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Global prediction model for indoor temperature based
on CFD and LightGBM algorithm
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(1. School of Automation, Chongqing University, Chongqing 400044, China; 2. Guangdong Provinvial Key Lab of
Robotics and Intelligent System, Shenzhen Institutes of Advanced Technology, Shenzhen 518055, China)

Abstract ; Temperature control is significant to building energy conservation, and the accurate prediction of indoor temperature is
the prerequisite for precise control of building temperature. Proposes a global indoor temperature prediction model based on
computational fluid dynamics (CFD) and LightGBM algorithms to realize global temperature simulation and global temperature
change prediction over time. The simplified CFD model is based on the space building structure, sensor accuracy range, and
actual temperature control range, which can meet the accuracy requirements and solve data redundancy, making it more
practical. On this basis, the LightGBM algorithm and LSTM algorithm are used to simulate the global temperature spatial
sequence change law. To be specific, the LightGBM algorithm is employed to predict the temperature-time sequence changes to
realize the global prediction of indoor temperature. The experiment utilizes the annual building operation data and indoor and
outdoor temperature monitoring data of a tobacco storage warehouse to construct an indoor global temperature prediction model.
Experimental results of the practical measured temperature data show that the temperature distribution accuracy coefficient of 5 h
global forecast is 0.955 4, and the temperature range accuracy coefficient of 60 h global predict is 0.994 0. Compared with the
ANN, BP, and LSTM algorithms, the average accuracy coefficient of the proposed model is improved by 0. 022 4~0. 014 7.
Keywords ; building energy efficiency; building temperature; global temperature prediction; computational fluid dynamics;
LightGBM
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Table 1 Characteristics of four building simulation models
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0.1 0.942 7 0.111 0 0.930 0 0.190 0
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Fig. 15 Simulation order of spatial sequence
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Table 7 Space sequence simulation

A MAE MSE R? GE
1 0.087 9 0.023 9 0.931 0 0.971 8
2 0.067 6 0.014 0 0. 896 6 0.984 3
3 0.104 8 0.029 3 0.943 6 0.952'5
4 0.039 5 0.004 2 0.925 6 0. 996 4
5 0.062 8 0.008 0 0.844 2 0.994 4
6 0.077 9 0.012 1 0.794 8 0.981 0
7 0.091 7 0.015 6 0.813 7 0.975 4
8 0.082 3 0.0129 0.811 0 0.982 5
9 0.085 2 0.016 3 0.759 0 0. 966 2
10 0.094 1 0.0225 0.844 3 0.954 3
11 0.051 2 0.010 4 0.8222 0.988 7
12 0.087 2 0.014 0 0. 846 0 0.976 6
A {E 0.077 7 0.015 3 0.8527 0.977 0
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LIGHTGBM #7475 455 A0 1| G5 IE , K 2 B Jg 1 15
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FET 1 WUBE 2 B 57 LIGHTGBM BRI T3 5 min
10 min 30 min 1 h 3 h F1 5 h J5 @SR E 04, W52k
A R SR AR B X E e IO7 S0 5 I, Y A bR
WZERECH .

real A pred

T =

¥

(12)

real
K. T, IR T, HIEEE A a R
FIZLRITA T, < 0.01, Fed SR EERESR A T, < 0.1,
FAT RIS BN 8 Firs , TN 25 SR AanER 9K,
#=8 LIGHTGBM & 5%
Table 8§ LIGHTGBM model parameters

28 5 min 10 min,30 min .1 h 3 h 5h
boosting_type ghdt
Objective binary
Metric rmse

15.20,15.25.20,20

num_leaves

0.001.0.01.,0.01.,0.1,0.1.,0.1

learning_rate

feature_fraction 0.8
bagging_fraction 0.8
bagging_freq 557567
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Table 9 Short time series forecast

TME MAE MSE R? GE T,
5min 0.0739 0.0145 0.9553  0.9859  <0.000 01
10min  0.1028 0.0198 0.9407 0.9799  <0.000 53
30min~ 0.1174 0.0248 0.9293  0.9698  <0.000 72

1h 0.1000 0.0222 0.9598  0.9655 <0.004 26
3h 0.1015 0.0225 0.9571 0.9600 <0.007 52
5h 0.1176 0.0304 0.9416 0.9554  <0.007 99

SR MR J7 vk BEERR TN 5 h 22 AR B,
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Table 10 Long-term series prediction

THUI it 1] GE GET
5h 0.950 4 1
10 h 0.820 8 1
30 h 0.698 6 1
60 h 0.5352 0.994 0
2) Z i

FET 2 Wi 2 S 30 min. 1 h.5 h 10 h. 15 h.
20 h.25 h F1 30 h j5 EHFIEE A4, R LR mE 1
iR,

R 11 ZhEEN
Table 11 Multi-frame data prediction

TOPUAFEI(3 W) 30 min 1h 5h 10 h
MAE 0.1265 0.1373  0.1297  0.1254
MSE 0.0237  0.0277  0.0257  0.024 6
R? 0.9329  0.9218  0.9261  0.9215
GE 0.9724  0.9653  0.9606  0.9402
T, <0.0005 <0.0007 <0.0007 <0.0025
AU 1] (6 M) 15h 20 h 25 h 30 h
MAE 0.1164  0.1254  0.1764  0.177 1
MSE 0.0244  0.0254  0.0488  0.0489
R? 0.9540 0.9092  0.9074  0.9060
GE 0.9004  0.8481  0.8419  0.8400
T, <0.0037 <0.0052 <0.0051 <0.0085
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Table 12 Parameters of ANN, BP and LSTM
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Table 13 Comparison of prediction algorithms
SR (TR ) GE/5 h GE/30 h GE/60 h
LSTM 0.942 4 0.593 2 0.452 4
ANN 0.927 5 0.515 4 0.246 2
BP 0.933 6 0.552 3 0.4252
LightGBM 0.955 4 0.628 6 0.5352
AR (3 T ) GE/5 h GE/30 h GE/60 h
LSTM 0.948 2 0.596 3 0.242 4
ANN 0.942 5 0.502 1 0.251 4
BP 0.949 5 0.548 6 0.351 4
LightGBM 0. 960 6 0.692 3 0.453 2
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