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Multi-point Temperature and Humidity Prediction for

Mega Spaces in Industrial HVAC Environments Based on CNN-Transformer

Zhang Ke LiYunxiang Ma Rongjiang Luo Yitong Deng Mengsi Yi Yuhao

[ Abstract]

humidity and purification high-bay spaces, traditional single-point prediction methods are difficult to accurately characterize spatial
differences and cannot support the precise regulation of air conditioning systems. This paper proposes a multi-point temperature
and humidity prediction method integrating Convolutional Neural Networks (CNN) and Transformer. Independent encoders and
decoders are set for each measuring point to learn their unique patterns, while a CNN module is introduced to extract spatially
coupled shared features. A gating mechanism is adopted to adaptively fuse individual and shared features, so as to achieve
high-precision collaborative prediction. Experimental results show that the prediction accuracy of the proposed method is
significantly improved compared with various typical time-series prediction methods. Specifically, the mean absolute error (MAE)

of multi-point temperature is reduced by 5.52%~25.97%, and the root mean square error (RMSE) is reduced by 5.37%~22.64%;

( Southwest Jiaotong University, Chengdu, 610031 )

Aiming at the uneven temperature and humidity distribution inside large industrial constant-temperature, constant-

for multi-point relative humidity, the MAE is reduced by 14.56%~42.76% and the RMSE by 15.98%~38.25%.

[Keywords] Large industrial constant-temperature constant-humidity and purification high-bay spaces; Multi-point temperature

and humidity prediction; Convolutional Neural Networks (CNN); Transformer; Feature fusion
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Fig.1 Layout of experimental temperature and humidity equipment
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Fig.2 Hourly temperature fluctuations at different monitoring points in 2023
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Fig.3 Hourly humidity fluctuations at different monitoring points in 2023
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Fig.4 Structure of the convolutional neural network
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Table 1 Objectives and ranges of hyperparameter optimization

F S H R AN

D model 16,32,64 —

N head 2,48 —_—

CNN-Transformer Num layers 1,2,4 —_—
Dim feedforward 32,64,128 —_—

Learn rate

[1x103, 1x10%]
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Table 1 Objectives and ranges of hyperparameter optimization
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BiLSTM Hidden dim [200, 400] 20
Learn rate [1x1073, 1x10] 1x10*
LSTM Hidden dim [200, 400] 20
Learn rate [1x1073, 1x10] 1x10*
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Table 3 Evaluation of multi-point temperature and humidity average prediction results of each model
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Fig.7 Evaluation metrics of temperature prediction results for each model at different points
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Fig.8 Evaluation metrics of humidity prediction results for each model at different points
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