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Research on cold load forecasting model of large public
buildings based on VMD-GRU network cold load forecasting
model of large public buildings based on VM D-GRU network

YU Jungqi, XIE Yunfei, ZHAO Anjun, WANG Jiali, RAN Tong, HUI Leilei

(School of Building Services Science and Engineering, Xi’an University of Architecture and

Technology, Xi’an 710055, P. R. China)

Abstract: Due to the inherent complexity and irregularity of cold load time series data, problems such as gradient
disappearance, modal aliasing and over-fitting are prone to occur during the prediction process. Predicting the cold
load of large public buildings remains a challenging task. To solve this problem and improve the prediction
accuracy, the VMD-GRU model is proposed in this study. Real data from large public buildings were utilized to
test the proposed model. The prediction process involves the following steps: 1) Correlation analysis of the
original data and selection of highly correlated predictors; 2) Decomposition of the original data sequence into
independent eigenmode functions using VMD; 3) Prediction of each component using GRU ; 4) Aggregation of

component prediction results to obtain the cold load prediction value. To validate the model's effectiveness, a large
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public building in Xi'an is taken as an example for energy consumption analysis. The results are compared with
other prediction models, including BP, GRU, EMD-BP, VMD-BP, EMD-GRU. Experimental results show that the
proposed model effectively solves the problems, such as gradient disappearance, modal aliasing and over-fitting,
accurately predicting the cold load of large public buildings.

Keywords: large public buildings; prediction algorithm; correlation analysis; variational modal decomposition
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Fig.1 Forecast model structure
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Tab.1 Selected Variables

AH & 43 BT i VP e
o T 20V 971 e U, T-1 h & 1 fiff
X, T-1 h i 2094 671 fo U, T-2h ¥ 1 7
X, 7-2 hif Z V% 67 fif U, T hZE Hh i
X, T 1) 220 % A1k g LUPNDE U, -1 h 5 Sh R
AR i X, T-1 h B 20 = A1 L U, T B Z0) A BH 8 55 58
X, T I 22 A 9 9
X, T-1 b sf 22 K B 4 25 5 0 T 203 f 4o
X, T it 20 A e i )
X, T %) % A0 R
RfH

1.000 00

0.757 00

0.514 00

0.271 00

0.028 00

-0.2150

0 X X, X X X X X5 X;

HIAS
3 TEEAXERSAE

Fig.3 Hot spot map of Inter-variable correlation
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Tab.2 Center frequency corresponding to different K
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Fig.4 The decomposed results of cooling load by VMD

3 ZBWEH

JEF VMD-GRU i R B 20 1 g 5T 971 faf B0, J2 4% VMD 43 i (19 B — 4> 43 1 43 0ok FH GRU I 2% 32F 17 i
W, F5e 28 3JAT FIT A5 ¥4 57 A T 43 et K fn SR, 45 810 94 670 A T0I0 45 R o Ay 36 TF BT R 1R S RY ) A AL L R RIS
B 43 5] 5 BP .GRU ,EMD-BP , VMD-BP . EMD-GRU # B i 17 52 56 XF b 20 # . 2808 52 86 2 K00 3K L 4
GRU P 2% 3% '8 2 /> W2 2 0 e AE BT 2R 50K sigmoid, 2% 2 R 0,05, 2 AR B 1500, I 8] 25 (9 K i
28, B & GRU M 4l 5-3-7-1,

HT TR 22 A ) 5 S0 45 SR AR S M 25 AR R TU AR BE v AR IR, 5 B0 2 M T A Y A ST RS 1O ik 2]
AL I AR e A T R R AT AR S A AT A AR 2 A T R 0 R v B e I B o N B 1 R

*%%ﬁl%‘?f’ﬁﬁ*ﬁﬁﬂ?ﬁ{ﬂ'ﬁj/\rﬁjgo F e 3 rh A SC MR S 1% S 50 K0 iE 0 B TR R A A ) i 8 SRR S

A K EESR &, UL BR 19 34 H A ) i B AR TR OO L R T OUAR(E B .

BES g, T8 50 TN 25 5, 5 A4 43 )7 81 64T 520 0T 45 2] VMD-GRU £ 88 £ i 300 )5 51, 9 HLFI
Ji 4 ¥ BT P A AT R LG . F LS A A AT R0 Ve B A TN A3 i RN 2 JS A4S VMD-GRU 52 RY ) $50 25 2R Al
WHEE T ARG . 42 T R %42 H A VMD-GRU T I 455 55 1 55 A0 JLA K Y 6 45 5% e 20 47

&1 6 JF 71k 6 T 452 A8 1 000 45 R 3 2ok bE A 43 A TR, B — BP  GRU o A5E AU B 45 SRR FRE | I 22 BK o
EMD-BP,VMD-BP #l EMD-GRU il il £5 784 5 4K 71 I 2% 5% 4 2% A7 B AIG, {H 2 5 VMD-GRU il I 55 B4 AH [
ToIRE BE N 98 4 o SR ] VMD-GRU 0 A58 A9 4% F0 J00RS 32 w5y T e 5 Rl AU, 2R ARLAS H B 300 1l 5 Sl
W



#1254 TE£3,% .4 T VMD-GRU W % X A A 3k 2 504 fi 7 Fom) 73
R3 FEERBNEZEX
Tab.3 Comparison of prediction efficiency of different models
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Fig. 5 Prediction results of cooling load
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Fig. 6 Comparison of prediction results of six models
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