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ABSTRACT: Gray theory is a truly multidisciplinary and generic theory that deals with 

systems that are characterized by poor information and/or for which information is lacking, so 

it was very important to expand the current gray theory and find out an appropriate model 

building method. In this paper, an improved gray GM (1, 1) model, using a technique that 

combines gray residual modification with artificial neural network. The fluctuation of data 

sequence is weakened by the gray theory and the neural network is capable of processing non-

linear adaptable information, and the GMNN is a combination of those advantages. Therefore, 

the paper constructs a model base of burn-through point and the simulation proves that the 

model base has a good performance and can improve the prediction accuracy. 
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1 INTRODUCTION 

The sintering process is an important step in 

stove smelting. It not only can agglomerate power 

materials, but also has pretreatment function of 

burning method for raw materials, so that the target 

of high productivity, high quality, low cost and 

longevity can be achieved in stove smelting. The 

study of sintering process has attracted interest, not 

only from iron and steel industry, but also from 

nonferrous industry. (Fan XH, 2002). 

The Burning-Through-Point (BTP) is an 

important parameter in sintering process. In the iron 

and steel enterprises, sintered ore is the main raw 

material for blast furnace. In the sintering process, 

stability and quality of sinter is a decision factor to 

production efficiency of blast furnace (Guo WQ, 

Yan Fei and Han N, 2012). The sintering process is 

a preprocess for blast-furnace materials (Mei F S, 

Zhong S H and Xin L, 2012). The quality of sinter 

is very important for smooth operation and high 

productivity of the blast furnace since it improves 

the permeability and reducibility of the burden 

material. Burning-Through-Point for judging the 

quality of sinter important indicator is a measure of 

good and bad sintered minerals important 

parameters 

The BTP is a very important parameter in the 

sintering process. The sinter quality can be 

improved, and the energy consumption can be 

reduced, if one can accurately predict the BTP 

value. That means the accurate prediction of BTP 
can bring significant economic benefits and is of 

important practical significance. Traditional 

methods using features such as exhaust gas 

temperature, negative pressure and exhaust gas 

composition to predict the BTP. 

 

2 BTP SINTERING PROCESS AND THE 

ANALYSIS BTP 

2.1 Sintering Process 

Sintering is a method that makes powdered 

materials (such as fine ore or preparation 

concentrate) into block mass under conditions 

involving incomplete fusion by heating to high 

temperature. Its production is sinter which is 

irregular and porous. The following parts are 

usually included in sintering process: acceptance 

and storage of iron-containing raw materials, fuel 

and flux; crushing and screening of raw materials, 

fuel and flux; batching, mix-granulation, feeding, 

ignition and sintering of mix material; crushing, 

screening, cooling and size-stabilization of sinter 

(Song Q, Yang P, 2015). The flowchart is shown in 

Fig. 1. 
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Fig .1 Sintering process 

 

2.2 The analysis of BTP 

The model will be built up based on the BTP 

related variables in real-time. The value of BTP can 

be calculated according to the temperature curve of 

waste gas in wind-boxes (Song Q and Yang Pu, 

2015). 

It is generally believed that the temperature of 

waste gas in wind-boxes is highest when the sinter-

mix bed is just burned through. Thermocouples are 

put along five wind-boxes at discharge end. 

Quadratic curve is fitted according to three points 

including the highest temperature. The general 

expression of quadratic curve is: 

cbXaXT iii  2

 (i=1,2,…..,22)       (1) 

Where T is temperature of waste gas in wind-

boxes, x is number of wind-boxes, A, B, C are 

coefficients. With the three know values, ((x1, T1), 

(x2, T2), (x3, T3)), and the highest temperature, 

using the Eq.1, the following expression can be 

obtained: 

cbXaXT
a

b
X  max

2

maxmaxmax ,
2     (2) 

Burning through Point (BTP) is the position 

when sinter process is finished and is expressed by 

corresponding wind-box position when sinter bed is 

burned through. Accurate control of Burning 

through Point (BTP) can not only make the 

sintering process stable but also use the sintering 

area effectively. The BTP affects the sintering 

output and quality. It is generally believed that BTP 

should be at the second wind-box counting from 

backward. If BTP is ahead of this point, effective 

grate area of sintering machine will not be fully 

utilized. On the contrary, if BTP lags behind the 

point, sinter bed cannot be burned through, which 

will result in the increase of re-sinter and decrease 

of sinter rate. BTP may be affected by many factors. 

Row material parameters, operation parameters and 

process condition parameters may have a great 

influence on BTP direct or indirect. Moreover, BTP 

cannot be measured direct. Up till now, there are no 

instruments that can be used to measure BTP 

online. In the paper, the online prediction of BTP 

based on combined gray neural network is analyzed. 

Mathematical method will be used to solve the 

problem of online measurement of BTP (Song Q, 

2015). 

In the practical sintering process, BTP is 

affected by a number of factors, such as the ignition 

temperature, the material thickness, mixture of 

water, trolley speed, lime dosage, fuel consumption, 

exhaust gas temperature, the alkalinity. 

3 THE PRINCIPLES OF GRAY 

FORECASTING MODEL 

3.1 Original GM (1, 1) Forecasting Model 

Presently, his paper on "Control Problem gray 

Systems" has been published in the Journal of 

System and Control Letters, nothing that the gray 
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system theory is formal declaration on the 

international academia then. The basic concept of 

gray system theory is that all the nature for the 

existence of known information is white while 

unknown information is black, and the uncertainty 

information between the known (white) and the 

unknown (black) is gray. Gray system is mainly to 

dig out the nature of system under lack of 

information. It emphasizes information supplement 

to the system, and full use of white information 

have been identified through conducting systematic 

relational analysis and model construction. It makes 

the system state change from gray to white by 

prediction and decision methods to explore and 

understand the system (Song Q, 2009) 

A gray system is a system that is not completely 

known, i.e., the knowledge of the system is partially 

known and partially unknown. In recent years, gray 

models have been successfully employed in many 

prediction applications. The GM (1, 1) model 

means a single differential equation model with a 

single variation. The modeling process is as 

follows: First of all, observed data are converted 

into new data series by a preliminary transformation 

called AGO (accumulated generating operation). 

Then a GM model based on the generated sequence 

is built, and then the prediction values are obtained 

by returning an AGO’s level to the original level 

using IAGO (inverse accumulated generating 

operation) (X D Wu, H Wu and Guo Q Han, 2012).  

A gray modeling algorithm is described as 

follows. 

(1) Suppose there is a set of discrete data that is 

unequal intervals as follows: 
           nxxxx

0000 ,......,2,1           (3) 

Accumulate the discrete data above once to get a 

new serial, that is 
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(2) The GM (1,1) model can be constructed by 

establishing a first order differential 

Equation for 
 

x
1

(t) as: 
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xd
 1

1

                (5) 

The equation’s general solution is: 
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(3) The gray parameter a and u can be obtained 

by using the least square method: 

where： 
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Gray parameters ̂  will be substituted into the 

time function, then: 
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(4)Dealing 
  kx̂
1

 for derivative and return to 

original equation then obtain 
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(5)Calculating the difference of 
  kx 0

 and 
  kx̂
0

  and the relative error 

 
      )(ˆ)()( 000 kxkxk                (11) 

The residual GM (1, 1) model could be 

established to improve the predictive accuracy of 

the original GM (1,1) model. The modified 

prediction values can be obtained by adding the 

forecast values of the residual GM (1, 1) model to 

the original
  kx 0ˆ

. However, the potency of the 

residual series depends on the number of data points 

with the same data, which is usually small when 

there are few observations. In these cases, the 

potency of the residual series with the same data 

may not be more than four, and a residual GM (1, 1) 

model cannot be established. Here, we present an 

improved gray model to solve this problem (Li T, 

2012). 

3.2 Residual Forecasting Model 

To evaluate modeling performance, we should 

do synthetic test of goodness 

  C= 1

2

s

s

                              (12) 

Where: 
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P=P{
 )(k

<0.6745S1}                      (15) 

The precision grade of forecasting model can be 

seen in Table 1. 

Finally, applying the inverse accumulated 

generation operation (AGO), we then have 

prediction values 
        1ˆˆˆ 110  kxkxkx                     (16) 

Table 1. Precision grade of forecasting model 

Precision grade P C 

Good 0.95≤p C≤0.35 

Qualified 0.80≤p<0.95 0.35<C≤0.5 

Just 0.70≤p<0.80 0.5<C≤0.65 

Unqualified p<0.70 0.65<C 

 

3.3 Artificial Neural Network (ANN) 

In recent years, much research has been 

conducted on the application of artificial 

intelligence techniques to forecasting problems 

(Liang, Z. et al, 2015). However, the model that has 

received extensive attention is undoubtedly the 

ANN, cited as among the most powerful 

computational tools ever developed (Zhang, D.W, 

2020). 

BP neural network is a multi-layer architecture. 

For the two layers BP network used in this study, 

the transfer function of neuron in hidden layer is the 

sigmoid function and the transfer function of neuron 

in output layer is a linear function (Zhang, S.Y, 

2010). 
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Levenberg-Marquardt rule was used to train the 

two-layer BP network. It was developed and trained 

to fit functions and make extrapolation. Two 

learning procedures are included in BP network 

training. The first one is the positive propagation 

process in which input signal is transferred layer by 

layer and practical outputs of every neurons are 

computed; the second procedure is the back-

propagation in which the errors between practical 

and expected outputs are progressively computed 

layer by layer, and weights are adjusted according 

to the errors (Chen, Y.Q, 2016). 

3.4 The combined model of gray neural 

network 

We could see from the example that the 

difference value between forecasting value and 

practical value is large if the single model GM (1, 

1) is employed to forecast. In order to make the 

forecasting result as close as the real value, 

literature (Zhang, S.Y, 2010) provide a combined 

gray neural network model. This kind of model 

could make the forecasting value as the input 

sample (learning sample) of the neural network, and 

make the real value as the target sample of the 

neural network. Adopting suitable structure and 

training on the neural network, then we could get a 

series of authority value threshold value which 

correspond some corresponding crunodes (Li P, 

Lam J and Cheung KC, 2018). 

This kind of combined method mainly use the 

characteristics such as three BP neural network 

layers carries the network which contains at least 

one concealed layer of S style and one linear output 

layer could approach any rational function. Through 

training we endow the neural network the ability of 

simulating the relation between sequence data and 

sequence respectively. Meanwhile, literature 

provides the way that compensating the modeling 

error by neural network and blur logic, and doing 

some study training of network using heredity 

arithmetic. Thus we bring forward a new combined 

model of gray neural network synthesizing the 

literature. 

3.5 Prediction with gray system model and 

combined neural network model 

Let 1 be gray prediction value, 2  be the 

prediction value by BP neural network, while c  be 

prediction value by optimal combined model (Li P, 

Lam J and Cheung KC, 2018). The prediction errors 

are 1 , 2 and c  respectively (Qin Y, Xiang C, 

Wang Z, 2018). The corresponding weighted 

coefficients are 1 , 2
and c

,and 
121 
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As to 1 , in order to determine the functional 

minimum value, let: 
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Because 
  0, 21 Cov  

Let 
    122111 ,   VarVar  

Then the weighted coefficients of combined 

prediction are 

1211
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4 PREDICTION AND ANALYSIS OF 

BTP 

The length of 360 m2 large sintering machine is 

104.5 meters. The effective area of sintering 

machine is 90 meters. The whole sintering process 

from the trolley burden distribution to the sinter 

machine discharge is about 40 minutes. On each 

side of the trolley have 22 wind-boxes. Normal 

inflexion point wind-box is the 19th wind-box, its 

temperature is about 462℃, and BTP is controlled 

in the position of the 19th wind-box. The 22 

thermocouples installed the wind-boxes detect the 

waste gas temperature. BTP for predictive 

parameters, the time delay about 12 minutes, which 

predicts BTP in advance four-steps. 

In predictive process, the system collects new 

parameter, and stores the database while delete the 

old data, so that it continuously increasing new 

information, shorten training time, so that the data 

maintained at around 100 groups (about a sintering 

cycle, sampling data). according to the training law, 

between the training error and testing error are 

minimized, this mean that no matter how big the 

sample collection, forecasting accuracy has the 

great relationship on the recent samples, which 

requires constant updates. The network over a 

certain time is necessary to train every two sintering 

cycles that re-trained to predict the side, they use 

the new data to update the weights of training 

networks, they are in different computing modules, 

and they don’t affect each other (Qin Y, Xiang C, 

Wang Z, 2018). 

5 THE SIMULATION RESULT AND 

ANALYSIS 

Firstly, we select forty-eight groups of data of 

well controlled results from An Yang Iron &Steel 

Corporation. 

Secondly, in order to get a full appreciation of 

the gray network, we will normalize the real data 

and transform the physical quantities into [0 1] zone 

values. 

Thirdly, we adopt Matlab7.08 programming 

design language to write the procedure, setting the 

accuracy as 0.01, the maximum training times as 

10000, the study rate as 0.7, the neural network 

structure as 9×17×1, the transfer function from 

hidden layer to the input layer as sigmoid function, 

the transfer function from hidden layer to the output 

layer as linear transfer function-purelin. 

We combine gray GM (1, 1) to BP neural 

network and establish the predication model of 

BTP. After comparing forecasting values to real 

values, we find that: if absolute error is less than 

0.01, the hitting probability is 94.6 percent; if the 

absolute error is less than 0.1, the hitting probability 

is 95.8 percent; if absolute error is less than 0.25, 

the hitting probability can reach 96 percent. 

 
Fig.2 Prediction diagram of BTP based on gray error residual mode 
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Fig .3 The gray neural network prediction diagram of the BTP 

 
Fig.4 The iterations of BTP based on gray neural network 

 

 
Fig.5 The error diagram of the BTP based on gray neural network 
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Table .2 The comparison of forecasting model accuracy of the BTP 

Model name Mean relative 

error 

Mean absolute 

error 

Mean square error 

GM(1,1) 1.51 0.55 2.744 

BP neural 

network 

0.71 -0.032 8.0218e-004 

    Gray neural 

network(GMNN) 

 

0.047255 

 

0.03269 

 

5.1677e-006 

 

Fig.2-5 show the forecasting results of the three 

models respectively, respectively. From Fig.3, it can 

be seen that although GM (1, 1) has the better 

forecasting precision in BTP, the accuracy starts to 

decline obviously in some data points. In Fig.4, the 

forecasting curve of GNNM is more close to 

observed curve than the curve of GM (1, 1).From 

Fig.4, it can be seen that GMNN has the highest 

forecasting accuracy.  

An iterative process is a process for calculating a 

desired result by means of a repeated cycle of 

operations. An iterative process should be 

convergent, i.e., it should come closer to the desired 

result as the number of iterations increases. This 

iteration process based on gray neural network 

algorithm is illustrated in Fig.4. 

The error curve plotted during the training phase 

is shown in Fig. 5, which shows the error of gray 

neural network algorithm between 0.01 and 0.05. 

From Table 2 it can be seen that three models 

present quite satisfactory forecasting results. By 

comparing the Mean relative error, Mean absolute 

error and Mean square error of GNNM is smaller. 

6 CONCLUSIONS 

The original GM (1, 1) model is a model with a 

group of differential equations adapted for variance 

of parameters, and it is a powerful forecasting 

model, especially when the number of observations 

is not large. In this paper, we have applied an 

improved gray GM (1, 1) model by using a 

technique that combines residual modification with 

ANN. Our study results show that this method can 

yield more accurate results than the original 

GM(1,1) model and also solve problems resulting 

from having too few data, which may lead the same 

data residuals lower than four and violate the 

necessary condition of setting up a GM(1,1) model. 

The improved gray models were then applied to 

predict the BTP in sintering process. Finally, than 

that of GM (1, 1) and BP neural network For BP 

neural, the improved network GM (1, 1) and the 

convergence rate have more precise prediction. 

Moreover, GMNN has higher precise prediction 

than GM (1, 1) and BP neural network. 

Through this study, our improved gray neural 

network model is an appropriate forecasting method 

to yield more accurate results than the original GM 

(1, 1) model and ANN model. In short, the gray 

neural network model is effective with the 

advantages of high precision, less requirement of 

samples and simple calculation. The gray neural 

network will be greatly applied and extended in 

future. However, we should admit that the 

combined gray neural network model is not perfect 

both in theory and practice. We will continue to do 

further study and some discussion based on the gray 

neural network model in future. 
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