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Abstract: Aiming at the limitations of the current debris flow source detection algorithm, a YOLOv5s-GCE model was
proposed. This model introduces CBAM attention mechanism, Ghost convolution and EIOU bounding box loss function to
improve its identification accuracy and efficiency. In order to verify the detection effect of YOLOv5s-GCE model, it was
compared with YOLOv4 and YOLOv5s models. The results show that the average accuracy of the YOLOv5s-GCE model is
95.4% , which is 2.5 and 8.6 percentage points higher than that of the YOLOv4 and YOLOv5s models, respectively. The
detection accuracy of YOLOv5s-GCE model for debris flow source is as high as 96% , and the detection effect is better. The
particle flow numerical simulation method was used to study the migration law of debris flow. The simulation results show that
the front end of the source body is destroyed and migrated in the initial stage, and the infiltration of water particles leads to the
increase of porosity and structural instability of the source body. The mid-section of the source body is subjected to compression
from the rear end and restraint from the front end, leading to a significant reduction in porosity, structural densification and the
occurrence of localized bulging. In the later stage of migration, a large number of material sources accumulated at the gully
mouth. The threat of debris flow to downstream construction facilities is significant, and the soil on the left side of the mid-

section of the source area is the most threatening in extreme weather. The research results are of great significance to the
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prevention and control of slag-type debris flow.

Key words: Slag-type debris flow, Source identification, Target detection, Migration law, Numerical simulation
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Table 1 Test hardware and software configuration

T30 A0/ 0 A T A R A /B S 8
PER S Windows 11
VR 2 ) HEZ4R PyTorch1.10.0
CPU Intel(R) Core(TM) i5-11400H @ 2.50 GHz
GPU NVIDIA GeForce GTX 1060 5 GB

FIG 5 AR ST IRE S 640 1238 X640 R R A JZ
MYEEECH 3, LA FRAIREASECH 4, N i
0.93, #47 500 YIEARYI L , A H 308 R AL 40.000 5,
2.2.3 M 48R

K HER R P OFYIRS EEYE mAP S 80 Ot

BRI SN R T X, HEFIR P
FIEPHE B m AP (AR N,
TP
P =T1p+Fp 2
EAR
mAP =-"° (3)

n
K. TP F27m B SR B A o B 7000 ) 4 A 550
FP FoR B ARR I H AR 8 5000 Sk B A5 0 A A5
AP, RN« DRV IR Em BaREH B
2.2.4 YL 50 %
e A U8 H A R A Y125 RS 0 A 8D A (5] 4
FTR

‘ﬁ%%ﬁﬁﬂﬁ‘f BRI ST |
| EARAER \
RIRHEE | AR

Bt YOLOvbs R

| WBRRETR RA
AUESBERS  mm | gmEE POV
ﬁ%ﬁ RIER. cBAM %Ry ARE

RE
.  GhostConv A

CIOU

|

pLyediopE
1 ANYOLOV5sI %k

HiRESIE

4 llgRFnE g 72

Fig.4 Training and testing process



5{\ v%" ﬂ;/ }?‘

JWEERR AR RAARNZESAERR]]F LR E T4 ,2026,46(2). 171

T 3 I R AE B ERAL BRAR S IR 4R TR
P B, B 3R (0] A5 R A AR AL B S 8, & 2 IR AR
Joi A BN e AR I AR ISR AR AT S IE
2.2.5 ks

REUE YOLOv5s-GCE 8k (A i . 43 ) 78
JH YOLOvSs 8l YOLOv5s-GCE #5583l 45
Ve A IR B L 463 500 YRR USRS L X Lty
T T o 455 8 ) I 4 % o B Ak it 2 BT 34 RS B 1
AR A 26, 25 R AN 5 R,

6 L
5 L
£, YOLOV5s
o
K
= 3
2 L
YOLOv5s-GCE
1t
0 100 200 300 400 500
R IR/R
(a) BEEE
100 yOLOVSs-GC
8o
X
g 60 F
) YOLOvbs
' ol
& 40
ol
20

%050 100 150 200 250300 350 400 450 500
P
(b) FIREEHE
Bs5 BirkilmRailgsgR

Fig.5 Training results of target detection model
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Table 2 Comparative tests of different models
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Table 3 Mesoscopic parameters of simulation test
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Table 4 Mesoscopic parameters of soil and water particles
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Fig.9 Particle distribution and morphological

characteristics of debris flow migration stage
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