self-related process 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Figure of the autocorrelation function 

III. PRINCIPLES OF BP (BACK PROPAGATION)NEURAL 
NETWORK 

BP neural network is a multilayer feed forward neural 
networks trained by error back propagation algorithm. BP 
neural network can learn and store large amounts of input - 
output mode mappings, however, mathematical equation of 
this mapping is not needed.  

Learning method of BP neural network is the steepest 
descent method, which adjust weights and threshold values 
of neural network by back propagation, to minimizeerror 
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sum squares of the BP neural network. Topology structure 
of BP neural network model consists of input layer, hidden 
layers and output layer (as shown in figure 3). 

 
Figure 3. Structure chart 

 
Figure 4. Training process 

Forward-propagating and back propagation of BP neural 
network constitute its learning process. 
Forward-propagating means network computing, determine 
its output for given input; Back propagation is used for 
error propagation layer by layer, modify connection weight 
and threshold value. Algorithm step as below: 

(1) Set variables and parameters of training network: 
1 2[ , , , ], ( 1, 2, , )k k k kPX x x x k N= =K L as  input vector, i.e. 

training samples, total number of samples is 
N; ( )( )PI ij M I
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= as the nth iterative weights vector 
between the hidden layer and input layer I ;  
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= as the nth iterative weights vector between 

the hidden layer J and the hidden layer I ;  
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= as the nth iterative weights vector between 

the hidden layer J  and output;  
1 2 3( ) [ ( ), ( ), , ( )]k k k kNO n O n O n O n= L as actual output of the nth 

iterative network; 1, 2 3[ , , ], ( 1,2, , )k k k kNd d d d k N= =L L as 
expected output of  trained network. 

(2) Initialize the settings. Assigned to small random 
nonzero values for 3(0), (0), (0)MI IJ JNW W W . (3) Afterwards, input samples

kX , 0n = . 
(4) About input samples

kX , compute BP neural network 
input signalu  and output signal v of every layer neuron in 
forward direction. 

(5) Compute error e  according to actual output ( )kO n  

and actual expected output kd  by last step, judge whether 
meet the requirements, if meet the requirements, go to (8); 
If you don't meet ,go to (6). 

(6) Judge if 1n +  greater than the maximum iterative 
number. If greater than turn to(8), otherwise, compute local 
gradientδ  of every layer for input sample

kX . 
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(7) Compute weight amendment wΔ  according to 
formula below, and amend weight, η is learning rate.
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(8)  Judge if whole samples be learned, if it is, turn to 
end, otherwise, go back (3). 

IV. ESTABLISH THE BP NEURAL NETWORK 
PREDICTION MODEL 

Autocorrelation process of time series tz for anti-glare 
glass, select 3=n , and regard the former n moment of 
process sequence value as a set of input and process 
sequence of values of the 1+n moment as the output. BP 
neural network is the three-layer neural networks, included 
input layer, hidden layer and output layer .Besides, the input 
layer has 3 neurons, hidden layer has 10 neurons and output 
layer have 1 neurons. Choosing 0.001 as network training 
precision, using computer software of MATELA Bestablish 
and train the BP neural network prediction model. The 
neural network training process as shown in figure 4.  

V. USE NEURAL NETWORK TO PREDICT THE PROCESS 
OUTPUT 

Using BP neural network forecasting model forecast the 
process of autocorrelation sequence tz .The prediction 
result is shown in figure 5. 

In figure 5, z is the originally actual process sequence 
value and the z1 is the predictive value of the BP neural 
network .From the experiment result shows in the graph, the 
BP neural network’s predicted value about time series of the 
self-related process is well fitting with the actual values. 
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Figure 5. Prediction results 

 
Figure 6. I-MR Control Chart 

VI. RESIDUAL CONTROL CHART OF THE 
SELF-RELATED PROCESS 

Draw I-MR control chart of the self-related process 
residual by facilitating MINITAB computer software, as 
shown in figure 6.Follow the diagram, it can be seen that 
the anti-glare glass production process in a statistical stable 
state. In the process of production, therefore, it can apply 
section 4 of the BP neural network model established to 
forecast the process output, and then calculate residual 
value and I-MR between actual output values and predicted 
value of production process. Extending control line of 
figure 6 to make control moment of the control chart, and 
describing residual value and Moving Rang value on the 
control moment of the control chart, statistical quality 
control of the anti-glare glass’s production process can be 
realized. 

VII. CONCLUSIONS 
Autocorrelation process destroy traditional quality 

control chart of process data independence assumption and 
increase control chart of false alarm. BP Neural network has 
a strong approximation ability and generalization ability of 
nonlinear function. Using BP neural network to establish 
product percent of pass of time series forecasting model of 
anti-glare glass, it can accurately predict the actual value of 
the process. As a result, drawing the control chart about the 
actual value and predictive value of x-MR of the residual, 
the results show that the Moving Rang value and the 
residual value are within the line of control chart, and 
anti-dazzle glass production process is in a statistically 
stable state. To extend the control line of control chart, the 
production process of control moment of the control chart is 
available. 
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