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Abstract: High and steep slopes are common during the construction of large-scale projects, and their deformation

often leads to geological hazards, posing significant threats to life and property. Efficiently collecting
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displacement data and developing an accurate predictive model are therefore essential. This study proposes a
Transformer-CNN hybrid model that integrates convolutional layers and residual structures into the Transformer
architecture. The optimized model is applied to displacement data obtained from the Beidou satellite system in a
large water conservancy project in Chongqing. Experimental results indicate that the Transformer-CNN model
achieves lower MAE, MSE, and RMSE values compared to single-model approaches, demonstrating superior
prediction accuracy. These findings suggest that the proposed model offers a practical solution for predicting and
analyzing slope deformation in similar engineering projects.

Keywords: Transformer-CNN; Beidou dataset; time series; displacement prediction; slope deformation
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Fig.1 Structure diagram of Transformer-CNN based on Beidou monitoring data
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Fig.2 Structure diagram of Transformer based on Beidou monitoring data
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Table 1 Beidou solver data(before processing)
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Fig.13 Flow chart of data preprocessing
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Table 2 Part of the processed dataset
EH{E N UHfH dE dN du ds
529 148.34 8 4937 735.199 334.771 672
529 148.348 6 4937 735.198 334.769 772 0.526 -1.192 -1.900 FEAL 1.302 897 427
529 148.348 8 4937 735.198 334.769 181 0.717 -1.599 -2.491 FEA2 1,752 396 198
529 148.348 6 4937 735.197 334.768 449 0.556 -1.983 -3.223 2.059 471 998
529.148.348 1 4937 735.199 334.770 487 0.008 -0.574 -1.185 0.574 055 925
529 148.347 4 4937 735.198 334.769 959 -0.654 -0.959 -1.713 1.160 774 750
529 148.347 7 4937 735.198 334.768 884 -0.329 -1.096 -2.788 FEAR3 1.144 315 061
529 148.347 8 4937 735.198 334.768 584 -0.284 -1.230 -3.088 1.262 361 773
529 148.347 5 4937 735.197 334.766 281 -0.552 -2.282 -5.391 2.347 813 596
529 148.346 9 4937 735.199 334.767 967 -1.105 -0.692 -3.705 1.303 798 266
529 148.347 0 4937 735.198 334.765 42 -1.025 -1.696 -6.252 1.983 230 394
529 148.343 6 4937 735.197 334.764 491 -4.418 -2.097 -7.181 E 4.890412 510
529 148.344 6 4937 735.197 334.764 749 -3.469 -1.943 -6.923 ¥ 3.976 080 007
1
520 148.3453 4937 735.199 334.765 648 -2.733 -1.927 -6.024 4 3.172 081 463
529 148.345 1 4937 735.198 334.765 14 -2.905 -1.274 -6.258 3.792 862 722
529 148.344 8 4937 735.197 334.766 932 -3.252 -1.952 -4.740 FEAS12 3245193 160
529 148.3450 4937 735.198 334.762 302 -3.094 -0.979 -9.370
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Table 3 Relevant parameter settings

RS HL 18
751 K JE (seq_len) 64
FR% 4K B (label_len) 64
T 4 JEE (pred_len) 32
i B i 1 R F (enc_in) 3
fif At 75 i AR ST (dec_in) 3
i RSE (e _out) 3
LAY HE & (d_modle) 512
TE % 7138 (n_heads) 8
i tE 2% 2 K (e_layers) 2
i i 25 )22 B (d_layers) 2
T 0 6% 48 (d_f) 2048
W35 R KM (moving_avg) 25
R 1
B RS 0.002
i ok i 32
YA K /N (bateh_size) 32
patience 3
FARER python

422 MR
F TN H A T AR R g 2 B [ Bt A D A (%) 4 TP R R R T 25 22 Bl REAR H5 B 00 TE A T 1 BE
K TUF ZMIEM 545
1) 214 %} 1% 22 (mean absolute error, MAE )" . 3& 7% T I {F 1 52 P A 2 18] () - ¥ 4 i i 22 i A 0k
_1I
MAE=— 2

i=1

2) #1777 1% 2% (mean square error, MSE)"™: &4k T 152 22 7 J5 19 7 (8L, R F90 0 0 S s 1 22 10 19 22 48, T
PRBE R ) 15 22 X B AR 1R 22 H8 A 7™ 2 AN B E 18 7 8 5 e, P T PR A S TR X S (L P R RR B TR A R

m

MSEI%Z(,V,-—)%)ZO (15)

i=1

3) -2 45 %6k 43 L iR 22 (root mean square error, RMSE)™ . T {5 55 52 BR (8 19 15 22 5% 5 MR A {E , 24t 5
FRUBETE K iy i 22 B i TR A U

):'i_yi o (14)

RMSE = lZ(yﬁ-—y,)zo (16)

4.3 ZWHER

Ry iE— 2B 5 A 43 BT TR A R T T 9 A 8 B TSR A BT A TR 5 R AR TR G BB rh TR AR L s
Transformer £ A4 /1 ) CNN £ fL2 |, 28 W 1% 45 19 B — 1 Transformer B Y | 7 2 $5i Transformer B9 B 1 & J1 #L
i, FUH Bk S R EAT I ] R B N B9 CNIN RS Y R AT IR F50 . 7E Transformer JE Rl F #EAT T oe ik 9 28
AR (£2 45 Reformer , Autoformer , Informer £5 %1 ) #F 47 B 1] J37 51 #00 , H: h | Reformer i FH Jmy &8 SR 7 AR
BB B, R U AT 0 ik 22 R D A7 A R, Autoformer W J& 7E Transformer 2214 i 34l 151 A B AH G
BIL I R0 43 i 2 g Sk Kb 3804 300 5 00 0 [ 5020 Informer B0 56 VE U /0 48 4 2% B R4 25 R A5 kK A1) 114 2
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Table 4 Quantized index values of different models

Bk MAE MSE RMSE
Transformer 0.274 0.166 0.408
CNN 0.787 0.825 0.909
Transformer-CNN 0.245 0.148 0.385
Autoformer 0.434 0.420 0.294
Informer 0.294 0.207 0.455
Reformer 0.409 0.297 0.545
MAE MSE
0.60 ;
Transformer Tranialsrines
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Fig.14 Comparision of parameters of different models

M E 14 J 0] LA A H, Transformer-CNN 45 #1 7E 3% £8 20, 30,40, 50 % YK B {2 MAE A9 {H 8 ¥ — By
Transformer #5575 AH Fb 23 5 FE AR T 12.88% .14.23% .13.88% .13.19% ., MSE B {8 7E1%4/8 20.30.40 .50 %5 YR i 43
SRR T 24.15%.26.73% .26.23% .25.24% . RMSE [{E 7E 20.30.40 .50 & B 43 I FEAR T 12.96% . 14.25% .
14.03% .13.58%. 3 4 /] LI il , Transformer-CNN £ %Y 7£ Il 25 ik 2] £2 2 B5F MAE %98 Lt CNN ik 68.8% . Lt
Transformer % 10.58% ; MSE Y {H [t CNN i 85.69% . [t Transformer ik 10.84% ; RMSE AY{H [t CNN I 57.64% .
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Fig.15 Prediction curves for different models
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