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[ Abstract ] Cooling load prediction forms the foundation of building energy conservation. However, the variation in input
variables significantly influences the predictive accuracy of neural networks. Furthermore, predicting loads for new buildings
necessitates the accumulation of data. This study aims to determine the optimal inputs for predicting subway station cooling loads
and evaluate the feasibility of database migration predictions. Leveraging empirical data and considering commonly used time
variable, meteorological factors, and historical loads as potential inputs, this research compares the predictive accuracy of
Backpropagation Neural Network (BPNN) and Convolutional Neural Network (CNN) under different inputs and during progressive
database updates. Results indicate that the optimal input variables for cooling load prediction should exhibit Pearson correlation
coefficient with the load greater than 0.5. Moreover, for similar building types, initial predictions can be made by gradually

replacing the database, showcasing an enhancement in predictive accuracy with each update. Notably, the CNN demonstrate
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superior prediction performance throughout this process.

[ Keywords]

0 3lF

B “RUBK” HIE 0 SR T ) PR &
29 5 LR BERE 30% 1) @ BT RE 2 B2
oY, AR @S, s R RE AR S AR K
—HB 04 BEFE AT NS JT AT T i
5 RE, BFEATm RGN, mReTTRevr, R
VLPCEEJ7 1, 10 SEIE 3R =5 fe 284 1) Btk 2 AE R PR
TR R AT TR S R, Mk
REFEAEREN @ HTOIA /NI, T H 2 R 45 I
REFER)— 21 LA, DR Xof T 2K oy S SRS 1 1190 44 A7
i FHEIIR 2 L 3015 fe = SCE ORI,

A B A7 Amr 0 £ 7 35BS AR | AR A
RUFBFIBAY, AR 2 78 J S Bov 0 S B oAl
TRETE R, AR AR AL BB AR TR 5, (]
ATH 75 M @ Py A A B AR IS AT Eds , A AN R 2
AT B AT I 25 B o 7R 52 % A AR 1) PR A A
R — AR 22 2 ) 32 3] 1 BIF 738 A0 AR S 010120,

BN TR IR BT 28 P 285 TR RS BE e T 28 G EE
Jang SF5R A [ I [A]AZ 5 K 51 N A7 g7 FIUIIRS FE 42
THE B, FE4R A T /N, 5N Z
A i ] 2 RTINS L3, Lee 254 tH 54 #u 4
Ao AH DGR B 1 51N 23 3 v TOOMIARS FEE 114 o Sxf v A %
AR B 1) - 4R B T AHOCME 0 Hr, Kapetanakis
ELL 0.5 NIk PRI, F8 AR5 X 2
UL A AT Aaf ) A BN [E], HOO R N 4% R AT
I 05T A TR N 2R OS], SRR, Ling 55
PR TS0 SRR 1 i N R 3 O B T TN A FE
) E 6],

)7, AHKHFFERET, P A i 5] ]
VEi s 7573 /AR T GIRUIL LT 5B NIF = B Y S
B (RSN B SR A7 ey B | TR S v AT AT
TGS E] 7 R A S5 R U7, Ding 2545
BN Z B0 O R TOI RS FE BA 2R A T I o
W S AR R 51N ¥ A A7 e TR R AR T
S LN 1 e s R e A3 N O D SR e =
SN EEVE N, FEEET IR FEXL Q 148 I 2% i
T 7508 2 U A7 A R RE AR IO UY . SR A A T
JJ3 Sk A7 A FHEI0 G5 SR A7 47 AT S A B A JE R ARORS
FELRAESE 12 138 FH P20,

Load prediction; Subway station; Neural network; Input combination; Database update

3 BRI FE TR0 10X 2% 1) v FA AT TN 2 S
BUHE FU RE M ZEA, 17 BLA TSR D x4 A\ AL gt
AT B FR I BRI EE AR, SBEFRR, SIA
Pi S AME T AR T RS 2, 7] B0 Hek
HE SRR (AR, R kAo g S B R AR
B I () AR B[R] VE DA RN B T 5T . 53— J7 T
SN Gk Z 38 AT HOHE 1R SRR AT 2 TR A X 45 1 A
Ay T AR, 368 %6 2 X DA TN =l FoU A RE A T i,
ASCHRET WA MR o (Y S Bt s LRSS 8L i
() 2 B g S A g s A BE Al e EEAAS R A\
HE TR E T RERMA, BT 25
R 3 BT R st [ 328 AT R 5 ) TR R E
BSE 1 IEAE TE I AT AT, AT Ja S22 5 N
RN 7 S £ G Ao T B 5 J i o

1 FERER
1.1 BAEfEiiA

WE 1 FrR, BUFFCeiETu A O %
ATFHRE AT, FFIETAN A (1 AH OC R BUEBE M 2
AFE P NA S, SRIGTETEA RN T 0 TR 22
FHtf S AR 2 I A NG, B TR e
AN NELA 55 IR (A 22 28505 B Sl 3R 47 47 faf
TR, [FBT LA A B8 5 B w8 e, A3 3
B 3l 75 AN [R50 127 S I B P T 2 3

R R A
Gak

__________________________________

1 AXHARBERFE
Fig.1 The research way and method of this paper
1.2 RIS

— kU, kTS A R G HIEE L KR



38 H5 3 W

RUF S, S5 BT 0 24 B 1L R 2 il v (1A TGS LRI 5 =301 -

ANV KBV, ¥ UK v KL B, v oK
IKIRHTIE F 45 FH A AR i 49 0 e v R KA A o AL
T I AN AN R (0 R AT S AT, A5 2R L
MR B AR, ARk AT e A RN BTTE
WX RFER AR 1 R, &2 T2, ik
vl 2R A G TN A6 R v faer, T
T, SEEAT Bl B e, ol A AT BRI B
FE R — X DLORUE TR IA STA AL, Hb Bkl @ 5
LW FHE T F 500, vt~ Z %0, Dk
DRALE foe 5N (AR AL -
®1 ROIFEBEENE

Table 1 The basic introduction of case station
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