554 F5 5 W WO R AR (H SRR W) Vol. 54 No. 5
2026 49 A Journal of Hohai University ( Natural Sciences) Sep. 2026

DOI: 10. 3876/j. issn. 1000 - 1980. 2026. 05. 005

Z B E N LR SR BT L TR LR
i B B AR LA 53
ENE A AN S5 T ANCE TN T AR

(1L AR 27 R R T 9 0 22 ] TR A S 2 5 2. T I el SCOK W TR 0 v (ORI AT Sk BRI i v )
3 BCEIK S Ry 4. B8 ORFIRRIE SR ) KA A5 e 38 14 7K SOK BE IR S B8ty )

WE. AT R AEA ZHESE 2000—2024 5 L3R E 5 A AN KI5, R A AR K T A AE
(CFF) Tk 20 H T AR AERFAFAFAERE LEREE(10,20,40.80,160,320 cm) 49 & &
R W BRI G A G AR A T AR AN IR Sh K AR 2 W 4% (CNN) AR K 42 419010 A %
(LSTM) £ A) % CNN-LSTM AR A4 6 NRE L3RR E i B T 3IAMEF IR L
RRVREWE RSB, R AW . AL H T8 AL G o R L3R 3 mm K % E
(10~20 cm) £3E )5 0t 1A A2 (0~3d) ; P E(40~80cm) 3K £ 8~29d; %K & (160 ~320 cm) W) 3E
KZ44~89d;3 MBEFIEAGEMARERRRELAI LA RO EZF, BIR LR ERT
R ;CNN-LSTM B A A B REH R A B 2 ZHEERB TR, T ZAH R SR EFE0.94 2
b R TFE—AEA £ 320 cm K& EIE P CNN-LSTM #4165 R 4 0. 941, %8 LSTM AR 17% ,
3 CNN AR B I 45% AR I T A ARAFAER G 0 BT 10 he h 48409 %,

KR, LB A L AT e B HLE 5 3T ;CNN-LSTM A2 AL ; 38 ) /K SR FE IR 52 56 5%

FE 45 S.S152.8 MERARESAD A X E4RS ;1000 - 1980(2026)05 - 0039 - 10

Simulation of soil temperature in the Huaibei Plain using machine learning models
considering lag effects

Wang Di', Ju Qin', Mo Lijuan’, Lu Yiran’, He Ya’ nan'*, Mei Haipeng’, Hu Yongsheng®
(1. State Key Laboratory of Water Disaster Prevention, Hohai University;
2. Taihu Basin Hydrology and Water Resources Monitoring Center ( Taihu Basin Water Environment Monitoring Center) ;
3. Wuyt County Bureau of Water Resources
4. Wudaogou Hydrology and Water Resources Experimental Station, Water Resources Research Institute of Anhui Province)

Abstract: Based on the soil temperature and meteorological observation data from the Wudaogou Experimental Station in the Huaibei
Plain from 2000 to 2024, the correlation function feature ( CFF) method was adopted to systematically analyze the lag effects of
meteorological factors, such as air temperature and air pressure, at different soil depths (10, 20, 40, 80, 160, and 320 cm). Using
the lag-processed meteorological factors at each depth as inputs, the convolutional neural network ( CNN), long short-term memory
(LSTM) , and CNN-LSTM models were driven to simulate the evolution processes of soil temperature at the six depths, and the
applicability and accuracy of the three machine learning models at different depths were evaluated. The results indicate that the optimal
lag time of meteorological factors increases with the increase of soil depth. The lag time of shallow soil (10-20 ¢cm) is the shortest (0-
3 d) ; the lag time of middle soil (40-80 cm) is 8-29 d; the lag time of deep soil (160-320 ¢cm) extends to 44-89 d. The simulation
performance of the three machine learning models exhibits clear stratified differences at different depths, with the shallow layer
generally outperforming the deep layer. The CNN-LSTM model demonstrates higher accuracy and stability at all depths, and its
coefficient of determination (R*) is generally maintained above 0. 94, outperforming the single models. In the deep soil of 320 ¢cm, the
R® of the CNN-LSTM model is 0. 941, which improves by 17% compared with the LSTM model and 45% compared with the CNN
model. This reflects the advantages of coupling convolutional feature extraction with temporal memory capability.

Key words: soil temperature; meteorological factor; lag effect; machine learning; CNN-LSTM model; the Wudaogou Hydrology and

Water Resources Experimental Station
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Table 2 Prediction evaluation metrics of each model on test set at different soil depths
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Fig. 6 Comparison of prediction results of soil temperature at different soil depths on training set
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