w2 2 T AR5 TR E R Vol. 22
2026 4F- 4 J Chinese Journal of Underground Space and Engineering Apr. 2026

DOI:10. 20174/j. JUSE. 2026. 02. 07

JET GRU b2 I 1t M0 T2 164526 7 OAMRF 5

BRI ERE A A,

(1. WA K s TR BEAAE W o A5 S 06 2 WL ‘BLE 4430022, =R2E THEHLS1E B0,
L HE 443002;3. /KH TREME T 58 Wb E TS 900 = , Hdt ‘B 443002;4. HE =k T
(LR AR AL, RS 610095 ;5. H FE B3I AE P = e st i TR FR 2 Al L At BE 443000)

WE:ATRZBL LB, St FREVRE, A0 B E L HHR, KA LR
A AT AEG R 2 TR kD R R SR IR AR BB F R R T — APk
T GRUAZ M6 TRAEEEEHE AN T ik, MET S E ETHRNIERTA,
Lo qilA T &R A T B Z AT, OFF L 5 K42 BT 1 (LSTM) 4 2 1
S SETRM 45 R VAT ST, R AW .GRU M Z ML A B ESFIM A TR T E &
TR, LA MR AR AR D D RO SR b TR R & F AR
5 LSTM # 22 P 4 SLok Fm) 45 RAB b AR R )| 2k K g A2 3E 70% , TAM 3% £ G K8 5 X
50% VA b, Bt K E Mgtz £ F 0.3% , %3332 20F 0.9 mm #94EF 51k 95%, & X
2 3Fi% £ 4 2. 05 mm,

FEIF TR B TN GRU 492 W 24

FESES . TVS2 ARERIRAD . A XEHS:1673-0836(2026) 02-0448-11
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Abstract: In order to enhance the prediction accuracy of surrounding rock deformation, enable real-time
monitoring of deformation status, prevent deformation failure, and ensure construction safety, a novel
underground cavern surrounding rock deformation temporal prediction method based on GRU neural network is
proposed to tackle the low training efficiency, slow convergence, and poor generalization of traditional methods, along
with the establishment of a corresponding prediction framework. Utilizing monitoring data of surrounding rock
deformation from the underground powerhouse on the right bank of the Baihetan Dam, predictions are made and
subsequently compared and analyzed with the forecasting results generated by the Long Short-Term Memory
(LSTM) neural network algorithm. The results indicate that the GRU neural network model effectively addresses the

prediction challenges associated with underground cavern surrounding rock deformation, offering advantages such as
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simplified structure, relatively fewer parameters, rapid training and convergence rates, and high prediction accuracy.

Compared to the predictions derived from the LSTM neural network algorithm, the GRU model demonstrates a

reduction in training duration by over 70% , with a corresponding decrease in prediction error of more than 50%. The

relative error for cumulative maximum deformation is less than 0. 3%, the probability of absolute error less than

0.9 mm is as high as 95%, and the maximum absolute error is only 2. 05 mm.

Keywords: underground cavern; surrounding rock; deformation prediction; GRU neural network
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Fig. 1  Structure diagram of GRU neural network
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Fig.2 GRU deformation prediction flow chart
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Fig.4 Multi-point displacement meter layout diagram about 0+227 cross-section of underground powerhouse on right bank
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Table 3 The average accuracy of different hyperparameters
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Table 5 Comparison of deformation prediction data for some measuring points
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97 88.57  88.61  0.04  88.37  0.20 98 41.97 42,16 0.19  42.05 0.08
98 88.63  88.67 0.04  88.44 0.19 99 42.01 4214  0.13  42.01 0.00
99 88.62  88.71  0.09 88.49 0.13 100 42,02 42,14 0.12  42.02 0.00
100 88.63  88.73  0.10  88.55  0.08 101 42,06  42.15  0.09  42.06 0.00
Myc0+227-9/1. 5 m U 15 ( 14%) Myc0+227-9/3. 5 m I 15 (115%)
S AR LST™ T GRU i S A LSTM Tt GRU i
B2 e o 217 /e ) e .
I xR B daxiiR A xR AR A5
/mm  Z/mm /mm  Z£/mm /mm  Z%/mm /mm 2Z/mm
1 0. 85 .57 0.72 .23 0.38 1 1.28 2.04  0.76 1.56 0.28
2 1.88 202 0.14 1.93  0.05 2 2.29 2,38 0.09  2.22 0.07
3 2.49 2.95  0.46 271 0.22 3 2.81 317 0.36 2.94 0.13
4 4.07 4.28  0.21 4.30  0.23 4 4.03 4.25  0.22  4.27 0.24
5 4.97 5,62  0.65 514  0.17 5 4.74 5.2 0.48  4.74 0.00
6 5.57 6.69 .12 5.8  0.26 6 5.35 6.03  0.68  5.40 0.05
7 10.58 8. 41 2,17  9.93  0.65 7 8.83 7.12 1.71 8.05 0.78
8 15.17 1236 2.81  12.62 2.55 8 11.33  10.27 1.06  11.70 0.37
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Myc0+227-9/1. 5 m I 55 (3155%) Myc0+227-9/3. 5 m M 5 (31 4%)
. S A LSTM il GRU Tt e Sz AR LSTM il GRU Tt
B/mm gy s A i Brmm gy g wE do
/mm 2%/mm /mm 2/mm /mm 2%/mm /mm 2%/mm

9 18.84  17.38  1.46  18.57  0.27 9 1515 1410  1.05  15.08 0.07
10 19.85  20.53  0.68  19.95 0.10 10 16.37  16.79  0.42  16.49 0.12
47 50.79  51.31  0.52  51.04 0.25 53 47.98  48.33  0.35  48.10 0.12
48 50.70  51.29  0.59  50.87  0.17 54 48.82  48.52  0.30  48.87 0.05
49 50.66  51.22  0.56  50.80  0.14 55 49.00  48.85  0.15  48.92 0.08
50 50.66  51.17  0.51  50.80 0.14 56 49.08  49.06  0.02  49.13 0.05
51 50.62 5114  0.52  50.76  0.14 57 49.06  49.18  0.12  49.17 0.11
52 50.60 5111  0.51  50.74  0.14 58 48.99  49.19  0.20  49.10 0.11
53 50.66  51.10  0.44  50.78  0.12 59 48.99  49.14  0.15  49.04 0.05
54 52.19  51.53  0.66  52.31  0.12 60 48.98  49.13  0.15  49.05 0.07
55 52,19 52,22 0.03  52.33  0.14 61 48.95  49.12  0.17  49.03 0.08
56 52,20 52,52 0.32 52,32 0.12 62 48.93  49.10  0.17  49.00 0.07
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Fig. 6 Comparison chart between actual measured data and predicted results ( Myc0-227-9/3.5 m)
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Table 6 Statistical analysis of prediction errors
(A)Myc0+227-6/ (A F) 1.5 m (B)Myc0+228-2/ (Ti#t) 1.5 m i 51
LA
LSTM GRU KR/ % LSTM GRU R/ %
TRLEXT IR 2ZE/ mm 4.67 2.05 56. 10 2.35 0.63 73.19
€/ Mm 0.79 0.27 65. 82 0.39 0.08 79. 49
€ i/ MM 1.23 0.43 65. 04 0.58 0.12 79.31
esyape/ % 2.60 1. 10 57.69 5.08 1. 66 67.32
kit /s 24. 30 4.20 82.72 25.80 5.54 78.53
Myc0+227-9/ (#1%)
WPEHA (C)1.5 m A5, (D)3.5 m M A% (E)6.5 m s (F)15 m P45,
SC LSTM GRU/% Sl LSTM GRU/% ¢l LSTM GRU/% Sl LSTM GRU/%
ROREIHRE/mm 2.92 0.86 70.55 1.72 0.78 54.65 2.30 0.58 75.01 2.13 0.45 78.88
€ypp/mm 0.57 0.06 89.47 0.40 0.15 62.50 0.38 0.12 68.97 0.35 0.09 74.20
€ s/ MM 0.76 0.12 84.21 0.51 0.21 58.82 0.56 0.16 71.43 0.54 0.12 77.78
esyarn/ % 4.68 0.8 81.84 3.78 1.14 69.84 4.95 1.13 77.17 6.40 1.90 70.31
YILEmHK /s 19.40 4.70 75.77 19.50 5.70 70.77 19.50 5.10 73.85 18.60 4.40 76.34

®7 RRERERSFITSH

Table 7 Statistical analysis of accumulated maximum deformation

(A)Myc0+227-6/ (CAE%) 1.5 m & (B)Myc0+228-2/ (i) 1.5 m 5
TR - -
S LSTM GRU Sz LSTM GRU
ZREREIL/mm 88. 63 88.73 88. 55 42.06 42.15 42.06
FXTR 2 % 0.11 -0.10 0.21 0.00
Myc0+227-9/ (15%)
(C)1.5 m il & (D)3.5 m il & (E)6.5 m il & (F)15 m I &
Sz LSTM GRU &2l LSTM  GRU 22 LSTM  GRU 52l LSTM  GRU
ZHE KRS,/ mm 52.20 52.52 52.32 48.93 49.10 49.00 38.06 38.25 38.13 31.13 31.24 31.17
FIXT R % 0.61 0.23 0.35 0.14 0.50 0.18 0.35 0.13
15 A
—— (LSTM) MAE/mm —— (LSTM)B R4 xtiR 2=
F B F B
I 0, D> -
- .- (LSTM) RMAE/mm (LSTM)SMAPE/% { ‘v
\ I
......... (GRU) MAE/mm <o (GRMBCRAEXT R ‘\ /,'
S c
E c (GRM)SMAPE/% E
(GRU) RMAE/mm

7 BRI RIRE X L

Fig.7 Error comparison chart of prediction results at each point
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(1) X L AR T8 0 AN Wff e P R v 8 R
SFAF M T 3T GRU B [l 5 A8 B 10000 A5% 76 R 5
WU AEAE 2R | 2 B3 i B s A B T AR A A |
BSEAL B E5 R R AR ZE 00T 5 A
PRSI PR 7548 TV A R F00N) , 2 A 7R 45 44 iy P
e PR R FH SE I B s xR S E A T U R A
(2) VA S ME K sl A7 R o R T 5 04227 W
TATH: 6 AN o5 SRy 49150 AR SO HR 9 O v 3R A T 8 A 9
UE 38 3 O AR S O 40 24 ) Al 2k LU
AR TS | N 45 AR AR SCRE ) GRU #if
25 ) 245 T AR 7R R A PR 5 B X R 7 S AR T K
PEFRAE 22 2T DN R sl B P, T0imRS B2 1y , 95%
DLyt 22 nf I AE 0.9 mm DL, fie K4 %
2N 2,05 mm,
(3) BFA SCHE e itE— 20 55 LSTM #2525
FHE VA TN 25 A s, 25 R B AR SO AR
RUA I 2R K A L S HE 7 vk B R R 3 70% , 45 i
TR 2548 b5 R 8 2 48 1 50% , Bt K AR T B9 A1
XRZE/INTF 0. 3% , A SCRER Y ZRACR 5 I S0H
B T 2 SR RS U
5 % 3Lk ( References )
(1] 4%, EBUE, TTAL, 5. BEMHARTT HEA AR =
FASBARAE S REIRMLEI [J]. T2 a5 TRE%®R,
2024, 20 (2): 597-605. ( Pei Shufeng,

Yuzheng, Jiang Quan, et al. Relaxation characteristics

Wang

and failure mechanism of steeply dipping columnar

jointed rtock caverns [ J ]. Chinese Journal of
Underground Space and Engineering, 2024, 20(2):
597-605. (in Chinese) )

(2] REAWL, 5, U1, . FRERALS - TRE T
TN E R L)) AT, 2018,
39 (10). 3703-3716. Lu Hao,

Wang Mingyang, et al. Research progress on safety

( Xiong Ziming,

geotechnical
engineering construction in China [ J]. Rock and
Soil Mechanics, 2018, 39 (10): 3703-3716. (in
Chinese) )

[3] EW, I, 28, BT EIEGHT 5K A0
BAERHG TN [T]. M2 E 5 T8 R,
2017, 13 (3% 1):. 48-51. ( Wang Tao, Sun
Wenlong, Li Lei. Study on surrounding

deformation combined forecasting method based on

risk  management for large scale

rock

regression analysis and grey theory [ J]. Chinese
Journal of Underground Space and Engineering, 2017,
13(Supp. 1) ; 48-51. (in Chinese) )

(4] e, E8oE. — POt fb e i R 1005 B9 g 1 )

(5]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

FARIREIITELY]. MR, 2021, 46(4) : 50-
Lu Tieding.

prediction method for tunnel surrounding rock based on

56. ( Xie Jianxiong, A deformation

optimizing Gaussian process regression [ J ]. Science
of Surveying and Mapping, 2021, 46(4) . 50-56. (in
Chinese) )

WMRTE, BUEF, ENIR, 55 B ZRIE R RSCORE
SMAIRTSELT]. A J17E 5 TR, 2005(2)
212-216. (Yang Linde, Yan Jianping, Wang Yuezhao,
et al. properties  and

Study on time-dependent

deformation prediction of surrounding rock[ J]. Chinese
Journal of Rock Mechanics and Engineering, 2005(2) ;
212-216. (in Chinese) )

TR 7R, BEoik, 3K 55 . Kl b R R = B 4 26 0T
FEIARESARIE T [T]. AR J1%%, 2013, 34(2)
568-574. ( Fu Sheng Qian, Zhang

Yonghui. Stepwise excavation process of

Xiaodong,

underground caverns of hydropower station using DDA
[J]. Rock and Soil Mechanics, 2013, 34(2): 568-
574. (in Chinese) )

Feng D L, Wu H N, Chen R P,

analytical model to predict the radial deformation of

et al. An

surrounding rock during shaft construction via shaft
boring Machine[ J]. Tunnelling and Underground Space
Technology Trenchless  Technology
Research, 2023, 140. 105321.

Flidm, FhEAK, B%E. SETIRERILR BP MK
ZRAERRIE 5 2 B0 AR I8 F0 b g i (D],
B B% GE $ R, 2018, 55 (1): 107-113. ( Zhou

Guannan, Application of

Incorporating

Sun Yuyong, Jia Peng.
genetic algorithm based BP neural network to parameter
inversion of surrounding rock and deformation prediction
[J]. Modern Tunnelling Technoligy, 2018, 55(1):
107-113. (iin Chinese) )

KR, RBE Rk, 55 JRMK AR = S
LRV REAL BN 55 (1], K1 ki sz, 2013,
32(2): 246-251. (Zhang Yan, Zhu Zhende, Zhu Shu,
et al. Intelligent deformation predicting methods for
underground chambers of Longtan hydropower station
[J].
32(2): 246-251. (in Chinese) )

Li S, Zhao H, Ru Z. Deformation prediction of tunnel
surrounding rock mass using CPSO-SVM model [ J ].
Journal of Central South University, 2012, 19 (11):
3311-3319.

Ma C, Tan Y H, Li E B, et al. Allowable deformation

prediction for surrounding rock of underground caverns

Journal of Hydroelectric Engineering, 2013,

Periodica

60 (3):

based on support vector machine [ J ].
Polytechnica Civil 2016,
361-369.

Pan Y, Chen L, Wang J,

Engineering,

et al. Research on



458 B S 11 R B = 3 1 5522 4%
deformation prediction of tunnel surrounding rock Wit T ik [T]. B RS H sh ik, 2019,
using the model combining firefly algorithm and 43 (5). 53-58. ( Wang Zengping, Zhao Bing, Ji
nonlinear auto-regressive dynamic neural network [ J]. Weijia, et al. Short-term load forecasting method based
Engineering with Computers, 2019, 37(2) . 1-11. on GRU-NN model [ J]. Automation of Electric

[13] Ye X W, Ma S Y, Liu Z X, et al. LSTM-based Power Systems, 2019, 43(5): 53-58. (in Chinese) )
deformation forecasting for additional stress estimation of [21] FAFF Rms X%, FET CNN-GRU #1245 n 41
existing tunnel structure induced by adjacent i it SOH £f315 RUL B[ J]. BVET51E,2024(5) .
shield tunneling [ J]. Tunnelling and 819-826. ( Xin Fuyu, Xing Likun, Liu Xiao. SOH
Underground Space Technology incorporating Trenchless estimation and RUL prediction of lithium battery based
Technology Research, 2024, 146. 105664. on CNN-GRU neural networks [ J]. Shanghai Energy

[14] BBE, 246, 4o, & BETRESI MRS L Conservation, 2024(5) : 819-826. (in Chinese) )

W T8 L AR S B A [ 0], R Al 5 T R [22] &8, ok 87 87, B % %, 5 B R AR
4R, 2023, 31(6); 1590-1600. (Lv Qingfeng, Li WOA-GRU 15 3 /4 6 45 I 2 38 0 B [ 1], /4 B,
Yu, Niu Rong, et al. Research on deformation 2024,69(4) :193-199. (Kou Min, Zhang Mengmeng,
prediction  of  surrounding rock  in  special Zhao Junxue, et al. Short-term traffic flow prediction
geotechnical tunnels based on deep learning [ J]. on highways based on WOA-GRU with integrated
Journal of Basic Science and Engineering, 2023, weather features [ J ]. Highway, 2024, 69 (4). 193-
31(6) : 1590-1600. (in Chinese) ) 199. (in Chinese) )

[15] Sh9%, H M. W% FA AR A I TR TR L -1 25 R 2% [23] Muhammad A, Kamaludin M Y, Benjamin W, et al.
BIRI[]]. MR 2S[E) 5 TR %4, 2011, 7(3) . 564- Traffic speed prediction using GARCH—GRU
569. ( Ma Sha, Xiao Ming. The Chaotic-neural hybrid model [ J]. IET Intelligent Transport Systems,
network model on long-term prediction of cavern 2023, 17(11) : 2300-2312.
rock mass displacement [ J]. Underground Space and [24] Ffpr, B3sE, B 2 55 2 F GRU-RNN #8128
Engineering, 2011, 7(3) ; 564-569. (in Chinese)) A B RS B AR ST [T, A LR, 2020,

[16] I 3CHR , BRHT, sk M. 3T KPCA-IPSO-SVM #4554 iy 45(4):109-114. ( Yu Dexin, Qiu Shi, Zhou Huxing,
Ho R 2= A AR R 5T [ 1], 7K 1 &, 2023, et al. Research on short-term traffic flow prediction at
49 (1): 58-62. ( Xiang Wenjun, Chen Xin, intersections based on GRU-RNN model [ J]. Highway
Zhang Liumei. Prediction of underground cavern Engineering, 2020, 45(4): 109-114. (in Chinese) )
surrounding rtock  deformation based on KPCA- [25] ZE4BHE, Xjg =2, A4, %, ETYRLAHE GRU #
IPSO-SVM model [J]. Water Power, 2023, 49(1): ZEI LT AL K BT T AL AL [ T ], HBR{E B R
58-62. (in Chinese) ) 2, 2023, 25(1): 102-114. (Li Yuzhao, Liu Qi-

[17] Hou X, Ge F Z, Chen D B, et al. Temporal liang, Deng Min, et al. A physics-constrained
distribution-based prediction strategy for dynamic multi- GRU neural network for river water quality prediction
objective optimization assisted by GRU neural network [ J]. Journal of Geo-information Science, 2023,25(1) .
[J]. Information Sciences, 2023, 649. 119627. 102-114. (in Chinese) )

[18] &M, TWE:, T3, 2T VMD-GRU HIES%4L [26] kAR, AR, Bebi, 55, i ) Hi R = LR R
A B A% R A U DX ) F0 i B (D] K AR B 32 JT R MR TS ()] MR 2 E) S TR 2R 4R
LB R B2, 2022, 40 (6): 1-5. ( Xu Dongmei, 2022,18( 1) :341-350. (Zhang Shilei, Zhu Zhaohui,
Wang Yaqin, Wang Wenchuan. Monthly runoff interval Duan Hang, et al. Research on deep deformation
prediction method and application based on VMD- characteristics of roof arch and loading variation of
GRU nonparametric kernel density estimation [ J ]. unboned pre-stressed cable at large underground cavern
Water Resource and Power, 2022, 40(6): 1-5. (in with high geostress [ J ]. Chinese Journal of
Chinese) ) Underground Space and Engineering, 2022, 18 (1)

[19] WEFESC, #53E, XM, FEF CNN-GRU IB& M2 M 341-350. (in Chinese) )

[20]

SRR 7k (1], AR, 2020, 44(9)
3416-3424.  ( Yao Liu
Zejian. Load forecasting method based on CNN-
GRU hybrid neural network [ J].
Technology, 2020, 44(9) : 3416-3424. (iin Chinese) )
EHF, B, wEfE, AF BT GRU-NN B9

Chengwen, Yang Ping,

Power System

[27]

B RE NRHRE T 26 GPS B (8] 81 (5% i 43 A
[J]. &8kEM RS, 2019, 44(5): 66-69. ( Yang
Dengke. Influences of different interpolation methods
on GPS time series[ J]. GNSS World of China, 2019,
44(5): 66-69. (in Chinese) )



