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Multi-step Intelligent Forecasting Method for Electricity Semand of Fused
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Abstract The electricity demand in the fused magnesia smelting process (FMSP) will first rise and then fall gradually

which is called demand peak. The fused magnesia furnace(FMF) will be switched off when the demand peak value reaches

the limit. In order to avoid unnecessary FMF switching off at the demand peak, it is necessary to identify the demand

peak and predict next multi-step demand. In this paper, we develop a multi-step ahead demand forecasting model of the

electricity demand based on the closed-loop control system of the smelting current in the FMSP. The multi-step ahead

demand forecasting model combines an identifiable linear model with an unknown nonlinear dynamic system. A multi-step

intelligent forecast method for electricity demand in the FMSP is proposed based on the system identification and deep

learning with the side-edge-cloud structure. The experimental results using real data of the FMSP in a fused magnesia

factory verify that the proposed prediction method can effectively predict the trend of demand.
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Fig. 1 An flow chart of electricity demand monitoring for fused magnesia production
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Fig. 2 Diagram of multi-step intelligent forecast of demand for side-edge-cloud coroutine
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�æ^k��±9±c¤k���Ñ\ÑÑêâ

ÚR̄(k + n)�g���ÝÆSõÚý��.�#g

���ÝÆSõÚý��.��Ü��ëêÚ �

ëê. g��Å�3�i�R̄(k + n)�3��ÝÆ

SõÚý��.�ý�°Ý, �Ø÷v°Ý�¦�,

æ^g���ÝÆSõÚý��.�ëê��3�

�ÝÆSõÚý��.�ëê, l
�yIþ�ý

�°Ý.

3.2 R̄(k + n)�g·A�ÝÆSõÚý��{

ÄkïáR̄(k + n)�g·A�ÝÆSõÚý�

�{. æ^�á±ÏPÁ(Long short-term mem-

ory, LSTM)[21−22]��äe�JÑXã3¤«�I

þ1iÚý�r̄(k + i)��ÝÆSý��.(�. (

Ür̄(k + i)Ä�A5, òÙÑ\Cþ��ü� ²

��Ñ\, ���g^ ²��êt5L«, d(14)ª

Ú(13)ª��r̄(k+i)��ÝÆS�ä�1j� ²�

�Ñ\�xi(k−j+1) =
(

p(k−j+1), r̄i(k−j+1)
)T

,

Ù¥, r̄i(k−j+1) = p(k−j+1)−ϕ(k−i−j+1)θ̂
i

,

j = 1, · · · , t. æ^©z[18]�Ôö�{, |^30�¬

g(150, 000|)�+¬õÇêâl�Ôör̄(k + i) �

�ÝÆS�.(�, (½ ²��êt = 25! ²�

�!:�êh̄ = 200!Ûõ�êL = 3!3�Ôöê

âI��ÝN = 2, 000. æ^T�ÝÆSý��.

(�, JÑd3��ÝÆSý��.!g���ÝÆ

Sý��.Úg��Å�|¤�r̄(k + i) �g·A

�ÝÆSý��{.
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ã 3 r̄(k + i) ��ÝÆSý��.(� Fig.3 Structure

of deep learning prediction model of r̄(k + i)

æ^I��ÝN�¢�êâ3���r̄(k+ i)�

3��ÝÆSý��.�ÑÑ���� �ëê.

���{�

ˆ̄ri(k + i) = β̂i(k)h
3
i (k) + b̂i(k) (16)

Ù¥,

β̂i(k) =β̂i(k − 1)− α
∂Li(k)

∂βi(k − 1)
(17)

b̂i(k) =b̂i(k − 1)− α
∂Li(k)

∂bi(k − 1)
(18)

Li(k) =
1

N

N−1
∑

m=0

||∆r̄i(k −m)||2 (19)

Ù¥, ∆r̄i(k −m) = r̄i(k −m)− ˆ̄ri(k −m).

æ^�c��k±9±c¤k���¢�ê

â���g���ÝÆSý��.��Ü��

Ú �ëê. ÙÑÑ����� �ëêæ^

ª(16)−(19)��. 1l�1j� ²��ÑÑ

h
l
i(k − j + 1) = ol

i(k − j + 1)

⊙ tanh
(

C l
i(k − j + 1)

)

(20)

Ù¥, ⊙�M�çÈ[22]

, tanh(·)�V­��¼ê,
(

C l
i(k − j + 1)

)

Úol
i(k − j + 1)L«1l�1j� 

²��G�ÚÑÑ��ÑÑ, æ^©z[12]�{O

�, Ù¥, 1l�1� ²��ÑÑ����� �

ëê����{�

W l
i (k − j + 1) =W l

i (k − j)− α
∂Li(k)

∂W l
i (k − j)

(21)

bli(k − j + 1) =bli(k − j)− α
∂Li(k)

∂bli(k − j)
(22)

Li(k) =
1

k

k−1
∑

m=0

||∆r̄i(k −m)||2 (23)

Ù¥, ∆r̄i(k −m) = r̄i(k −m)− r̃i(k −m).

�
O(ý�Iþk¸, I��yIþý�Ø

�°ÝÚIþCzª³ý�°Ý, d(15)ª�Iþ

ý�°Ý�ûur̄(k + i)�ý�°Ý. æ^g��Å

�i�r̄(k+ i)�3��ÝÆSý��.�ý�Ø�

ÚCzª³�ý�°Ý, �Ø÷v°Ý�¦�, æ^

g���ÝÆSý��.�����ëê� �ë

ê��3��ÝÆSý��.���ëê� �ë

ê.

g��Å�æ^r̄(k+ i)�ý�Ø�∆r̄i(k) , �

���5XÚ1iÚþ,ª³ý�O(ÇTPRi(k)Ú

1iÚeüª³ý�O(ÇTNRi(k)n��I, =

|∆r̄i(k)| =|r̄i(k)− ˆ̄ri(k)| (24)

TPRi(k) =

N−1
∑

m=0

TP i(k −m)

N−1
∑

m=0

TP i(k −m) +
N−1
∑

m=0

FP i(k −m)

(25)

TNRi(k) =

N−1
∑

m=0

TN i(k −m)

N−1
∑

m=0

TN i(k −m) +
N−1
∑

m=0

FN i(k −m)

(26)

Ù¥, TP i(k), FP i(k), TN i(k), FN i(k)�O��ª

XL1¤«.

L 1 TP i(k), FP i(k), TN i(k), FN i(k)�O��ª Table

1 Formula mode of TP i(k), FP i(k), TN i(k), FN i(k)

ˆ̄ri(k)− ˆ̄ri(k) ≥ 0 ˆ̄ri(k)− ˆ̄ri(k) < 0

r̄i(k)− r̄i(k − 1) ≥ 0 TPi(k) = 1 FPi(k) = 1

r̄i(k)− r̄i(k − 1) < 0 FNi(k) = 1 TNi(k) = 1

k��3��ÝÆSý��.�ý�Ø

�|∆r̄i(k)| ≥ δi ( δi �ý�Ø�þ.), g���

ÝÆSý��.�ý�Ø�|∆r̄i(k)| < δi, �3��

ÝÆSý��.�þ,ª³Úeüª³ý�O(Ç

þ�ug���ÝÆSý��.�þ,ª³Úeü

ª³ý�O(Ç, æ^g���ÝÆSý��.�
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�Ü��ëêÚ �ëê��3��ÝÆSý��

.��Ü��ëêÚ �ëê.

3.3 IþõÚ�Uý��{

dª(15)��IþõÚý��.�

ˆ̄P (k + n) =P̄S(k)−
1

30
AP (k + n− 30)

+
1

30
AΘ̂TϕT(k) +

1

30
A ˆ̄R(k + n)

(27)

Ù¥,

ˆ̄P (k+n) =
(

ˆ̄p1(k + 1), · · · , ˆ̄pi(k + i), · · · , ˆ̄p1(k + n)
)T

,

ˆ̄R(k+n) =
(

ˆ̄r1(k + 1), · · · , ˆ̄ri(k + i), · · · , ˆ̄r1(k + n)
)T

.

à>��Ó�IþõÚ�Uý��{µ

1)à−Iþi�XÚ¢�æ8>Lyß)�L§¥
�+¬õÇp(k)�Iþp̄(k);

2) >−Iþý�O�Å�1êâ?nÚIþ3�
õÚý��.. 3�O�Θ̂TϕT(k) , dª(14)O

� ˆ̄R(k + n). æ^I��Ý�N�Ñ\ÑÑêâ

dR̄(k + n)�3��ÝÆSõÚý��.�Ùý�

� ˆ̄R(k+n), dIþõÚý��.ª(27)�IþõÚ

ý�� ˆ̄P (k + n);

3)�−êâÑÖìÚ<ó�UO�²�æ^k��±

9±c¤k���Ñ\ÑÑêâÚR̄(k + n) �g�

��ÝÆSõÚý��.�Ùý�� ˆ̄R(k + n). æ

^g��Å��n��Iª(24)-(26), �R̄(k + n)

�3��ÝÆSõÚý��.�ý�Ø��Lý�

°Ýþ.�, æ^g���ÝÆSõÚý��.�

��ëêÚ �ëê��3��ÝÆSõÚý��

.���ëêÚ �ëê.

4 ¢�(J

æ^,>Lyß)�è��¢SõÇÚIþê

â?1
�©JÑ�IþõÚ�Uý��{�¢�,

¿�©z[9]JÑ�Äu|±�þÅ, 4�ÆSÅÚ

Ì� ²�ä�^>IþõÚý��{?1
é'

¢�.

æ^30�¬g�150, 000|õÇêâl�(

½r̄(k + i) ��ÝÆSý��.(�,  ²��

êt = 25! ²��!:�êh̄ = 200!Ûõ�

êL = 3. ���{¥�ª(17)!ª(18)!ª(21)Ú

ª(22)¥�ÆSÇ�α = 0.1, 3�ÔöêâI

��ÝN = 2000. g��Å�¥�ý�Ø�þ

.δi = 100.

duu)Iþk¸����m�u70¦, 
I

þ�æ�±Ï�7¦, ÏdÀJIþý�Úêi =

1, · · · , 10. æ^�5�.ëêE£�§ª(11)��

.ëêΘ̂ �

θ̂
1
= (0.140, 0.075, -0.157, 0.869)

T
,

θ̂
2
= (0.201, 0.135, -0.042, 0.587)

T
,

θ̂
3
= (0.204, 0.146, 0.061, 0.431)

T
,

θ̂
4
= (0.201, 0.109, 0.103, 0.411)

T
,

θ̂
5
= (0.203, 0.103, 0.068, 0.427)

T
,

θ̂
6
= (0.207, 0.103, 0.063, 0.409)

T
,

θ̂
7
= (0.208 , 0.103 , 0.066, 0.389)

T
,

θ̂
8
= (0.204, 0.103, 0.069, 0.374)

T
,

θ̂
9
= (0.203, 0.097, 0.071, 0.364)

T
,

θ̂
10

= (0.202, 0.095, 0.067, 0.358)
T
. æ^þã30�

¬g�150, 000|Iþêâl�ïá©z[9]�^>

IþõÚý��.µ

ˆ̄p(k + i) =W1 ˆ̄psvm(k + i) +W2 ˆ̄pelm(k + i) +W3 ˆ̄prnn(k + i)

Ù¥, ˆ̄psvm, ˆ̄pelm, ˆ̄prnn©O�|±�þÅ, 4�ÆS

ÅÚÌ� ²�ä�ÑÑ, þã�.��gt = 25,

|±�þÅ¥»�Ä¼ê�Ï"�150!���0.08,

Ì� ²�ä�z�!:ê�h̄ = 150 , Ûõ�ê

�L = 2, �ëêW1 = 0.16,W2 = 0.34,W3 = 0.71.

æ^¢�æ8�70�¬g�350, 000|�Iþ

�õÇêâ?1�©¤JIþõÚý��{�©

z[9]õÚý��{?1
ý�Úêi = 1, · · · , 10�
é'¢�. æ^©z[23]�þ��Ø�(Root mean

square error, RMSE)ª(28), ©z[24]�[Ü`

ÝR2ª(29), ©z[17]�²þýéz©'Ø�(Mean

absolute percentage error, MAPE)ª(30), Iþ

1iÚý��þ,ª³ý�O(ÇTPRi ª(25)Ú

eüª³ý�O(ÇTNRi ª(26)�Ié�©¤J

IþõÚý��{Ú©z[9]õÚý��{�¢�(

J?1µ�. ¢�(J�L2.

RMSEi =

√

√

√

√

1

Nt

Nt
∑

k=1

(

p̄(k)− ˆ̄pi(k)
)2

(28)

R2
i =

Nt
∑

k=1

(

ˆ̄pi(k)− p̃i
)2

Nt
∑

k=1

(p̄i(k)− p̃i)
2

× 100% (29)

Ù¥, p̃i =
1
Nt

∑Nt

k=1 p̄(k + i− 1).

MAPEi =
1

Nt

Nt
∑

k=1

∣

∣

∣

∣

p̄(k)− ˆ̄pi(k)

p̄(k)

∣

∣

∣

∣

· 100% (30)

�
U�Ù/é'¢�(J, æ^ã4∼ã6L

«l3��350, 000|êâ�¢�(J¥�ÅÄ
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�100|i = 1, 5, 10ÚIþý�(J, J���©I

þý�(J, ¢��©z[9]Iþý�(J, :��I

þý¢�. �±wÑ�©Iþý��{�©z[9]�

{�', ý�°Ý²wJp.

lL2�±wÑ, �©��{�©z[9]�{

�i = 1, 5, 10Úý�(J�', R2Jp11.01%,

RMSEiü$51.86, MAPEiü$0.24%, þ,ª

³TPRiJp10.23%, eüª³TNRiJp14.22%.

é'¢�(JL²�©�{'©z[9]�{�Iþõ

Úý�°ÝÚIþCzª³�ý�°Ý²wJp.

L2 Iþý�°Ýé' Table 2 Precision comparison of demand forecast

ý�Úêi 1 2 3 4 5 6 7 8 9 10

R2
i
(%) �© 99.96 99.62 99.59 99.47 99.39 99.31 98.99 98.51 98.03 97.95

©z[9] 90.34 90.05 89.77 89.54 88.73 88.48 88.01 87.76 87.33 86.94

RMSEi �© 9.93 11.06 11.99 13.03 13.89 14.73 16.05 16.83 17.93 18.78

©z[9] 24.92 30.01 34.49 39.99 44.79 50.23 54.93 60.05 65.32 70.64

MAPEi(%) �© 0.04 0.05 0.05 0.06 0.06 0.07 0.07 0.08 0.08 0.08

©z[9] 0.11 0.13 0.15 0.18 0.20 0.22 0.24 0.27 0.29 0.32

TPRi(%) �© 94.88 93.21 92.19 91.42 90.17 89.77 88.21 90.05 91.55 89.66

©z[9] 86.12 82.11 80.05 80.11 78.94 79.33 79.11 77.06 80.15 79.02

TNRi(%) �© 93.22 94.67 92.19 92.01 94.21 93.18 90.96 89.99 88.12 90.01

©z[9] 81.12 80.04 80.67 83.72 79.99 80.15 77.56 86.77 80.15 76.91

ã 4 Iþ1-Úý�(J Fig.4 Demand forecast results

for the 1st- step

ã 5 Iþ5-Úý�(J Fig.5 Demand forecast results

for the 5st- step

ã 6 Iþ10-Úý�(J Fig.6 Demand forecast results

for the 10st- step

5 (Ø

�©ÏL>Lyß)�L§Lz>64��

�XÚ�§ïáIþÄ��., 3dÄ:þï

á
d�5�.Ú����5Ä�XÚ|¤�

IþõÚý��., æ^©z[18]�{ïá
�

���5Ä�XÚ�g·A�ÝÆSõÚý�

�., 3dÄ:þJÑ
à>��Ó�>Ly

ß)�L§IþõÚ�Uý��{. æ^70�

¬g�>Lyß)�L§�¢Sêâ�¢�(

JL²�©��{�©z[9]�{�i = 1, 5, 10Ú

ý�(J�', R2Jp11.01%, RMSEiü$51.86,

MAPEiü$0.24%, þ,ª³TPRiJp10.23%, e

üª³TNRiJp14.22%, �y
�©¤J�ý�

�{�±O(ý�Iþ�Czª³, �¢yIþk

¸�O(ý�Ú��ME
^�.
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