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Abstract

A prediction model (VMD-CIGWO-BP-DTA) combining a Circle chaoticised grey wolf algorithm
(CIGWO) optimised BP neural network with variational modal decomposition (VMD) is proposed
for prediction analysis of storage air conditioning loads. The CIGWO algorithm is used to find the
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optimal neuron thresholds and weights for the BP neural network model, and the CIGWO-BP mod-
el has the highest prediction accuracy when compared with various single models. The prediction
residuals of the single model were decomposed using variational modal decomposition (VMD), and
the decomposed quantities were predicted using a decision tree (DTA) model, which were combined
with the predicted values of the original model to form the final prediction results, and the predic-
tion accuracies were all greatly improved. Compared with CIGWO-BP model, MAE, MAPE and RMSE
of VMD-CIGWO-BP-DTA model were reduced by 20.79%, 45.58% and 55.12%, respectively.
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Figure 1. BP neural network topology drawing
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Figure 2. CIGWO-BP model prediction flow drawing
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Figure 3. Laboratory animal room hour-by-hour load
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Table 1. Correlation coefficient of input parameters and loads

=L MASHSOHEHREXRE

A B 44 R FRAH G R 2 BEMKTF
STH Qs 0.789 0
NEAEI RS -0.251 0
Kk -0.09 0
A 0.047 0
KAL) —0.046 0
IR BH v -0.336 0
NSRS -0.113 0

N R -0.021 0.054

FEHMTERIRE -0.849 0
FEHMHNT 0.208 0
=N TERIRE -0.916 0
N AHNT I —0.625 0

3.2. CIGWO-BP &8I & #1188
JRIRE R AEI: 8736 AR, FHEAERH 5:1 BB N g R E AT R 4y IR M B E R E

DOI: 10.12677/mos.2024.132156 1656 e RSE TR


https://doi.org/10.12677/mos.2024.132156

AT %

450, BER) ERRu, FIRIR 1 B 1 -1, Rk E% E N 100, BP #EALIZRik £ ik B 4 1000,
HOHRWRE N 0.01, IZERRERE N0, H/NEREAHE IR E N1x107° .

3.3. P—RETMER O

L R B BAEE BN BP #hZ 4 RiA . PSO-BP 1/, GWO-BP %!, LIBSVM Al CIGWO-BP
B BEAT VN ZR B T, AR 1% 22 VP i Hedb AT st bbb e BHIEL 4(a) Rl 0, FUFRsi AL i Tl 45 SR 1)
A DA S bR gt AR A 3, E L TI0IORS FEAE ZE 3R (L K] 4(b)), LTINS B CIGWO-BP #AL i &,
i #E N CIGWO-BP %1, GWO-BP 7, PSO-BP %, LIBSVM f&A, BP fAY, 4557 i i Ay
By, R RS ()R ZE AR T A R A B A BT K, AFAERE AT RIS, AR TR A = T S B
fifi, oIS EERE, ERERIRIRTE . @i BP 24, PSO-BP #7451, GWO-BP 15 CIGWO-BP %!
() RO A FEE P teF B T LA VS e Pl S BEGE AR AR SRV (7 B S A B R RICR,,  mT DA AR 2R o 7 b Bk
R R B, TINRG B e

200 PPPPPP
P () p— cowoer
< | "
5:‘1‘2' I Ww‘ TN \‘NW’!
11T A

& oo o It
& 5o il W 1

20 “\’I"‘J“ I

10 1
0 364 728 1092 1456 400 410 420 430 440 450
H ] Ch) IR Ch)

(2) (b)

o

150

-
(=1
o

FHE (KW)
SURE (KW)

o
o

700 710 720 730 740 750 1000 1010 1020 1030 1040 1050
I TE] Ch) Il Ch)
(©) (d)

Figure 4. Graph of single model prediction results
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Table 2. Center frequency corresponding to different K
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Figure 5. Graph of VMD frequency spectrum
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Figure 6. VMD decomposition results
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Table 3. Comparison of the residual decomposition optimization model performance
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Figure 7. Relative error of VMD-CIGWO-BP-DTA model
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