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Abstract: To address the challenge of energy consumption forecasting for rural residential buildings in hot-summer
and cold-winter areas, a hybrid model based on support vector machine (SVM) was proposed. An initial dataset was
constructed by collecting building parameters, meteorological parameters, behavioral parameters, equipment
parameters, and annual energy consumption data from typical rural residences. A progressive screening framework
incorporating significance analysis, collinearity analysis, random forest sensitivity analysis, and backward stepwise
regression method was employed to select 10 key variables from 29 candidate variables, significantly reducing
model complexity. A hybrid SVM prediction model was established by integrating theoretical calculation data from
white-box models with measured data from black-box models, and a joint strategy combining grid search and cross-
validation was adopted to optimize key model parameters for performance enhancement. The validation results

demonstrate that the proposed model achieves a coefficient of determination (R°) of 0.914 and a coefficient of
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variation of root mean square error (CVRMSE) of 0.163, maintaining prediction accuracy while realizing optimal

balance in model complexity. The variable screening and data fusion strategies developed in this study are proved to

effectively address the prediction challenges caused by missing design parameters and insufficient energy

consumption data in rural residences of this region.

Keywords: rural buildings; hot-summer and cold-winter regions; variable selection; support vector machine(SVM);

energy consumption prediction; hybrid model; machine learning; building energy efficiency
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Fig. 1 Construction framework for rural residential energy consumption dataset
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Fig. 2 Flowchart of the model construction process in this

study
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Tab.3 Collinearity analysis result of significant variables
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Tab.4 Collinearity analysis result of remaining variables

after excluding X,

T 2SN VIF
X 1.428
Xig 1.680
Xis 1.694
X 1.744
X 1.824
Xy 2.152
Xy 2.674
Xis 2.783
Xs 2.798
X, 2.965
X 3.677
X 5.031
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Fig. 5 Impact of variable combinations on building energy
prediction performance
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Fig. 6 Validation of correlation between model-predicted

and measured energy consumption data

AR R ZE %%

0 L L L ! L L L L L i
0 20 40 60 80 100120140160180200
PeAct
El7 RETNEERES STNBEREHRES
Fig. 7 Distribution of relative errors between model-

predicted and measured energy consumption

3.2 AR EMIIE

S VAT A5 2R I 25 2R 14 m] 5E 1, R A Bland—
Altman 73 3 X F5TI0 B 55 52 I 18] ) 22 5 A T
Rk, SR 8, THTAR oR: P 122 (0.41 kWh)
FEIT 0, TESE AR T B AT 0 3 R G 255 — B
BR=1.96 i 222 4-9.73~10.55 kWh, £ 95% FIFE
A 2 EL ¥ A G DX T, 3R AR RN 1% 22 7 4527
F, BrAiE 1 AR LA MLREAE S T i Al SEE .

--- Mean difference: 0.41
10 f +1.968D: 10.55 i
~1.96SD: -9.73 b

S5 PN 22 H/(kWh)
[}

3 600 4 600 5 600 6 600 7 600
AEFE/(kWh)
B8 4% &Y ¥ M BE 3£ 5 L 14 AY Bland-Altman — & 1%
T
Fig. 8 Bland-Altman agreement analysis between between
model-predicted and measured energy consumption
3.3 EELZMEIEIE
N BAERAY (14 3 A N AP, Sl 2 o3 2 SR

6 Al A . BAIZE 4 L RIS, R
2 5TUHN 0.7%(REE 0.914, YIIZHE 0.921), CVRMSE
(MHREE 0.163, VI 0.158) MIX R 22K 3.2%:; 725 &
e Cin AZSBON 29 RS TR 2 10 ) R AR PR 45
E kSRS (R'=0.914, CVRMSE=0.163), 7¢ /3 4 i #5 %Y
X AR A REFE BS54 15 8 2 ) 58S VY R

4 i

1 3 SR A B AV LR b [X AR A 2 1 S 5
PR, FH B A A S SRR () Z2 U5 AR 4R
KU AR SR LA A S L, T SVM B
BT REFE TR GRS, 15 2 a0 FE L5

1) 76 2 50 S 5005 B B S B e #E B0 7 i
AR, BT Al A IS 5 5 A SR R TR A T
DHESE, A R0 T A b DX R e [ 2T

2) DU 7R i e s (PLS—VIP & & . VIF 3L
LR | ML AR AREEEAE AN S 18] [B105 2041 A 29 4~
AR R 10 D OCHEAR g, RN TR
R B, HIAPEREL 5 (R'=0.914, CVRMSE=0.163),
ST R BE SRR e AT

3) 55 A B0 UE 45 5L 3 B T OF- 4 AR X R 22
(14.57%) i /2 4 BT 15 8 2l 1 225K (<18%), Bland—
Altman 5387 5 7 95% A 100 15 22 43 A 7£-9.73~
10.55 kWh — S0Pk S BR 9 H A 324 22 12 0.41 kWh,
IR 55 I 2R 10 1 B 25 S 0N (e R 51X
0.7%, P77 MR 25728 S R (H 3.2%), UE LRI fig
A 80 I AR A A 28 B s P RN AT S SRR AR,
Ha iz ki

AR SN RS RNAE B ALY TTA F XA
ST RRE W | B RTEEE ST AR T, vl
PRAE 1 RESR AL AT SE MR S (R AL/ S
U 0 2 b B FH P 5 AT A R R, AR RN 3 ot
Pk D) S 245 W00 R 22 AR DX B IE, i — 2D B AR Y
(37 AR 5 S RS R



55 6 4

XWRYT., 45+ K S HF 1] F HLAY B AAAC VS s XA T REFE TR & T A5 1 677

S 3k

[1] DONG B, LI Z X, MAHBOBUR RAHMAN S M, et al. A
hybrid model approach for forecasting future residential
electricity consumption[J]. Energy and Buildings, 2016,
117:341-351.

[2] SUH L, DUAN M M, ZHUANG Z, et al. Building energy
consumption prediction method based on Bayesian
regression and thermal inertia correction[J]. International
Journal of Renewable 2024,
13(1):71-79.

[3] QIAO Q Y, YUNUSA-KALTUNGO A, EDWARDS R.
Hybrid method for building energy consumption prediction
based on limited data[C]//2020 IEEE PES/IAS Power
Africa. Nairobi, Kenya. IEEE, 2020:1-5.

[4] LIANG X B, CHEN S L, ZHU X, et al. Domain knowledge

decomposition of building energy consumption and a hybrid

Energy Development,

data-driven model for 24 h ahead predictions[J]. Applied
Energy, 2023, 344:121244.

(5] MG, s A S, 5% 1. o 0 T S AR A B A 3% ]

15 & 4l T A7 o ST (0], #SERL 2%, 2022, 38(10):
108—115, 28.
YUAN P L, DUANMU L, WANG Z S. Study on the usage
behavior for domestic electrical appliances of rural
households in  Chifeng[J]. 2022,
8(10):108—115, 228.

[6] ZOU R, YANG Q L, XING J C, et al. Research on public
building energy consumption prediction method based on
hybrid analysis of dynamic and static data[C]//2021 China
Automation Congress. Beijing, China: IEEE, 2021:7961—
7966.

(71 WA, H&s, &2, % RS 5T R (M) b
ARG A, 2019.

LI M C, TIAN Z, CAO J F, et al. Climate Change and

Efficiency[M]. China
Meteorological Press, 2019.

(8] JeifksE, MERHE, £ . skrh A A IR R 48 (3): T
faf e [0]. BR3H 25 9, 2022, 52(9):1-14.

LONG W D, PAN Y Q, WANG X. Building energy system
of carbon neutrality cities(3): load[J]. Heating Ventilating &
Air Conditioning, 2022, 52(9):1-14.

(9] WEECHE, 2= E W, ok, 5. SN FUREFERU TN (M].
Jbmt: o E A Tl AL, 2013,

PANY Q, LI Y M, ZHANG J, et al. Practical Handbook of
Building Energy Consumption Simulation [M]. Beijing:
China Architecture & Building Press, 2013.

[10] & A& W, FR i, SN 35, 45 BN R [ 9K Tl X ) 3
i [7]. EEHRE, 2023, 9(2):130-134,201.

HUANG Z J, XU M, WU Z Q, et al. Natural ventilation
potential evaluation of Huizhou traditional dwellings[J].
Building Science, 2023, 9(2):130-134,201.

[11] 220G, A 40, XN F-. B3 A v i XN A R T o A<k
I A RIS (7], B30 25 4, 2008, 8(7):20-24.

LIJ G, YANG L, LIU J P. Adaptive thermal comfort model
for hot summer and cold winter zone[J]. Heating Ventilating

Building  Science,

Building  Energy Beijing:

& Air Conditioning, 2008, 8(7):20—24.

[12] GUYON I, ELISSEEFF A. An introduction to variable and
feature selection[J]. Journal of Machine Learning Research,
2003, 3:1157-1182.

[13] THARWAT A, SCHENCK W. Active learning for handling
missing data[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2025, 36(2):3273-3287.

[14] GORZALCZANY M B, RUDZINSKI F.

consumption prediction in residential buildings: an accurate

Energy

and interpretable machine learning approach combining
fuzzy systems with evolutionary optimization[J]. Energies,
2024, 17(13):3242.

[15] OLU-AJAYI R, ALAKA H, OWOLABI H, et al. Data-
driven tools for building energy consumption prediction: a
review[J]. Energies, 2023, 16(6):2574.

[16] MAHIEU B, QANNARI E M, JAILLAIS B. Extension and
significance testing of variable importance in projection
(VIP) indices in partial least squares regression and
principal components analysis[J]. Chemometrics and
Intelligent Laboratory Systems, 2023, 242:104986.

[17] CHONG I G, JUN C H. Performance of some variable
selection methods when multicollinearity is present[J].
Chemometrics and Intelligent Laboratory Systems, 2005,
78(1/2):103—-112.

[18] O’BRIEN R M. A caution regarding rules of thumb for
variance inflation factors[J]. Quality & Quantity, 2007,
41(5):673-690.

[19] WANG Z Y, ZHANG W H, XU W J, et al. The prediction
algorithm of energy consumption for cattle growth based on
random forest[C]//2023 IEEE 3rd International Conference
on Information Technology, Big Data and Artificial
Intelligence. China: IEEE, 2023:510—
513.

[20] YUAN P, DUAN M, WANG Z. Analysis of factors
influencing heating energy consumption in rural houses

Chongqing,

based on actual energy consumption data[J].
Science, 2020, 36:28—-37.
[21] MAULIDINA F, RUSTAM Z, HARTINI S, et al. Feature

optimization using backward elimination and support vector

Building

machines (SVM) algorithm for diabetes classification[J].
Journal of Physics: Conference Series, 2021, 1821(1):
012006.

[22] TIBSHIRANI R. Regression shrinkage and selection via the
lasso[J]. Journal of the Royal Statistical Society: Series B
(Methodological), 1996, 58(1):267—288.

(23] 52 WS T . A6 T5 A A DX AT = ¢ i B FE 000 07k B A
A [D]. K% R B TR, 2020.

YUAN P L. Prediction Methods and Models for Residential
End-use Energy Consumption in Rural Northern China[D].
Dalian: Dalian University of Technology, 2020.

[24] BLAND J M, ALTMAN D G. Statistical methods for
assessing agreement between two methods of clinical
measurement[J]. Lancet, 1986(8476):307-310.

RIEHE: AF


https://doi.org/10.1016/j.enbuild.2015.09.033
https://doi.org/10.14710/ijred.2024.58012
https://doi.org/10.14710/ijred.2024.58012
https://doi.org/10.1016/j.apenergy.2023.121244
https://doi.org/10.1016/j.apenergy.2023.121244
https://doi.org/10.3969/j.issn.1002-8501.2008.07.005
https://doi.org/10.3969/j.issn.1002-8501.2008.07.005
https://doi.org/10.3969/j.issn.1002-8501.2008.07.005
https://doi.org/10.1109/TNNLS.2024.3352279
https://doi.org/10.1109/TNNLS.2024.3352279
https://doi.org/10.3390/en17133242
https://doi.org/10.3390/en16062574
https://doi.org/10.1016/j.chemolab.2023.104986
https://doi.org/10.1016/j.chemolab.2023.104986
https://doi.org/10.1088/1742-6596/1821/1/012006
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x

