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Abstract—An expert system has been developed to support blast furnace operations in the integrated
iron and steelmaking works. In the present study, a technique to diagnose furnace abnormality, using the
artificial neural network, is proposed to overcome problems of the conventional rule-based expert system,
such as lack of in-system automatic regulation and the limits of knowledge expression, etc. In order to enhance
diagnostic resolution and robustness to counteract various furnace abnormalities, the data acquired by several
sensors installed in the blast furnace were pretreated before using them as input sources for diagnosis.
For the diagnosis of abnormal conditions, back-propagation type of artificial neural networks were constructed,
which consist of input, hidden and output layers. Diagnostic procedures are structured hierarchically, that
is, first the diagnostic network finds the abnormal conditions and then carries out a detailed diagnosis ac-
cording to the type of abnormality. In this study, an action guidance is suggested through the analysis of
actual operation results according to the type and progress of the abnormal conditions. The expert system
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was tested using the operation data obtained from the abnormalities in a real blast furnace. Without the
expert system, the operator could not recognize the initial irregularity due to the gradual change of furnace
conditions. On the other hand the expert system could find the initial furnace abnormality and suggested

appropriate counteractions.
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Fig. 1. A schematic depiction of a feedforward connection-
ist network.
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Fig. 3. Overall procedure of abnormality diagnosis.
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Fig. 4. Configuration of sensors in a blast furnace.
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Table 1. Number of nodes, learning rate and momentum
rate in each neural network

Neural Neural Neural Neural
network I network II network III network IV
Number of nodes

Input layer 8 8 31 4
Hidden layer 11 11 35 5
Output layer 3 3 4 1
Learning rate 0.7 0.7 0.7 0.7
Momentum rate 0.9 0.9 0.9 0.9
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Photo 1. CRT display-1.

Photo 2. CRT display-II.
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Fig. 8. Overall structure of the expert system.
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Table 2. Training data of classification of abnormal types
Input layer Output layer
K 1 co ST1 ST2 ST8 ST9 Inactive Unstable  Normal
Up Down zone for- gas flow state
Up Down Up Down Up Down Up Down mation
1 1 1 0 0 0 1 0 0 0 09 0.1 01
1 1 1 0 0 0 0 0 1 0 0.9 0.1 0.1
1 1 1 0 1 0 0 0 0 0 0.9 0.1 0.1
1 1 1 0 1 0 1 0 0 0 0.9 0.1 0.1
1 1 1 0 1 0 1 0 1 0 0.9 0.1 0.1
1 1 0 0 1 0 1 0 0 0 0.9 0.1 0.1
1 1 0 0 1 0 0 0 1 0 09 0.1 0.1
1 1 0 0 0 0 1 0 1 0 0.9 0.1 0.1
1 1 0 0 1 0 0 0 1 0 09 0.1 0.1
0 0 1 0 0 0 0 0 0 0 0.1 0.1 09
0 0 0 0 1 0 0 0 0 0 0.1 0.1 0.9
0 0 0 0 0 0 1 0 0 0 0.1 0.1 09
0 0 0 0 0 0 0 0 1 0 0.1 0.1 09
1 1 0 0 1 0 1 0 1 0 0.9 0.1 0.1
1 1 1 0 0 0 1 0 1 0 09 0.1 0.1
1 1 1 0 1 0 0 0 1 0 09 0.1 0.1
1 1 0 1 0 0 0 1 0 0 0.1 09 0.1
1 1 0 1 0 0 0 0 0 1 0.1 0.9 0.1
1 1 0 1 0 1 0 0 0 0 0.1 0.9 0.1
1 1 0 1 0 1 0 1 0 0 0.1 0.9 0.1
1 1 0 1 0 1 0 1 0 1 0.1 0.9 0.1
1 1 0 0 0 1 0 1 0 0 0.1 09 0.1
1 1 0 0 0 1 0 0 0 1 0.1 0.9 0.1
1 1 0 0 0 0 0 1 0 1 0.1 0.9 0.1
1 1 0 0 0 1 0 0 0 1 0.1 09 0.1
0 0 0 1 0 0 0 0 0 0 0.1 0.1 0.9
0 0 0 0 0 1 0 0 0 0 0.1 0.1 0.9
0 0 0 0 0 0 0 1 0 0 0.1 0.1 0.9
0 0 0 0 0 0 0 0 0 1 0.1 0.1 0.9
1 1 0 0 0 1 0 1 0 1 0.1 09 0.1
1 1 0 1 0 0 0 1 0 1 0.1 0.9 0.1
1 1 0 1 0 1 0 0 0 1 0.1 0.9 0.1

upEA Ao 357 ZUMgeE 5 §4(Ep) 7t 718t
FrHes 7+4gE Jelich

Table 2¢] &< datacl] s shspe]l B AFAIH 3]
27 Tof 3 oito] wHYRT wdhgd AA FA
datag A43¥ 28329 7} node activation level-&
F 09501402 He]E A 3 W} Activation level-&
V. Venkatasubramanian S[18]l &Ja t}3-3} #e]
Aog Z& Ak

€)]

3714 tpie pAY X Fgel opie A4l
o AA FHE ek

Activation level=1— | tpj—opj |

5-2. sttt BENS Mg

Sy BRAS ADE A} AFAFIRT 119
3142 Table 33 22 data® A}&-3}gich 284189
AgcAE R Al A T wel 4717 level S 18] 5hed
4 data® TANAC A5Y ATAAHZY 1ol
vjatsE 4 data® A4 doe £33 activa
tion levelo] - 0.98 olAte g 7+ APAE A F
#ahsch

ey Begsl BN de) 7hA Ao 29
A data® ol gste] FnkAe} HAL AA 297
5 vlastych Fig 102 2 3 <24 FEdsd
Aol AN AFe) =3 data®] A B ATl
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Fig. 9. Convergence of the objective function (Ep) in case
of neural network I learning.
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Table 3. Training data of diagnosis of inactive zone formation
Input layer Output layer
Nodel Node2 Node3 Noded4d Node5 Node6 Node7 Node8 Node 1 Node 2 Node 3

0.3 0.2 0.2 0.2 0.2 0.1 0.1 0.0 0.3 0.01 0.01
0.5 0.3 0.3 0.3 0.3 0.1 0.1 0.0 0.5 0.01 0.01
0.7 04 04 0.4 04 0.15 0.15 0.0 0.7 0.01 0.01
09 0.5 05 0.5 0.5 0.2 0.2 0.0 0.9 0.01 0.01
0.0 0.55 0.55 0.55 0.55 04 04 03 0.01 0.3 0.01
0.0 0.6 0.6 0.6 0.6 0.5 05 04 0.01 0.5 0.01
0.0 0.65 0.65 0.65 0.65 0.6 0.6 0.5 0.01 0.7 0.01
0.0 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.01 0.9 0.01
0.0 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.01 0.01 03
0.0 0.8 0.8 0.8 0.8 0.8 08 0.8 0.01 0.01 05
0.0 0.85 0.85 0.85 0.85 0.85 0.85 0.85 0.01 0.01 0.7
0.0 09 09 0.9 0.99 0.9 0.9 09 0.01 0.01 09

a5t 38 H29A M3% 19914 6
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Fig. 10. Operation trend and diagnosis results with action guidances in case of inactive zone formation(Pohang 3BF ; ’88.
4-5).
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Fig. 11. Operation trend and diagnosis results in case of unstable gas flow(Pohang 3BF ;’90. 2).
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NOMENCLATURE
Ci : constant
CBXi : circumferential variation ratio of the k th

layer sensor
CBXi :mean value of CBXi

Ep :sum of squared error

I :input value of artificial neural network
1Si : integrated value in data processing

K : gas permeability index in blast furnace

net pj :input value of artificial neural network

O, Op :Output value in artificial neural network

r : shaping ratio of sigmoid function

Si, STi :measured stave temperature of blast fur-
nace

spskast X293 M3S 19914 6Y

Si : mean value of Si

SDi, SXi: standard value of ith sensor

tp : target value of artificial neural network

VB :amount of vertical variation in sensor data
processing

Wij : weight in artificial neural network

Xi :actual value of circumferential deviation
fraction

Xk : output value of jth node in kth layer

Greek Letters

v} : momentum rate in back propagation type
network

| : learning rate in back propagation type net-
work

M co :CO gas utilization ratio of blast furnace
gas

0 : bias term in artificial neural network

o : polynormial function

o : standard deviation

8 pj : variation ratio of error(Ep) in artificial neu-
ral network
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