33 %% 3 10 mﬁﬁ%ﬁtﬂlﬁiiﬁﬂr%%ﬂi Vol.33,No.3
202546 A JOURNAL OF BASIC SCIENCE AND ENGINEERING June 2025

E S 1005-0930(2025) 03-0701-013 R 5255 . U455 SCHRPRIRS A
doi ; 10.16058/].issn.1005-0930.2025.03.008

ETIHRZINLRAEBRENHAZIPERRRE

& K, FEE, BREZE', A9’ XTF

FEE, KRN

(L.EHESEEABARAT, =8 M 654200;2. [ K2 AR TR T #4505 TR R, L 200092)

-

HE . AR EIBA MM X RR PRI EE LR RREE 7 e f R R &S %
AUTRFEARE RSN ENEE SRR ERIXP AR T LA AT o2 R
HIRKE HETEAS BEFESHN L REEE, BRESHAL SRS N ENEER NG
REERBMNESRERBR XA ERFIELFRT X T ELXESHE TR TR,
(1) T AdaBoost 7 R A SL I F 4 7 G A 45 5 5 H B E fn F1 8% 513K 0.960,0.978
0.966; (2) # T HAHLARA B VT A % R 3 5 4 € EF N, MAE=0.0416 .R* = 0.8275. M #4#% & £
5 #FERMITFERA, N EARGREEFRTERANEZI T EARARRETIENE &5 HEL
BRE R A, Sk LA G T A Rk K A

KHER . SHIR R RRE ; MHA IR SR B RS R ST R R

Wit ¢ ] S o0 245 AN I )™, AR 2 22 P i i DX L DX R Rk 3 Jt DX SRy A el i . (R f, Bl T 7
FONTE T ARG PR A e AT A S, DU RS BURR B MR IR it S8 WK A5 A 2 Ptk vl o AR
IR S5 2% R SR M 2E S BT N2 o B AR OC FME LIOR R 2, Rl A B R b, 04 S A
TR ISP R TS % UL TREE AT 5T, WA RO0 HTHT YT 20 2 o PO Bos (5
KN, 9 JE SRR B BRI S 07 S BRI AR | B O RS st A R T T A0 I e 14 R

LRI LU B T TR, e B S B st B A | 3 o 7 AR H 1 R A5 Ak DL SR (B AR
TR WD R AN R R SR AR S O G AR T A e i B BN ) A R SR R T
il T AT A 2 MR A0 S P 7 DR SCAP SO A T IR 30308 A0 42 T )1 0 R TR U ) B 87 90 W 3 SR
Giige O R R I 1Y T B 38 PR o B i N 0 ORI A 2 I B R BRI T, SR
fih AT EAICTAR A O AF SRS Z PR, T2 AR R AR vy, Bz EWHIN S 246
SRR () ) A M TR S e, i B M e b O I RIS, R O 2 B i TR 0 A g ot
B A T B AR ] e — @ B iR T4 28 TR (140, 2013 4F 7 3 H I, TR w8 1 %
e 2k IR B (ZKT719+385 2 ZK719+377.2) KR8 J7 39 05 S BB ARIE il BLUA 54.7m* 1B 50
B 18 70 b ST SO R R T AR DR A . Sl S DA T RO R o - S BR  2E A
T WA S B TSR BE N A | JEk RUE B 7E P42 28 R I (E) AR e ) 2R S O AR A R A=,
2019 4FJ VYR i 3 L7 L DU A3 L1 BB G 3 T 26, B0 TR REMCEI T 1 S 3 i sh A ERR DS T 5 |

AR , [ BR L Wi ] 5 THLER AL SE 10 A A R AR SRR o B B HARME L AL
I MR, BRGSO P A AR TR LA A5 8., HLERAE A s R AR REE ™ S B4R 0 1 20 HL
BRI S IR, AT R T 2 AR IR A X T5 0k T4 A 4 b X o, 58 38 BE A T A% 1 i) B R B 45
VAE T

%5 B H#A.2024-11-13 ;84T B #§:2025-03-13

BEEWE . 2mAsclB i TR H (2 5CBHE]2023] 146 %) s M A T L R TAEM (202205AF150015) ; 2 Fg 28 FHE AT TR
i H (YCIC-YF-2022-15)

TEE BN 4 BR(1992—) , 5 i+, @2 T2V E-mail : tongyue2014@ yeah.net

BEEE: T ER (1999—) WL 584 . E-mail : 2330992@ tongji.edu.cn



702 N RS TR AR Vol.33

T L1 B 3 F) Bt R 2 TP, 90 ST SR B S, X EARTE R LA T AL A 60 A4F B9 LT3 o 5
MY S 4 S A P BR A B A2 1Y L 0 0 A, 7 L A A RS AR S Bt v, 4 e B T A2 T
TG B HAFTE 22 5], Sy G B I S 7 SRANS O 0y T2 IR0, A 19 A 7 58 VR AT 32 A
LT NI S5 B S 805 B SR 7 S B R SRS RTS8 o — A B A5 7 1)

AT LS~ 071 W RBAE AT S A o) | AT ey MR AL TR B i o3, F 455 Bua st
FEL W 17 TE 31 B AN 5 1 53 B X A S S A A T A, DT AR A5 500 - B AR 0 30 S B e O 3R TR
SRR N U, FR 23 2 ORI RO PR RO Sr 1 R TR 2R SR I | D R T R MR i S iR
PET B S Leu 55 4R —Fh S TN T R R 25 (ANN) ORI 2 98 75 0%, T T30 g 3 S 4 i A 1.
T IF R T BB B E 2 R BT R T, 3 e o DKo R T I B T T T Bk B R P, R R
AIER R BRI S 10 e 4 2B, it i TARBE T 27 Jiang 551 21— Fiofs SCRF [ AL (SVM) |
R FREFL (PSO) SEUEAHT T IEARGS & 1045 A AL 7 i T BRI SRS S (5t . Ph rh Bk 361 1 Hc i
JE e CAD -5 Mgt 1 B Bt Bl Ae AR IR 2 Sl T B i R S S 50 A S s, I e v
BT SH& B AT Eldert 551738 ik BE B H (MWD ) B2 AR SR T1 1 Xt 742 81 if 7 2 UK (8 TUDRS 32, A
B SRR

TERCHE K 1 Bt TS e SR 05 T, R A R IR B 2 ) TR R 455 T R A 25 42
TR T K GBI TRz T 2L B 0 AL AN s e )2 i Ak Y A 2 IR AR 42— R T
F YRS NATM BRI TF 42 0 F 432007 6 Erharter 5512 e T oAb 2% ) Bk 4@ Hh — > B AR AL BR G IF
2R I RE SR AZHE SR LA 28 B RLE 420 EL AR, SR 436 o o 0 F 422 SRS A L (A2 4B IS L 45124 0 T B B )
Bl PEICT od R el R R R ) G TR LU RE 6 RS R M T — LT R
AN AR ZE 0 2% (ANN ) 524775 58 T A6 A e o2 4682 5 o Wi 4 SR 300 s 7 o T T vl R e i
JE i it MARS SEEAS AZ TARE AR E M, JF A 1 BB E LA 28 s A ) 2 2 R RE R Wi T A RS 2
[ EPERT 7

ARWFTEARIE T 2 R T AR 20 JAE BRI Fr) TR SR , 0k 0 i T T s A 589 1 i O T LTS5 A T X
PR SReZS X 2RI E KK 155 5 A AN R b 0T 45 0 7 R S 2 B 26 DI T AR TR AR B & A 3 7 KA
T R LA L AT TSR S i, AT RE S BU™ E B A S T IR B R X SN WM I A R 2 A A
T G g b X I 5 T At PR R R AR R T AR SR AR I, AR B Al 1 R S B
BRERHITIEBA T IZ BT .

ARSCEET B9 S Bl , 455 IR RO 2 B AR B i T BT MU P W 300 S P S RO UL, a2 T Z2 AL
it o B R T A WL A S A AR 22 4 B AP O S TN B AR R R LA AR — E R bl B
TEBE I it T B ) 34 T3 58 KA AR B ) B A PR RS JX — 7 D TA AT B T B DR SR T A e 2, W R s 4 A
PRI TR B B 7 55 A KR, W RE RS 1E S SRR Y5 & BB JRIR 2%

1 #RTESHEFRIE

1.1 BUZEERE

ABIFTE S IR 23 (i BRI 2 22 SR e 19 432 TG 24 IR it 500 A S 5l P 1 SR R B R AR
B A X — AR A T B, AR T 10 Ay AR 7R A IR 1Y AR T UGG T TR R R TE S A RRAE [R1R
Bl PEAE DI AL T e B8 BAR Y FE AR IO A B 15 LS D R T AL ALSE A R RSB T, AR 5T R
A BARIT E 857 ) AU 28 X 2% ( Convolutional Neural Networks, CNN) X} T AF i B2 347 FR1E R ) 5 w1k
SN B UE R, R RE SR BOUR G031 T 4 28 A R ERAE , £ 45 B2 45 40 25 ) (RCS) ) #5532
(WIA) ' Jts KA (GWA ) FIZEA (GWC) ™ LR 2 S 80 ( = Wifh PTA e KK TL,, TP KE
TL, B (TD) GREE (TI) 7 &5 AR F0RE O AR S J I S8 M i 5 R, I0E— 25 B PR B SR 2
AR SAP YA TAE Ve AR i A SH5 55— 5 T, 22 sk =0 6 07 v D) P 77 R BBCA R 1) SR R 5 B2 (UCS)
FRACFRE (WD) A% 3 AR T ) A A i o 28 37 B s 24 D00 3 45 Ay B e s i B iy XA 7
DU B e o R [ S84S5 5 4 AT DA BB 0 S TR (H) LU BRI E 1] (TS) h 303 TR T 3hid %
I AR AR R A R 45 6 T 2 Ak ORI AR Ak =X T i | DT 25 L b 3 25 14 T



No.3 A BRAF T AILARAE T B0 L 23 i BESE 0) 391 S48 RE DR SR 703

XN AR, AT AR i—2H 13 2 ) 22 5 5 K0 ) R A 5000 128 48 s 9 e B 00 1A X 24 i fe )™
ZRIIE AR RGNS I ADHE RMR Q1" [ISRM™ K BQ '™ 45 A Sy lix 26 Z 5t hiff s 1T 3 k2%
FEPR: (1) AR ESL I BRI, (L5 A RS I 2 1 BRI 22 5 (2) Rl IS AR e, (048 5 PR R0
L5k e AL REE R R OKAE ; (3) BRIE AT (S LA 1, L0 BR TE SRR MU 25E R 55 18 1 7R T 2%
FHAZ b ORNAR A2 A I D7 305, 20 R A L e B T 8030 12 v 1949 10 A5 R 3 A7 P o S R UL A
GRS R _E IR S B SR SR Y i A S L

HF-CNNI)

HEFCNNF)
Fel {575 SR

P 1553 BB

HFFXWIA

AL | BEAR2 | BEAS
RSC | M | WEme | Bl

GWC | FJ | |
GWA| 0 0 0

WIA | 1.441 | 4718 | 3.102
TI, |0.722 0533 [ 0.533
Tl | 0.951 ] 0.612 | 1.189
TD | 4.183 [93.082] 51.247
TI 0 [ 7.321 [ 1.046
PTA [125.33565.783 [145.407
H_ 1654 | 191.8 | 204.4
UCS | 57.31 | 35.85 [ 37.29
TS | 48.1 | 793 [ 749

WD | Rk | 5K | 38R

HRKIHAWD

HEBUH AR T

i3 HE R H
Figii 7 ) TS

______ “qmmmg--mmmm -

ZK91+820 ZK91+860 ZK91+880

BT A MR AE AR ARG 7

Fig.1 Acquisition and extraction process of major rock features
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Table 2 Parameter types and data characteristics of the enclosure-support scheme database
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A S5 H 25 RSC - 2.489 1.229 1 2 5
R K25 GWC - 2.406 1.200 1 2 5
R KA (FFAE AL ) GWA m? 8.493 7.826 0 7.824 26.593
HEs X mAR WIA m? 3.521 2.752 0 3.051 10.330
ST TL, m 0.503 0.230 0.022 0.522 1.122
B KK TL 0 m 0.922 0.258 0.283 0.928 1.637
A S SAR ™D - 40.309 23.346 1.046 36.605 103.540
SRR TI - 7.801 6.383 0 6.275 25.101
F B PTA ° 97.705 50.636 3.378 113.309 186.849
% 18 HE R H m 221.624 87.352 68 217 370
RSk B WA RUITYE ucs MPa 20.084 12.247 3.55 17.50 54.89
(SR E ] TS ° 61.481 18.827 14.1 63.6 89.9
AR BE WD - 3.150 0.996 1 3 5
LR [ENES SP - 2.992 1.490 1 3 5
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Table 3  Database of perimeter rock-support parameters

FEA G5 1 2 3 4 5 75 76
RSC etk e Yotk IR i Yok Yotk
CWC BTAE piralii] LARIIK 7K piralii] AR K T4
GCWA 13.827 4.842 17.589 13.357 13.737 13.227 0
WIA 3.778 3.834 6.001 4.269 2.807 6.727 2.722

I, 0.422 0.289 0.589 0.811 0.411 1.122 0.422
Tl 0.518 1.323 1.102 0.613 0.581 1.637 1.043
WS D 35.559 20.917 6.275 25.101 28.238 1.046 14.642
TI 2.092 10.459 4.183 7.321 10.459 1.046 0
PTA 40.031 3.378 154.328 169.71 139.405 174.588 137.081
H 360 292 330 248 353 299 282
UCS/Mpa 8.53 15.69 17.46 15.97 12.61 24.02 6.45
TS 84.1 16.9 48.9 60.6 70.8 86 61.7
WD ENARA Ak XAk AL A XL FK AL XAk

Ll 2 Spacing 0.6 0.65 0.6 0.8 0.6 0.65 0.6
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Table 4 Database of pre-treated perimeter rock-support schemes
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RSC GWC WD GWA WIA a UCS/Mpa TS

0 1.0 2.0 1.0 0.68 0.09 -0.95 1.21 3.0
3.0 2.0 4.0 -0.47 0.11 -0.36 -2.38 3.0

2 1.0 4.0 4.0 1.17 0.90 -0.22 -0.67 5.0

130 4.0 2.0 3.0 -0.09 1.07 0.04 0.65 1.0

131 2.0 2.0 2.0 -0.81 -0.74 0.90 0.14 1.0

132 4.0 3.0 2.0 -0.57 -1.28 1.29 0.95 1.0
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Table 5 Combination of features

=
=

FAAELL &
F-1
F-2
F-3
F-4
F-5
F-6
F-7
F-8
F-9
F-10
F-11
F-12

=
w
3]
Q
)
Q
=
=

WIA
\/

TD
v/

~
—
=
(an}
o)
w

g
g

<|=

LR R
< Q< R <<z
LR R LE
R < <
LR <
LR R R <
LR R k< <
LR R R R R R
LR R
R R R R
R R R SRR R
R R <
LR R <7




706 N RS TR AR Vol.33

Shr AR 7 S SR S A SR S A SR M TR T SR P W 2 S A3 A Wk T 8 PR AT I 4 B B
RIEATERE Fe e, A B B BE (LR ) | SZREm S AL (SVM) (K Felr 4B (KNN) (B3R # (DT) | Bl AL 7R AR
(RF) | iGN 2T (AdaBoost) R EEHEFH( GB) R BRAR BEHE T (XGB) MEAMI AT ZE A 44 AdaBoost 5.3 Fl1 RF
B Adaboost VL AL AR AR AR 5 550 AL A, WA AR T 3P 5 243 AT 55 v oxt 22 5 52 B 4K
T 1 A PR . LR AR A A IR A ML, R 013 FH T S rh SRR RR IR (IR 55 X 03 Ai B )
SR SCARAE 1 22 S AL A3 BO T oK, REA2 RA A b T 4 1158 22 1) RABULHE KUK 5 BEATL AR AR 74k A Bagging
SE L5 FEAIL T2 18] SR 3 20 A4 3 22 AR SRR SR AL [T A T30 Jr 25 3% P mT B S 4 S8 i op R - ik S
AR AR A 5 R A LA 8, WA R AR IR S 2 HE Y, O TR D SR SR A0 vl A Rt A i . — 2 7E 43 25- 1]
TS5 i B AMES A5 A S e pe i vh < Jr Bk - S H0R AL OB B TR oK

XPANRVRFIELL & T S 77 G2 TOIASE 70 1) B8k M S8 R A TP LR T 3k 30 UE A v 422 1 P R i 25
212 FERAE A AT 0L, IR R BAE 2 A A 8 VN ZRIg (R By AR 804 s T Sy 1 491 ) R AR 5
B R AREARE LU (B, AR 20N B 2(a) Fros PR MR 2.

MRIEPFLAEH(E 2(a) ) HFIEAE A 10,1112 BER R T AT 9 M A A B T, A g 8k
o KNN Bk AR I o AN R R (A 0.524, B AR T HoAth 7 R L A0 4418 (0.735~0.819) . 4 )i
FE4 4 F-10 F-11 F-12 DL J% KNN Bk ph 4%

XS G AL R S AT (B 2(b) ) I S I BIRIMER R R4 (£ 6).

—¢— LR —#— SVM —&— KNN ¢ DT —%— RF —8— AB—— GB —— XGB —+—LR —=-SVM DT RF —%—AB —e—GB —— XGB
1.0 1.0 m
0.8 0.8
¥o0T N
E 06k £ 06k
£ | @ )
0.4+ 0.4
02 FI-] FI-Z Fl3 F14 FlS Fl6 FI—7 FI-S Fl9 F-IIO F—Ill F:12 02 Fl-l F-IZ F—I3 F-I4 F-IS F—Ié Fl7 F-‘S F-I9
FIEALS FHAEAL A
(a) BT SRR AL A5 T w3 (b) Fiiide J5 B BVE AR AL T a3
K2 BAEEARRFEL ST A HER R
Fig.2 Accuracy of each algorithm with different combinations of features
F 6  MAEEFETEAFRELL S T B9
Table 6  Accuracy of the optimized algorithms with different combinations of features
WA Cikaebi B
LR SVM DT RF AB GB XGB
F-1 0.839 0.816 0.924 0.936 0.893 0.837 0.925 0.881
F-2 0.881 0.966 0.946 0.946 0.903 0.880 0.925 0.921
F-3 0.859 0.859 0.924 0.946 0.902 0.837 0.935 0.895
F-4 0.828 0.870 0.924 0.935 0.859 0.849 0.925 0.884
F-5 0.870 0.849 0.924 0.925 0.913 0.849 0.925 0.894
F-6 0.839 0.826 0.935 0.915 0.923 0.848 0.935 0.889
F-7 0.839 0.838 0.924 0.957 0.913 0.837 0.935 0.892
F-8 0.839 0.858 0.924 0.946 0.924 0.848 0.925 0.895
F-9 0.828 0.870 0.924 0.946 0.904 0.849 0.925 0.892
BRIE 0.847 0.861 0.928 0.939 0.904 0.848 0.928

RS R AR R R IR AP 3 ANRRYUCH RF 595 XGB S35 H1 DT B9k o RF Rk
R FEFAEALA F-7 T, s 5 8 i =i {E 0.957.

XGB LA AR & F-3 F-6 A1 F-7 BF R 2, ERR R IA 0.935. 38 TiX 3 PMRELA A 19 Fr
FOE T 1S BRAELALS F-13, 2500 XGB FIETEIZ A G T R IR * B4,

WA R AT, A5 SR o I T R A A RRIE LA (3R 7).
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Table 7 The best combination of features corresponding to each algorithm

RES LR SVM DT RF AB GB XGB
FHEA & F-2 F-2 F-2 F-7 F-6 F-2 F-13
RSC vV vV Vv Vv Vv vV Vv
GWC vV vV vV Vv vV vV vV
WD vV vV vV Vv vV Vv vV
GWA Vi \/ v
WIA Vi v/ v
T, vV
T Vv
D Vv vV
TI vV Vv
PTA vV Vv vV vV vV vV vV
H vV vV vV vV vV vV vV
ucs Vv Vv vV
TS vV
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Table 11  Hyperparameter optimization results
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Fig.3 Comparison of the fitting results of the training set of the three algorithms
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Intelligent Decision-Making for Initial Support of Mountain Highway
Tunnel Based on Machine Learning

TONG Yue', FANG Yuzhi’, DUAN Zhihong', ZHOU Mingliang®, WEN Yuanyong',

HUANG Hongwei’, ZHANG Dongming’
(1.Yunnan Xuanhui Expressway Co.,Ltd.,Qujing 654200, China;2.Department of Underground Architecture and Engineering, Civil Engineering,
Tongji University , Shanghai 200092, China)

Abstract

To address the challenges of real-time construction information acquisition and low historical data utilization in
initial support decision-making for drill and blast tunnels, which lead to compromised timeliness and safety, this
study proposes an intelligent support decision-making method integrating machine vision and multi-source data-
driven approaches. Leveraging construction data from tunnels in the Yunnan Xuanwei-Huize Expressway project, a
multi-source database containing 13-dimensional feature parameters was established.These parameters were acquired
through convolutional neural network-based visual extraction, on-site recordings, and laboratory tests. An ensemble
learning framework was developed to construct dual prediction models for support scheme classification and
parameter regression: (1) An AdaBoost-based classification model achieved intelligent support scheme selection with
precision , recall ,and F1 scores of 0.960,0.978, and 0.966, respectively; (2) A Random Forest-based regression
model realized quantitative support parameter prediction with MAE =0.0416 and R*=0.8275.Through grid search
optimization and error cost evaluation, both models demonstrated superior performance compared to conventional
machine learning methods. The research innovatively combines machine vision with multi-source data mining,
providing an intelligent decision-making framework for initial support design in mountain tunnels, with significant
practical value for engineering applications.

Keywords :drill and blast tunnel ; initial support; machine vision ; multi-source data; ensemble learning; intelligent

decision-making



