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Steam Prediction of Central Air Conditioning
Based on Hybrid Deep-learning Model
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Abstract:In order to solve the steam consumption prediction problem of several large central air-conditioning units,
a hybrid deep-learning prediction model based on GRU and 3DConv-PredRNN++ is proposed. Aiming at the dynamic
linkage relationship of multiple air conditioning units , the relationship between steam consumption of units is extracted by
convolutions over volumes and PredRNN++method , which is used as a feature of spatial factors to participate in model
prediction. In order to capture the overall trend and local variation of the steam consumption series, smooth process
model , trend model and periodic model are used as model inputs in the data set. In order to improve the prediction
performance of the model,a GRU is used to combine the external factor features and capture the temporal factor features.
Finally,the model is constructed by parameter matrix fusion. Through comparison experiments with various prediction
models, it is proved that the prediction accuracy of the model is superior and that it is necessary to extract spatial factors to
participate in model prediction. Compared with the current model ,the average standard energy consumption of this model is
reduced by 60.09%.
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Fig.1 Process of handling air by air conditioning unit
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Fig.2 Annual air conditioning psychrometrics
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Fig. 3 Overall structure of air conditioning steam consumption prediction model
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Table 2 The error results of the model
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MAPE {EFEAIK T 56.46% , iz A T[]t i 446 1, 0 BH A SRR A FIUINAS JE  R0R M feue AR AL T SVM A5
B FH#EF RNN+GRU BB AR SO R G247 R (RIS 34 {0 RMSE {EFEIK T 8.05% MAE {EF#X T 5.76%
MAPE {EFEAR T 7.25% , UFE B ZS [AVREAE X 455 750 (1% 52 e 22 B2 AN T Z2 8% 119, LightGBM B B 32 17 B[] 4 iy
U/ (A5 25 (8 78 13 AR SCREAY. 2250 4 1 [l A A 76 00 A 38 R 47 RN SOAR SRS, 28 | AR
SCHYTR A TR 2 S R T 5 SEEBR | AT S ERAE B85 v Xof 2 91 28 3/ 9 v iy ST s 1 0.

FEASCRIRI N H T S R G, DLk /23 P8 0942 17 B [8] A1 H B 8, FF 080 R 0 28 1 25 95TH
FE. PR (SVM 7 ) ASEC H°N 534.48 kgce , A SCHAY ASEC {H K 213.33 kgce , A8 SCHERIAH 4L T 8L
AL ASEC FEMIE T 60.09%.
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23 PAHLERAS 28V THAE R S LAY 8 A ARy ARSC  MHLAH Y T ARy 252 B[R] PR 2R 25 (8] 2R A
Fog e, DR TR BRI 3 FR A AR AL T AR Y. Sy ifE— 20 B AR (9% TROMIORG | b Bsf ] A5 1R 26
23 [ RFAE P 3R LA 3 MO [ CHEAT A, LA SRR VR AR 1 e 91 8 S A B 34 Jm B A2 Ak, I 1) X1 3R 4
fEE T GRU 425, 23 6] [ Z AR AE A FH = 4 5 A A PredRNN ++32 5, i 3t GRU 42 B [7] J5 571) 40 5 DY) 5 4%
fiE, FE45 & HAR RIS A A8 )2, B 18 5 2 00 I il 5 4 R 2 VRTH AR A B R SCREAY /) RMSE {2
107.3 kg, MAE {64 80.1 kg, MAPE {H} 6.4%. 5 Z2FBBUXS LY, BAIE 1 A< SCRCRY FINRS 2 A A0k | e
T TS (B ARE SR S AR 1 6 BEPE. ST SVM AERUAT L , A SRR ASEC FEAIR T 60.09%.
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