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Abstract: In order to accurately reflect the operation characteristics of office buildings, a convolutional

neural network(CNN)-recurrent neural network(RNN)combined model for energy consumption prediction

of office buildings is proposed by using the good feature extraction ability of CNN and the good time series

learning ability of RNN. Besides, a two-dimensional matrix data input structure suitable for the deep

learning model is designed. The case study results show that compared with the simple recurrent neural

network and long short term memory network, both the prediction accuracy and computational efficiency

of CNN-RNN combined model are significantly improved, and the generalization of the model is also good.

Key words: prediction of building energy consumption; convolutional neural network (CNN); recurrent

neural network(RNN) ; deep learning

A2 A7 B B e FE TR T RE IR AR R A 1
21. 700 IR AUAHE O TR UL B U R
JE AN IR AE 16 7K SF- 9 41 w55 o S SR AE DR R LE 1) 2 B
AT L T R A PR L ) SR R R AT TR LA 4
Sl B AT R BE VA L X R U R

Y75 B #5:2021-05-23

HOC FET SRR FE TN U5 2 B AT A3 R T
S J U By RS RN R B T HIL % o ) BRI B S A
R R T BB AE I K BT R i AR
JSEEEIR e S QIR bR RTINS DTSN 7K
SR AR SE B N HR R DR A R R B A KL

fEHZ B 8 EIR (1998 B, I v N i A B A, RS N S o 5 S R 9.
BIEES ERR.B B2 A S0, i (Tel. ) :021-34206296 ; E-mail : xqzhai@ sjtu. edu. cn.



59 30

¥ E%,.%F T CNN-RNN 28445 2 69 A 3 5 5k 2500 1257

P T BB AL AED

B AR A B 0% MR 4 ST A D7 SR R RE B0 A 5K
M A L AR i/ S B S B0 I O PR EORS v H )
AESUREFESEAT I, AR R AT R T ) A R . B
AT 5 TR HLES 2% S S A S F I s RIH (SVROM
N T 2 [ 4 CANNOY! DL K &6 5E 7 1 (8] 09 g
(GBRT)&E. SR , 3% 484 40 1) ML 27 20 S0k 475 8%
e LRt BN 45 A O 5 IBCBCHE T B RREAE L DL AR
B ) 52 2=

Wi 5 B M 4G 2 DA SRR T B B A R R
MBI KRR BIRE 2 IR E¥ )Wt £
AP 2% 2% T He B v AT RRAE R BRI S 2 )
F RS R AR . AR TR G ML > IR
2 2 ASLRN TR B B I 2R B0 e B KTAS  B2
e B R T A TR RE I A ) R B 2 2D B
PG A S g CAED™ 6 BR A 2 R 45
(RNND | K8 #1328 42 B 4% (LSTMD | Az jlg % it k4
2% (GAN)U A5 AL, 1] 45 B 28 ) 2% (CNIND H ij
JO7 42 A CNIN ) 46 L A 5 14 J) 350 4R AiF 4l 12
RE 75 I 3 AR 1 RE 19T 00 451 R B 06 3 2k A 2
HEFRAE A R~ 2T 3 52 0 BB FE 19 AR B 2 (] 1 4R
PEAHELAE IS FR. EAh 3 T IR B 2 2] i 41 A B A 7
A 5P REFE I Hp (%) 7 A B A A

AR SCR A R 22 ) 4 B A7 i RP AR SR LR 0 5
06 P11 25 T 24 B G 1) 1) 2 20 68 g, 4 1
TN FEBLREFE M CNN-RNN 41 4 880, 76 20 50
R T 5 R A AL P BE L OF 5 A S IR A 2 N 4%
(SRNN) 1 LSTM #E 8 17 25 5 L 38 i WF 58 T 2
HCHE 3R Bl 1 £ 5 BB AR T A A 4R IR PO 4R =L
T 25 SR AT A I SR 38 AT P A R RE AR 4R 1L
B SR

1 =B RHE

1.1 HERBEMLE

I T b 25 ) 246 3 oo A 3 ey A B0 1Y R S G IR
A PR Ay i A A A B o KT e B R A 2 B
L. 4 BB Y SRR AE S AU S 0 M B B
9 46 O Hh 1 Jmy BB AR AR I L B R R B —
K G B UR AR AR 0 B AN AR Sl 3 AN RS Bl
FRAZ 52 O BUHE 19 4348 0015 B4 0 1) 240 B B bl
WA E 1 . b 22, WA
At s 1ats st — AT HEF BT 0+ 1 Fom ¢ i) %)
Ja 1B e — 1 RoR ¢ BFZIET 1 B2,

B R 28 W 2% — A & B AR VO 2 i AR )2
a2 )2, B RUZ I A 08 AR BUE B AR 4

- | B

~| HHHEN |
-+ ) R |
- ||

\
I itk A il

K1 BB 2 N 4R & &
Fig. 1 Schematic diagram of CNN

WA A CREAE 345 J7 10 B R R AT RL A3 o B AT A
(R-CNN) FIZ %494 (C-CNN). R-CNN J& 4 38 3o
BB 2 B AT 8 BT A A B 200 A
FRAEHEATA A Z J5 XTI Y B 0 T A 45 R AR AT
2 20T B U G R I e R AR A
s, nT B C-CNN X371 7 ) i 3 4. 5 FLUZ R
B B MO T 4 BB AE 2 B AF e B L G s
AR 38 2k — AR LV WO bR B 3 OO oR U R
CNN 3 fift 5040 0] 19 52 24 G &
1.2 ER#HENLE

AIE A ot 2 IO 246 2 — ol 1 DS i) 370 540 o
PAG BRI, 5 d 25 2 2 A E B R 5
AR 25 9 45 4 EL o RNIN S5 (35 9 SRR AE 76 T )2 9 1)
Z otz M HE ST T AUE $E. A A e R A 1 1 BR w22
D 2%, fRT BN R b 2 I 25 25 R G 1R 2 R, o
He BEZVE NS, e B ZI B2 8005y, R e I 2
s O S BUE I 5 U SRy i A AR 806 B 5V Ry i 70 3
R, 5 U A7 50 0 AN [R) o ) b e, mp DU Oy 2
2] 780 v T TR S B B . A I AT T 4%
— Pl LA BR s 4%, T o A A A 2 0 I 4R
R, FE — o BB b AR U TR BT R Y ] L
SRNN FE B IR iR 25 | it i h iR & £ R a5 B
LSTM i i 45 i 37 15 2% Bl 48 o0 17 % 15 810 T 3

Vi1 Y Yix1

X1 X X1

Pl 2 (] SR 5P 42 I 45 R B A
Fig. 2 Schematic diagram of SRNN



1258 E EH X @&

556 &

FREE BRI 5 0 A v 9 4 30 4 G D4R s U0
*%ari‘r[ls:_
1.3 CNN-RNN &R &3y

0T s SRR RE TN 453, 7E CNIN A5 Y rfr, R-
CNN /] DL e 570 R AR £l b 6] — B 200 A [R) 4 A1
Z IR AR R R OC 2R, Ik A5 B M e A R AE 5 7E
RNN #8 Hr, SRNN 7 Aif 38 - %F & 5 fiE 46 28 1t
AR T B NORG AE L E 05 ofE T b R SR L SR BB RE RO I
LEMERFAE. FIH SRNN 2 M R-CNN 2 1) i 15 B
bR B ZE Bl R AE L A L CNN-RNIN 2 & 50 7
Xt HE S BEFE IS FL A R 3 N L S A A
BLANR 1 FroR. o — 4 4% B (Conv_1D) 42 B[]
ik 220 5040 B0 20 A R AE =2 ) Pl SRNIN 2 2% 3 80
T (0 B R L B a4 7 42 2 (Dense J2) 508
M FI. R-CNN 2 5 4% 52 2 % FHUR B 2 2] vhig
FA Re LU 37 oR 51, Xt /N T 0 (B 4= 5540 il 4 0,
Xof I K00 B s i AE SRNN 2 H, o T Ik
S A B % A ) B, O pRECR D EL U, X
F/NF O WA AT LA BB L (5 T S 38 (E B2
F 0.

F 1 CNN-RNN 1% 8 I 7 #4 B,
Tab.1 Sequential structure of CNN-RNN model
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1 Conv_1D 64 RelLU
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3 SRNNGE [a1 J751) 64 ELU
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5 Dense 32 RelLU
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Fig. 3 Energy consumption curves of an office building in

2018

HREFE S 0 R s E LA A W A A G
PE. R B AL Y i A S BB FE TR 26 O I (A A2
HOEEACH B TAEH 58/ :Q S ER,
5 % AN COAT) VR X B CORHD . R4 54 |
lIowa Environmental Mesonet [ ASOS ¥ #2 fgt
A

R TR B SR (R AT 0 L LABEREAE 95204y
BLm VR FEMEAE DR 1 2 54 0 & B REFE X
(] DX [] A () B8 DA A Ay o i B NS S s 18
FHEMEARAE 17404, R )5 R A Min-Max J7 % 4k
P AT B A Ak B LLIH B AN [] £ 40 B s 29 A6 %

I BE B L AR AR
Ix — XL Tmin (1>
Lmax — Lmin

e o7 BIE— LG AR BE o A T Y
AL 5 e K7 T A AR S 1) B KA 5 20 R0 0 A B 1Y)
/IMA.

2.1.2 M NG HESH BRI BRI A
B e PR — 2 1) o 4 AT DR A Bl 2 VR B 2 2 X
B R T R A N — 2 i R AR Sk A TG A
PR R AR )RR M 22 55 SR IR B 2 2 BT ) )
PEIBCECHE FRAE. Ry b A AR MR T R B 2 ) B B
gty angk 2 o, Hop T, REsh Sl o Al
YR D, M TAEH 54 H, o 24 h i1 Z; % &%
IS AT JE B AR 48 h B T SR A A B
S TR R LA 2 5 o Ay R 1 1 e A AR A RS o 1Y T
DUAE. H LG — 4 ) i B0 2540 TR T T AR R
D5 S0 B30 K i A B F A AR AE R X TR 2 BT
NG AR A AR AT L e R 1) 4 A X B B 21
iy APEAT LA S RIS AT LUK R b 80 BT A 41 R AE
EAT 242 F0 00 R ¥ T UR T 25 2T (W R AIE 12 B g



%9 M ¥ ES,E AT CNN-RNN 48442 A 64 J o 2 50 48 42 ) 1259

bE|

®2 ATREFINEFRELESN

Tab. 2 Building energy consumption data structure for deep
learning
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Tab.3 Calculation efficiency of three models
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Tab.4 Comparison of model prediction accuracy
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Fig. 4 Prediction curves of three models in January
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Fig. 6 Prediction curves of three models in July
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