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Obstacle detection on mining roads based on multi-scale feature

fusion and attention mechanism

LI Gang, DU Yabo, YANG Qinghe, MAO Mengying, JIA Dongping
(Mining Institute, Liaoning Technical University, Fuxin Liaoning 123000, China)

Abstract: In order to solve the problem of travelling obstacle detection in the context of complex open pit
mines, a mining road obstacle detection algorithm based on improved cross-scale feature fusion is
proposed. Firstly, to address the problem of unbalanced small target sample categories in the original mine
dataset, a data enhancement method based on geometric transformation and weighted Poisson fusion is used
to expand the number of samples. Secondly, a cross-stage connectivity network that is more suitable for
obstacle detection is proposed in the feature extraction stage to increase the detection scale and improve the
algorithm’s learning ability of the small target features, and then a 3D parameterless attention ( SimAM)
and de-weighted Bi-directional feature fusion pyramid network ( Bi-FPN) are proposed in the feature fusion
stage to improve the multi-scale detection performance by enlarging the predicted feature map and feature

receptive field. Finally, to address the problems of sample imbalance and imprecise obstacle bounding box
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localisation in the training, the quality focal loss function ( QFL) and the scalable Intersection and

combination ratio loss function (SloU) , which combines the classification score with the quality prediction

of the position to improve the localisation accuracy for dense occlusion targets. The results show that the

improved method can effectively identify unstructured road obstacles in open pit mining area under complex

background, and in practical application, the detection accuracy reaches 91. 88% and the detection speed

reaches 68. 7 {/s, which has a better performance of small-target and multi-scale detection compared with

the mainstream detection methods, and it can satisfy the requirements of obstacle safety detection in the

travelling of unmanned mine cards in open pit mining area.

Keywords: multi-scale; feature fusion;

data enhancement
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Our Model 640x640 91. 88 68.7 17.80 20.77 76.51

SCH R Y ARG IR R AR 1L £ b A % T R R
SR JCie ] i 2 AR B v ff ] 5 B
RN B AR, Bon i TS AR, B X GH B p g
Yk 25 RN E 8 Fras , e A I AT e A7 76 2% SR Y 1Y
Yy selh 2R RRAERN A 2 HARE L A AN ELE B
HET O R, BAS IR 0.9, AL, & Ak i H iR
2 RUBEREAE A 10T 46 97 1) B A /N E A, W6 2 T 58
R XA A [ [R] F o  A DU 5K
3.3 ERANERRHIEHEZESH

SCHBETHIY 3 T AR S RRIE B OB A ) T if
1155, RS 2 T4 55 3 5 T 58 A 1 9 REAE
FR  AEBIN LRI Befdi ] €OC02017 KA & 1% 43
FBAREIATIN LR VBN R 2= 2 M IL A R, @
T I AE I 25 AN T AR AR RN A BE ML 4R AL 2 R
523 48 FH ECBR 1Y CSPDarknet W 2% | 2 E )5 1Y
CSPDarknet+ 3 TR Z57E VOC $dE4E Eib47 %} il

Y5, B UEIT R 7 > 1) b SR FIRCHE 32 1 I 2% 1 A A%
P, AT FE T W4 245 R K9 fr s,
CSPDarknet_pre £l CSPDarknet+_pre 4351 R {di F T
TN GRALE 1Y 2k 3 T R0 28 AR Rkt 1) 3 ) 2%
F  CSPDarknet _nopre A A< i FH I 25 A T Y Ji

A E TR ZEARAL . CSPDarknet_pre A INER T Fi il 2k
B AR X FE AR AR, RepVGGAO_pre Fil
ResNet50_pre 73 7 0 I 2k 1 #0031 25 AL = A9 i 2
RepVGG HEHI 1 ResNet50 BERL, t Fhnzk 1 il
ZEAUE Y CSPDarknet 3= 1 W 2% 75 — JT 46 wit BB $2 BL
B BTSN RAE, 15128 F BRSPS 5 i
S BT A RENLAI UG ALY CSPDarknet 3=+ 45
TR T 3% , 2R3 87. 82% HINGIE
3.4 wRKEEESENEEERES T
3.4.1 EFRBRWHT

SHESUE CSPDarknnet + 32 - P 45 1E £ (14 A 2 M



2 WA T 22 RUBE AR IR Rl 3 R T AL B0 DX S e A - 95

8 WKEREFWRER

Fig.8 Detection results of road obstacles in mining area
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Fig.9 Training results of different backbone networks
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Table 4 Impact of different backbone networks

on model performance

. VOCH | wiliks | S8R/ | Bk
B/ % £/ % MB B/ %

Base 88.71 87.82 7.06 | 72.69
ResNet50 91.47 88.61 | 25.60 | 73.01
RepVGG A0 74.33 77.70 7.03 | 56.81
CSPDarknnet+ | 88.90 88. 49 7.79 | 73.30
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weight Class Activation Mapping, GradCAM )" fA[A]
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Table 5 Impact of different attention mechanisms

on model performance
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Fig. 10 Characterization of different attention

mechanisms based on GradCAM
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i | B | E/% | E/% MB MB 3.4.3 HRXKE SO
Baseline | 89.30 | 88.89 | 73.65 +0 +0 Ry iR — A E B SR S A RO X T X
SENet | 90.95 | 89.39 | 74.80 | +0.021 | 3.072 H AR INAT: 55 B9 R0, B il |, g6 25 5 I
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e e 00T OO
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Table 6 Ablation experiment
B HG | BRfr | ZRBF | Bi-FPN |SimAM| QFL | SIoU | VOC $UEASEE /% | W BRI /% | GUlRRS S /%
— — — — — — | — 88.71 73.67 34.24
Vv — — — — — — 88.71 83. 69 65.52
— Vv — — — — — 88.71 87. 82 72.69
— Vv vV — — — — 88. 90 88. 49 73.30
— Vv Vv Vv — — — 89. 30 88. 89 73. 65
— Vv Vv vV VvV — — 90. 89 89. 40 74.98
— Vv vV vV Vv Vv — 92.13 90. 56 75. 66
— vV Vv vV vV Vv V 93.21 91. 88 77.12
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