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Prediction for blast furnace silicon content in hot metal based on
composite differential evolution algorithm and

extreme learning machine
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(School of Information Science and Engineering, Central South University, Changsha Hunan 410083, China)

Abstract: Considering the silicon content of the hot metal cannot be directly detected online, a prediction method

for silicon content in hot metal based on the optimized extreme learning machine (ELM) is proposed. The weights of

inputs and thresholds of hidden nodes in the extreme learning machine are optimized by a composite differential evolution

algorithm (CoDE) because of its ability of quickly locating the global optimum solution. With the optimized results, a

prediction method based on the composite differential evolution extreme learning machine (CoDE–ELM) is established.

The proposed method is verified by using the actual data on a 2650 m3 blast furnace of a steel plant. The verification

results show that when the relative prediction error is confined to 0.1, the hit rate is 89%, the root mean square error of

prediction is 0.047, and the correlation coefficient of the sequence of the actual target value and the predicted target value

is 0.851. Through experiments, it can be seen that the prediction results of the established model are much better than

that of the support vector machine (SVM), feedforward neural network, extreme learning machine (ELM) and differential

evolution optimized extreme learning machine (DE–ELM). Moreover, the model provides important guiding significance

to the temperature control of the blast furnace.
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2 (Data preprocessing)
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x̃i =

⎧⎪⎪⎨
⎪⎪⎩

xi −minxi

maxxi −minxi

, ,

maxxi − xi

maxxi −minxi

, .

(2)

1

Table 1 Correlation coefficient between the input vari-

ables and silicon content

Si Si

Ti 0.9 −0.285

S −0.38 −0.285

Si(n− 1) 0.53 0.099

−0.42 −0.083

−0.308 0.055

0.21 0.03

−0.33 0.181

−0.38 −0.231

0.14 0.328

2

Table 2 The input variables of model

wt% 0.43 0.007

t 21.12 0.60
◦C 1213.6 29.6

m3/min 612.05 1.02E06

m/s 271.61 20.45

J /s 129.96 30.53

kPa 27.81 0.30

m3/min · kPa 17.27 0.35

1

Fig. 1 Time series of blast furnace silicon content in hot metal

3 (Extreme learning machine)

, ,

, ,

,

,

. Huang ELM ,

,

, ,

,

. ELM
[16]:

N (xj , tj), xj = [xj1, xj2, · · · , xjn]
T ∈ R

n

n , tj = [tj1, tj2, · · · , tjm]T ∈ R
m

m ( m = 1), K

ELM

fK(xj) =
K∑
i=1

βig(αi · xj + bi), j = 0, 1, · · · , n,
(3)

: αi = [α1i, α2i, · · · , αni]

i ELM , bi i

, βi = [βi1, βi2, · · · , βim]
T i

ELM , αi · xj αi

xj , g(x) sigmoid ,

g(αi · xj + bi) =
1

1 + exp(−(αi · xj + bi))
. (4)

2

,
n∑

j=1

‖fK(xj)− tj‖ = 0, j = 0, 1, · · · , n, (5)

βi, αi, bi,
K∑
i=1

βig(αi · xj + bi) = tj , j = 0, 1, · · · , n. (6)

N

Hβ = T, (7)

:

H =

⎡
⎢⎢⎢⎢⎣
g(α1 · x1+b1) · · · g(αK · x1+bK)

g(α1 · x2+b1) · · · g(αK · x2+bK)
...

g(α1 · xn+b1) · · · g(αK · xn+bK)

⎤
⎥⎥⎥⎥⎦

n×K

,

(8)

β =

⎡
⎢⎢⎢⎢⎣
βT
1

βT
2

...

βT
K

⎤
⎥⎥⎥⎥⎦

K×m

T =

⎡
⎢⎢⎢⎢⎣
tT1
tT2
...

tTn

⎤
⎥⎥⎥⎥⎦

n×m

, (9)

β ,

β̂ = H†T, (10)

H† H Moore-Penrose

. H ,

H† = (HTH)−1HT H† =
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HT(HHT)−1.

ELM 2 .

2 ELM

Fig. 2 Structure of extreme learning machine network

4 (The optimization of

extreme learning machine)
,

,

. ELM

,

,

ELM

. , CoDE

ELM

.

ELM. CoDE ,

(root mean square error, RMSE) CoDE

, :

RMSE =

√
1

n

n∑
i=1

(f(xi)− ti)
2, (11)

: f(xi) , ti .

CoDE ELM

(α, b) :

Step 1 . NP

G D

F = [f1, f2, f3] CR = [CR1, CR2,

CR3] ELM K.

Step 2 .

ELM : (ai, bi), i =

1, · · · ,K.

Step 3 CoDE

.

Step 4 , 3 :

1) .

F, CR ,

DE/rand/1 DE/rand/2 DE/current to rand/1

3 :

vi1(g + 1) = xr1(g) + F ∗ (xr2(g)− xr3(g)),

i �= r1 �= r2 �= r3, (12)

vi2(g + 1) = xr1(g) + F ∗ (xr2(g)− xr3(g))+

F (xr4(g)− xr5(g)),

r1 �= r2 �= r3 �= r4 �= r5, (13)

vi3(g + 1) = xi(g) + rand ∗ (xr1(g)− xi(g))+

F (xr2(g)− xr3(g)),

r1 �= r2 �= r3. (14)

3 , xri , g , F

, r1, r2, r3, r4, r5 ∈ {1, 2, · · · , NP}
, vi,j(g + 1) . DE/rand/1

g 3 ,

, ,

. DE/rand/2

, 5

. DE/current to rand/1

.

2) .

,

:

uj,i,k(g+1) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
vj,i,k(g+1), rand(0, 1) � CR,

j=jrand, k=1, 2,

xj,i(g), ,
(15)

: CR , k ,

vi3(g + 1) , .

j = jrand

. : ui,best =

bestSelect(ui1, ui2, ui3). bestSelect

, .

3) .

(11) uj,best

xi(g) ,

, :

xi(g+1) =

⎧⎨
⎩
ui,best(g+1), f(ui(g+1))�f(xi(g)),

xi(g), .
(16)

Step 5 CoDE

, ,

, Step 6, g = g + 1, Step 4.

Step 6 , ELM

.

Step 7 (10),

β.
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Step 8 (3), CoDE–ELM ,

.

CoDE–ELM 3 .

3 CoDE–ELM

Fig. 3 Flow chart of the CoDE–ELM

5 (Prediction

results and analysis of silicon content in hot

metal)
500

, 400 , 100

. ,

: SVM, BP–NN, ELM, DP–ELM, DE

–ELM CoDE–ELM .

.

. ,

, ,

,

, .

0.1

. ,

3 ELM, CoDE–ELM

.

1) (hit rate, HR).

HR =
1

l

l∑
k=1

Hk × 100%, (17)

: l , H(·) Heaviside ,

Hk =

⎧⎨
⎩1, ‖ŷk − yk‖ < 0.1,

0, ,
(18)

: ŷk , yk .

2) (root mean square error, RM

SE)

RMSE =

√
1

l

l∑
k=1

(y(k)− ŷ(k))2. (19)

3) (co-

rrelation coefficient, CC)

CC =

1

l

l∑
k=1

(y(k)− ȳ)(ŷ(k)− ¯̂y))

σ(y)σ(ŷ)
, (20)

: σ(y) , σ(ŷ)

, ȳ , ¯̂y .

4 ELM, DP–ELM, DE–ELM, CoDE–

ELM K RMSE

. 4 , ELM K RMSE

,

. DP–ELM DE–ELM K

, RMSE K

, . CoDE–ELM

,

K 9 , RMSE , 0.047. CoDE–ELM

.

4

Fig. 4 The number of hidden nodes and root mean square

error curve

5

. , , ELM

CoDE–ELM ,

. ,

4 44 75 92 , CoDE–

ELM ELM ,

. ,

, ELM , CoDE–

ELM ,

.
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5

Fig. 5 The prediction result of silicon content based on different modeling methods

6 , ELM

[−0.1, 0.1] , CoDE–ELM

[−0.05, 0.05] ,

CoDE–ELM .

6

Fig. 6 The error comparison of silicon content prediction based

on different modeling methods

3 CoDE–ELM

ELM . CoDE–

ELM ELM

, .

CoDE–ELM , RMSE ,

,

.

3

Table 3 Comparison of prediction results of different

modeling methods

HR RMSE CC

SVM 70 0.112 0.685

BP–NN 74 0.125 0.623

ELM 82 0.095 0.813

DP–ELM 82 0.072 0.773

DE–ELM 86 0.066 0.860

CoDE–ELM 89 0.047 0.851

, ,

. , HR, RMSE CC

. CoDE

, ,

.

6 (Conclusions)
CoDE–ELM

.

.

, ,

,

.

,

, ,

.

, ,

,

,

. ,

,

, .
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