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Intelligent detection method of lightweight blasthole based on deep learning
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Abstract: In the construction process of tunnel (roadway) drilling and blasting, intelligent charging can replace manual
operation and reduce the occurrence of dangerous accidents in charging operation. However, some factors such as poor
light conditions in the tunnel, small blasthole targets, and cracks in the tunnel face will cause the misdetection and missed
detection of blastholes during intelligent charging. At the same time, the limited computing power of the vehicle-mounted

computer is also a difficulty that restricts the use of large models for blasthole identification. The MCIW-2 deep learning
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model can solve the problem of high-precision blasthole detection and real-time deployment in the tunnel excavation en-
vironment. According to the size characteristics of the collected blasthole images, the model adopts the adaptive anchor
frame clustering algorithm module to optimize the aspect ratio size parameters of the detection frame. The loss function
Wiou (Wise Intersection over Union) with a dynamic non-monotonic focusing mechanism is used to deal with the chal-
lenge of low-quality blasthole images for achieving a high-precision detection. The MobileNetv3-Small network and
CBAM (Convolutional Block Attention Module) are used to build a backbone network structure, reducing model paramet-
ers to ensure detection accuracy and meet the lightweight deployment requirements of vehicle equipment. Experiments
have proved that the MCIW-2 model has reached 96.18% accuracy in blasthole recognition, and the detection speed has
reached 59 fps. Compared with the benchmark YOLO (You Only Look Once) series target detection model with the smal-
lest file, the lightweight blasthole intelligent detection model constructed is reduced by 75.86%, and the model file is only
2.80 Mb, which is better than the benchmark target detection model of the YOLO series. The MCIW-2 deep learning mod-
el is used to test the live video of the working face, and the rapid and accurate detection of blasthole is realized. The test

results show that the model is suitable for the lightweight deployment requirements of intelligent charge engineering, has a

good adaptability, and some significant advantages in comprehensive performance.

Key words: blasthole detection; lightweight model; object detection; deep learning

R R bR CBIE) TR T EEFR., T
NFERE LG VE MDA A K T 5 55 3l B K | it T35
BEW 4 Fif T SCR AR S [l 8, B B IE R B B 4
AR, Wi BEIE CEHE) it Tt RT3 B 2445
AT BRI (R i T A e e 25V 7 v, 7]
PLAR R it TN 53 A f BRI OO FNAE s 4= . 2015 4
FEFEH T A E T 20257 g, KR RERIYE . A e
W B R EE AN, BN AN A E R
S, R SCERRTE A Sk R e 2 T AR IE (B
18) Jifi TSR e+

H b 2 11 LA 8 23— A B BF 5T 43
32, HAT 55 S H0 W G v 2 A5 A A 75 2RI Y H A,
WSRAFAE B AR AT E Ar T 2 Ay A
B e 25 b i AL 5 e A 2 — A B Al
1155 . FER R o b, S B R TS
{5 BAbHH AR S T ML A 3hiR %], ADRIAN 251
I O EACGNEESL, I EA TS B
FEVETTRIAHVCEC, 3 I8 m R4 St fL
SENL, B LAY F B AE B AR BB IE e T80
A g PN T O LA RE AL 2 LG
W77 X, 38 2 FE T LR B 0 R AR, fd
B HE Tk AR HLFN PO AL 825 K 2 IO L i 25 1)
i

Rt 1A RE T M ER T, B R GRS A B Y B e
EALEORIOR, JETF U 2= > 1 sl ik 4 fE
AT 4 7 PR AT e B A A A YR R BT
TR 27 21 1) AR 5 15 AR 41 2R AL 2 AU i AN ] 1T 4y
4 2 Ff: L R-CNN(Region-CNN, R-CNN) % 1] 75

PR AT B H R S 7, LA 2 5 T IX B Y
F s L YOLO £ 4111 SSD(Single Shot Detect-
or, SSD) FR AN i BB B HARKG Ik, H4E
P LT Ry i ) AR Sk, — BB RE TR A A )
4 B ARSI AR 29t P B P LRSI | . kT 1)
i 1 43 5 e SqueezeNet 54 fa 4% 119 45 B 28 ) 45 Al
B2 ResNet-51 (45, #4741 3L F 2 Faster R-
CNN AL Z AL 5 24 IR XEM LAY B Ax
o ALY, S S AT AL IEMR 2 R . 2 2R IERL &
FIHE S 25 A NMS(Non-Maximum Suppression, NMS)
ST IR BN EL SR, AR T X A LA e K TR
S5 RE AL, 8 S 22 R R A T EE B 29 5 NMS
ZASRIXEMAL I U8, 153 1 kG A A R0 24
LA R AR AL A S o k! R-CNN
Faster R-CNN, YOLOv2 il SSD512 % 2% 45 ¥4 43 | #4)
I T HALPUNGETE, 25 R YOLOv2 5 SSD512
TEAGHM 3 4% Faster R-CNN R, (HE7ERE B Hi%
A Faster R-CNN 15

AR BE TR B ) B AL R AR A ) 28 g —
S RG BE, SR, 1o A R ARG DN 25 SR R 7R R 2 R T 2
> g RS RO SR S, B TR A S B
ARGEA, AN RN HERR )13 A B e g
it 2 R Tl 2R K O ) e, ROR  2 1) R FE A
RUFT AR GEIR 2 PR PR s 47 A RE A% 55 L7 49155
H N o B A LR A T2 — A iR T Tk R 2%
HEHR TR 2 S AR, T DA TE G 00 A R 8 )
HIE T, B LRI AR AR ] 235 5 TIEM AT &
AT R AL SRR 0 AR N D7 . H AT,



553

S HE T IR ) i A AL REAGIN 7 1% 2249

FE AU IR 2 > B R A, X i Ak LG
DA AL () A S BIF I IR 5/ o % i b v A R LA
BREHY ] 8 ) B 25 4 b, SEPUAEAS 58 U FL A
AT 55, X8 R A FLAS N 5% | HEBh g1 (s T2
etk R AAEENE L FEARVIEH, 25 1 17
R 3 T T AL U, QBT A T ML R A
BEAY MCIW-2, 45 FLAS I () A AE K 58 L SR 2 Bk
A A FLA REAG AR Y, f S0 B T RS B s L A
35 3 BRI A A 2 O ML RE A DAY

1 BENEFLERERD

1.1 HiEEsRaiR

N T AT 2R R FLIE T, 7RI AL IR A
BB FERE_ LT T 14 B9YIE], A 1 R, H—
SR Ae B A B AT 4 KBRS AR5
VIEE (18 A Bl 5 I an Bl 5 1 o i A M FL A
Ptk o E xRS A UIE, AT LARAT 22 R M
FLIER, % 4= WA LI B A1 | 3 et FLAG I AL
TR R E AT PEREAE I

4]

1 LR PR T

Fig.1 Four-segment diagram of blasthole picture
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Fig.2 Blasthole image cutting operation process
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Fig.3  Structure diagram of lightweight blasthole intelligent detection model MCIW-2
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Table 3 Ablation experimental results

MN3 1A CBAM Wiou FIRERIZR /% A 15E/% BRI SR/ Mb SRUlEEIEN N
94.98 92.15 11.6 52.08
J 92.06 88.73 8.22 39.71
\/ \/ 93.54 91.96 8.22 39.89
\ V 94.49 92.03 8.22 40.34
\ v V \ 95.21 92.29 8.22 40.71

3 IH AL LI A 45 L R B MN3 ., 1A, CBAM Al
Wi H5L R X5) Xo) i i A T8 S 247 9 iy S5 ARG I 5k 8 R
WRPER o i P AR 5 LA, S A TR 3 T

VT 4%, [a]EF, AR FRURG 3 E  i2 13T 1%
R TR R AR RE A e FLAS AR AR, 2 2 4R
RTINS B H XSRS . 2EE I HE MCIW-2,
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Table 4 Comparison of multiple detection head test results

BRI ST LR % B ER/% BRSO/ MDD il /fps

MCIW-2 96.18 93.07 2.80 58.72
MCIW-3 96.14 93.45 7.27 48.31
MCIW-4 95.91 93.03 7.84 40.03
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(a) IR
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5 MR MCIW-2 5 YOLO R 515 Fbah iR .
WL XT R 5, AT A& MCIW-2 7 1 38 /M
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Table 5 Comparison results of model MCIW-2 and
YOLO series

BIUAAFR SRR AR % BRSO/ INMb A /fps

YOLOvV5 93.25 90.24 14.6 43.25
YOLOvV7 94.98 92.15 11.6 52.08
YOLOV8 94.06 88.87 21.4 35.61
MCIW-2 96.18 93.07 2.8 58.72
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Fig.7 Annotated renderings using adaptive anchor frame parameters
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Fig.8 Comparison of micro hole test results
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Fig.9 Application and testing effect of model MCIW-2

blasthole detection
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