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Based on Machine Learning

ZHAO Shaodong
(Tianjin Key Laboratory of Integrated Design and On-line Monitoring for Light Industry & Food Machinery and
Equipment, College of Mechanical Engineering, Tianjin University of Science & Technology, Tianjin 300222, China)

Abstract: In the model training of building energy consumption prediction, selected features are difficult to ensure the ef-
fectiveness and accuracy of the predicted results in some environments. How to scientifically and reasonably select the fea-
ture subset which is suitable for the building's own attributes for model learning has always attracted the attention of re-
searchers in the field of machine learning. To solve the problem that using different feature sets can change the accuracy per-
formance and learning speed of the model, this research proposed an exploratory method for feature subset selection, and a
series of experiments and system analyses were carried out on how this method would affect the performance of the model.
The research also tried to find a feature set which is simple and practical enough, and can be easily acquired and accurately
recorded. Based on three selected data sets, the model was trained by using RBF kernel and polynomial function check.
Through comparative analyses of the model performance data before and after feature selection, it was found that the method
proposed and used in this research can improve the prediction accuracy of the model to a certain extent.
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Tab.1 Characteristic score of two selection methods

- EERIREZ
FHIE
Fdk— g
TRk 0.27 1.59
AR 0.25 0.60
ERZ9LE 0.01 0.53
B E 4 0.48 0.55
b F I 0.06 0.96
R 0.21 1.25
e 0.08 1.33
JEE 2 0.68 1.02
RN 0.67 0.92
PN YRS 0.69 0.94
R P 25 0.06 1.12
JEE 2 0.68 1.05
[Gp S 0.36 0.83
[GFzEES 0.47 0.81
R 0.23 1.13

3.2 MBEBRMEEFRMERE

AT AR SRR FEIT 5T S M A HLAA L, EHUR
HRHE R 21U AP S, IF At =1y
(2018 4 11 H 1 HZE 2019 4 3 H 31 H) % H#H4T
HE. X 2V FMERIR LR 2. A TR 2148
FURIE Z AN RRAE | 38 24 B BOZ AR L 2 18 A B R
BIASHOLER 3.

TSR G R R =T, TR AR 1Y
FEREFINAER A TR AR ENE IS EM



2021 42 A

BAEAZR: FET AL T A S RERE SVM BRRIRER 734 S AF5E ©59 -

S5 E PRI, Ry T 7 AR SO IR R R AR
AT DB CE AR DX 0T B I AR R T — 11
(8 TEE O E, (R E 2% 8 TAE H A I 2 Bt (an
POKER IR A8 55) FIEH 1) 5200 URAR 1Y T B T #E
PRI, X TREF NS IR RE | 1 T 25U k)
PMERERZE TE, FTLABOE R T 10 3 Fosmy 3
SR 21485 N 0T R/ G AT A], AR
B 3 1A £ Tt Az A 7 B[] kg R A 1
SOESET NN
R2 2HEFHEHERIR

Tab. 2 Architectural characteristic description of 21#
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Tab.3 Building materials used in simulation
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Fig. 1 Hourly power consumption simulation of 21#
building in November and December

3.3 KImEERS

3 2 DA 3 4 118 52 36 5 4R b 4 BT o3 S g
17 IX53, I FLISBRAUE RZ M5 /I RHE , {2 5™
A R T Y AN IR B , e A A B
AL TR X2 TR Ry 3 A DI 2 50 i 8 2 i )
VESEATE BN S5, A 78 g A 0 04k 1447 73
. AN A, AR 455 . MSE 575 3F
MBHEIPEREM N 6.18 x 107, SCC HETEM BRI PEfE
A 0.958. AT HE— % BURIE 28 R BN 7E S fE e 428
ZHTFZ SRR A AR LA, DL 2145 I FE
OB, R 2 hahAS A T 214 A H TR
TR EERE IS, HREH S I (A O, I FLAER
3+ TN A A X 158 21 L

OBy MEZH  BEE/m  SHRER (WmK)
J2 TH A 0.009 3 0.159
MZBEED JRTRE  0.166 93 0.050
EmEHR 0.001 4 45.010
HZERE S HEISIE 0.0029 0.017 8
I 0.024 8 0.6917
5 [ E TREE+ 0.204 1 1.728 8
BEARLRIR  0.068 2 0.044 1
5 V1) J T TREE T 0.2029 1.309

5 NSRS
1x10° ke
x sommees TRUNME
= 8x10°f
1
@ 6x10°[
4x10°F
2x10°}F

0 L L L L L L L
0 4 8 12 16 20 24 28 32

W 214 IR HRIBEAER ] EnergyPlus 17
D5 FLAC R, 7 0y BLa R v BRI B] 3 5 5508 , 1 S
BTSSR e BAAR SRR T, R A e S
WorEE4 , 77 EnergyPlus A ASCHE. XA it
P —H R B WU A @S eI
BRIk, T X 2 1R S REFEDT ELEA TS BB
BEHC 11 H 2 12 A a7 N i REREEA 705 FL58
Ky, S50 1 PR,

M 1 AT LU 3 X BN e 51 A
], #°8 30d, Hrp g ih2k0g 11 A JrRERE, I
aphZef 0k 12 H i JIBeRE. M S Leld (e 250k
A, BRBIEA AR 22 51

I} [a]/d
E2 2#2ASHEEEMNNEEMHTNE

Fig. 2 Measured and predicted daily power consumption
of 21# building
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Tab.4 Comparison of model performance under different
feature sets
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Tab.5 Two kernel of SVR predictions for three data sets
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Fig. 4 Comparison of training time of RBF kernel func-
tion before and after feature selection
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