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Geological hazard detection algorithm in mining area
based on structured pruning
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2 College of Electrical and Power Engineering, Taiyuan University of Technology ,Taiyuan 030024, China)

Abstract: In this paper, a structured pruning target detection algorithm based on YOLOvVSs model is proposed to solve the problems
of excessive size, many parameters and difficult deployment of conventional algorithms in UAV inspection in mining areas. By
traversing the BN layer in the network, the y are sorted and the global threshold is set to evaluate the importance of the channel and
exclude channels below the threshold. The experimental results show that compared with YOLOVSs, the algorithm model is reduced
by 52.9%, the detection time is reduced by 18. 1%, and the average accuracy is only reduced by 1.5%.
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1.3 ETF BN BEHMEFHIEHL BT

TERT A BT A Z /i, B e AR I SR B i A
FivgiAl . B A T LATE fi 28 0 2 v i AN [m] b 55
P GIINAL R A JEHAE, SR AR R AR AT
DA X 45 f1y SR 35 4 R P P v 2 2 — e
PR 5 SE B, X TR A6 , B TE 5 A9 ER
Bz  REWEAG ., HI, AR SCRHEA — RGN
H 7 (8 S 38 TE W o, SR X IR A T Bl ST
PR3 R , 5 EAE BT 5 38 1 A Y — S [ 151
Tk A A R T A R b A LR
AN—E ;T T 0, T LAA SCHE RS B Ak 09 [R] B A
L1 IE DAL | DS K530 T8 032 42 43 HE ) T 0, AT
SCHLEIER AL . A SO RS B R IE S A —A
AR F ') e LIGE A o , A I ZRA E N 4
PRI, SR I X 48 s R A/ N A A T B, HLpA
AR RN U, 2 2 — 352 CNN rh
(4 IE 8 IR AR, A7 O — T2 X 4 75 1R 1

B, A RN TP AT,
L=X I W);) +a2ely) (D)

yel

?tt%ﬂﬂi’ﬂﬁ ( Batch Normalization, BN) &8 &85
ZHTEAR CNN ] DU b R 25 i) 1 25 5 5 42

AR g RE e PETS ) BN JE AT UR N .
A~ Z. - ~
AT (2)
o’ t+e

H, z 72 BN JZRHIA 5 w Fl o 250 ARy
(EAIBRIERE ; & 2B L FREZE D O TN A B IE 0 Ak
SRy B R AT ZRI T AL SR 2, 2T
BN 2 i i

TEME A SCHES BN Z g i 1 y 150
o 28 B A e ot 2 B8 A R, DR HOAN 7 225 | A
SN D SR IR 9% . BAACRUE, B A1
EHRGIA—> BN 2 M RSN 7y, S IER
AR XS AT L1 EWAk S ik g 2%



514

KB, 5. FETERAL BT AT DXt 5T 9 T AR I 5 12k 161

FRA R BN JZ 68 A i RO AR i R 5y 37 HE .
N T S BE B R AR SO T A SR 4 1
{H, B percent = 0. 4, XEWEAR LT EEDHRE
60% (138 1 , DL PR A55 A0 i A5 1tk v g, i i
percent @ﬁfﬁ'@ Y E"Jfé\ﬁ*ﬁiﬁ,ﬁgiugﬁ\ Y E/‘”ﬁﬁ
Rl Wz BRI A 42 e BB 6, it y
56 A, X RGN 1 y /N T2/ B {E 6 1)
WA TR 3 IE Y RO S E A 4 s iE

G CRER S DI RN o AV AN E SR TR S 2SR 5
P X 2 AT BT R B, Horh B AR TR 4 Y
e A RS AT 4 ) T K, SR L AT Sk R A B B
BRI

Pruned

Wi EERE
HiEERZE
4 BEHSEREE

Fig. 4 Schematic diagram of channel pruning
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Fig. 6 Training set geological hazard samples
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Fig. 7 Loss function changes during training

T PEAL Trim — Net £ 89 (1 P 58, 4% SCfifi ]
YOLOvSs B AR YOLOv3 —tiny #5580 X147 X A ] £
b ST I E A TR A AR A& 8 I, AT
8 PG A 1l 5 ¢ 3 T ks TR A5, D2 304 2 il Ry e
T IR, S AT B YOLOV3 —tiny BEAY
AR A5 5 55 =47 BY EMRCN YOLOvSs AR [ 46
SE 5 —47 M Trim—Net A58 (R G 45

(b) YOLOv3-Tiny i 4% 5

(¢) YOLOvS—s fai 2% 5

(d) Trin—Net A5 45 5
B8 AREHEEMBFRENRULR

Fig. 8 Detection effect of different models on geological hazards
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