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Research on real-time identification system of surrounding rock of

tunnel based on Vision Transformer model
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(School of Civil Engineering and Architecture, East China Jiaotong University, Nanchang 330013, Jiangxi, China)

Abstract: To address the issues of traditional tunnel surrounding rock classification, such as over-reliance on man-
ual experience, strong subjectivity, and low efficiency, this study innovatively introduces the Vision Transformer
model and constructs a full-process real-time surrounding rock identification system with the workflow of "acqui-
sition-processing-evaluation". Breaking through the limitation of the local receptive field of traditional convolu-
tional neural networks, the system achieves efficient capture of global geological features. It comprises three com-
ponents: a digital image acquisition terminal, an intelligent classification processing module, and an intelligent
evaluation module. Based on a dataset of 2,621 tunnel face images covering multiple geological conditions, the
model reaches a recognition accuracy of 92.49% after 100 training epochs, outperforming the EfficientNet and
ResNet34 models. Through a lightweight mobile App, rapid image acquisition, intelligent classification, and real-
time recommendation of construction methods can be realized. Verified in the Xiaoyuan Tunnel project, the system
shows a consistency of over 90% with the results of the traditional BQ classification method. The recommended
construction methods and blasting parameters effectively reduce over-excavation and under-excavation deviations
as well as surrounding rock disturbance, providing an innovative and reliable technical solution for intelligent tunnel
construction.

Keywords: real-time surrounding rock identification; surrounding rock classification; vision transformer; mobile

application; deep learning; intelligent construction
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Fig 1 Technical framework of the intelligent classification system for surrounding rock
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SRFIES o A S REAk  WRIRESEAK A%
120 % R X PR X X 428 43 16.3
2% % W EX . ERREX 413 41 15.8
MAEE  FREEREX . IR RE X 460 46 17.6
IVZ A PR TR . AL TUA X 442 44 16.8
VYA AL X, PHRIRI A 428 43 16.3

FoAt X BEE Tt T4 5 450 45 17.2




2.2 NGLER S

PR G5 K F Adam 0L 2%, W46 2% 1 R 1BEN 0.0001, 8 FH 4% 5% 38 K1 B S w4 & 5 T 42 0.00001
AT, DUftRSHd e . tE K/NEE R 32, DRGSR St B AR M2 MBS P . disld
&, BARIEI N T ELZE N 0.1 i) Dropout JZ & 2 %04 0.00001 FIRE M. %k Hbs N/ ML UL, 1%
3% R B T AR TN 45 SR 5 Bt R A SR R ZE S A8 OB R 2 B T 2 A R TS, B
PUEBHLEI LS T Softmax PR A8 SURTHE . TERBURIF ST RE A, SRR 4 H 1) 5 46 logits 54T Softmax
B4k, B HIEA IR ER A, FeT %500 5 SRR A Ok, DU A A T 5 TS50
Z A ZE RS R M A, WTRAREAER, A XHEBRITH R AW T

L :%IZL,' = _%Ziyic log(pic) (1)

i c=1
<2 HERISTEE
Tab 2 Comparison of models
IREE ] Vision .
n EfficientNet ResNet34
it Transformer
P ] 2021 2019 2015
EARIREL 100 100 100
HERF /% 92.49 91.25 90.30
/% 23.22 26.1 474

b, MORESRA, i EH AR, y DRI ¢ IBREE, p REEE | FEARRT RS ¢ KR
T2 A R R EU E b B () 2R 7 AT R AT BT FLSE PR A R 2R 70 AT, e /MRS X B S i T
MIMEZ b SEBRPRAE I Z28E,  DAE LAY GRAE B 4 M gk 47 7 KA 55 -

JEILXF Vision Transformer AU HEAT 100 /NI AR 45 B0 a0, AERSAE AN YN SR #E vp R B0
FE M 2 ae 1 SRt fbia®s . Kl 3 Frs, IGRBRE T R 0.2322, [RIEUIZRifERf R iz b it
£ 92.49%, F IR FEUGREHE T i CBERHIE 5 I EAR S I 1 Al 4 5 BRAR . 1245 Bk AR AE )
AR PRI GG, Hit— Pl it a Bar ke de t. #50t, Vision Transformer #5228 75 43
KEMG TR, Bt — D4 iR s g /1.

EfficientNet Il ResNet34 A% Eb 2 2 fr, A W, Vision Transformer #:%4 LY, EfficientNet 1 ResNet34
FAR R AT BT P T, IX A RESZ 23 T Vision Transformer 3@ H VER AL SZEL T A5 D32 B, GENS 3K
ZRER, EH T SUHELR BN CWAES; A 7SN B iR A = FE B, A BRI A
EIE I 7 B AE B 5 Uk

1.00 0.98

Training Loss —— Training Accuracy
0.90 - 0.95} Validation accuracy
0.80 50931
=1 -
2070 [ § 0.90
S 0.88 1
2,0.60 - <
g 20.85r
£0.50F =
E 0.40 5 0.83 -
) 2080
030 3078k
0.20 0.75
0.10 1 1 1 1 1 1 0.73 1 1 1 1 1 1
0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

[&] 3 Vision Transformer #2 B ZHII57 5k R ERR R
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Tab 3 Comparison of Model Accuracy Across Different Segments
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