PR O N
2024 (55 46 )55 11 11 Automotive Engineering 2024 (Vol.46 )No.11

doi:10.19562/j.chinasae.qcgc.2024.11.008

NI W NE I AR = il R

AR IS RAM B B RIRE, R
(1. KX LT RKFHFRZB AL TS, KX 430063; 2. KX LK FHEMSATFRER, XX 430070;
3. ZABAE B L R ART R LT P, XU 430063; 4. B EE, £ME 441053;

5. FIRGAEAFRAE ARE A FH AP, KL 430056)

[(FEE] M w730 DR 2 9 1l 3028 3 R G0 1% DGR R AR, SR T b T 7 T O R % L T50
SRR ST AT S R KBRS o 45T, AR SCHR HH — Bl T 0™ 38 AT A7 3 XA 59k . 1 e O i T
071 IR AL T BRUGARRAE M AP LA [0 B0, 48— 0oL A3 SRR ARSI T 2% 5 SR 0T 1 R 0 8 v A7 55 DX 3 il
ANGERE R, B — i [ 3 N 2 R 255 ) 2 T b Ak 4 SRR AR B SR AR 5 Je s, A i D T T T R BBOR MR 11
(5] R, 35— XL 43 S T T Ry AL s A . AR A T T AT g XER AR T EAT S8 4L T Deeplabv3+
UNet . DDRNet-23 . PIDNet,, A% 3C 53 BUS B AR RUR , 78 MIoU 2088 4393871 2. 07.2. 39 1. 87 1. 92 S (1 43 45, 7
mAce S8 TR 1. 78.2. 45 1. 84 (1. 86, AR SCHE U TN FH T H N A 08 4, 503iF T HAr 5 il
SRR RE .

KEW: BB AT F; AIITHRXIERN; E X5 E

Algorithm for Detecting Free Space in Underground Mine Tunnels for

Autonomous Vehicles

Chen Zhijun'’, Wang Chaowei'’, Wu Chaozhong'**, Qian Chuang',

Wu Huaizhu’ & Shen Guangjun’

1. Intelligent Transportation Systems Research Center, Wuhan University of Technology, Wuhan 430063
2. School of Computer Science and Artificial Intelligence , Wuhan University of Technology, Wuhan 4300705
3. Engineering Research Center of Transportation Information and Safety , Ministry of Education, Wuhan 430063 ;
4. Hubei University of Arts and Science, Xiangyang 441053;
5. Dongfeng Commercial Vehicle Technical Center, Dongfeng Commercial Vehicle Co. , Ltd. , Wuhan 430056

[Abstract] The detection of free space in underground mine tunnels is the key sensing technology for under-
ground mining autonomous driving systems. However, the characteristics of low illumination and complex working
environment inside the tunnels bring great challenges to this task. In view of this, in this paper an algorithm for de-
tecting free space in underground mine tunnels is proposed. Firstly, a dual-branch feature extraction backbone net-
work is proposed to solve the problem of difficulty in exiracting image features caused by the degradation of tunnel
details. Secondly, for the problem of incomplete detection of drivable areas in underground mining tunnels, an adap-
tive multi-scale atrous spatial pyramid pooling feature enhancement module is proposed. Finally, a dual-branch
channel attention mechanism fusion module is developed to solve the problem of inaccurate boundary extraction in
the underground mine tunnels. The experiments are conducted on a self-made dataset specifically designed for un-

derground mine tunnels. The results show that the proposed algorithm surpasses other existing methods such as Dee-
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plabv3+, UNet, DDRNet-23, and PIDNet, with an increase of 2.07, 2.39, 1.87, and 1.92 percentage points in

terms of MIoU scores, and 1.78, 2.45, 1.84, and 1.86 in terms of mAcc scores, respectively. The effectiveness of

the proposed algorithm has been validated through its successful application in real mine tunnel scenarios, particu-

larly for underground mining autonomous driving vehicles.
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534 95. 68 97.74
R 96. 17 96. 21
SIS 95.30 95.42
FRHEEHX 93.78 94. 83
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AN ) T8 RS B By An 181 13 iz, T LA 31
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b AR SRR BT AE AR T T B B AR AR
ENE.

() XK (e) ERHEVRHX

E38 T TDZ N [ T Y <RI L T R e B S

2.3.4  RIAMERMEREXS L

2575 X AR A ) Float . Param F1 FPS 5 £ 7 7 ik
HEATXS L . SEIRZERANFR 6 T n o BORLER X T K
AT 55 B SR g2 f AR BT, AR ) 2 80 i
FERITE 1SM Z N TR A 7 ik R 240 TR
AR, H A B 5 S S B AR AR A 12 BB IT AT 1k
W4 AE R AT AR GPU A % £ A5 L T, AR
TR S B2 45 bR FPS 1 HUAS 12. 24 1 4384, LR F
125 AL R 48 454 MobileNetv3+ASPP, 27 |, B ARI7E
R EE RIS B S B A AR
2.4 HEARISIEIT

“hy B UE BT B A0 T 9 i AT 3P L LA DDRNet
FEWE L B AR 4 4L L5

(1) MDFNet: {fi J§ MDFNet & T W % 18 #
DDRNet B+ M %% .

(2)MDFNet+SAPPM : 7 52 50 1 FEfilf I fiff A< 3¢
F2 1 9 SAPPM 4 DDRNet J5 A FRAF S AR He

(3)MDFNet+DBFAM : 75 52 5 1 Bl 5] AASC
P2 A9 DBFAM 558k

(4) MDFNet+SAPPM+DBFAM : 7 5256 1 24l

T6 1EBEIEERENTEL R

Tk Float Param FPS
SegNet 2. 860G 29.5M 4.22
Fast-scnn 0.232G 1. 4M 11. 84
Deeplabv3+-r18+ FCN 13. 565G 12.3M 10. 71
Deeplabv3+-50+ FCN 44.121G 41.2M 5.39
MobileNetv3+ASPP 3.487G 4.4M 14. 67
UNet + FCN 50. 738G 30. OM 9.33
DDRNet-23 1. 14G 20. IM 11.72
PIDNet-S 1. 821G 7. 6M 8.08
DDMNet (ours ) 1.731G 14. 6M 12.24

i AR SCHE H 1 SAPPM X8 DDR Net J5UA H#AIE 34 5%
i, H 51 AASCHE ) DBFAM AR

T Al S5 AN 7 TR T AL R 1 OKE
DDRNet ‘& 1 [’ 4 5 # & MDFNet, MIoU 42 7} 1. 02
AE 535 FPSEETE 0. 68, X # B, #HE T DDRNet,
MDFNet i T M 48 & 1T BRI AT L U T T FRAE
H TR R AT 1T

AR 8 T ol S 56 2 FHIH R S 56 3, MDFNet+SAPPM
5 MDFNet+DBFAM F 19 9 41 4 43 %1 i MIoU 2 7+
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RT HEZHER

ST 1 MDFNet | SAPPM | DBFAM | MIoU/% | FPS
DDRNet 94.23 | 11.72
MDFNet N 95.35 | 12.40
MDFNet+SAPPM | ¥ N 95.70 | 12.32
MDFNet+DBFAM |V N 95.59 | 12.20
SA;ﬁi::;:;ANI v N N 96.10 | 12.24

0. 35 F10. 24N 43 5, FPS FF£0. 08 110. 20, 1] I,
R AIE 35 55 19X 4% SAPPM f) 5 - fif A A5 7R R A L 2 R
JEE HR A TR 2 R O L ) 235 T o SCAR L, AT U 2 T 4
R SEEE ], XL 53 S 18 1 R ) Al A A 152
T AR S B 3 B SR AMIC A0 53R A 208 3 R T 1)
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H SAPPM FlI DBFAM F4 15 31 A X A5 750 41 P 38 38 15
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ASE S, XA R R T o 5] A SAPPM 5
DBFAM ) MIoU 34 & 2 #1, 7] U, SAPPM 5 DBFAM
WA A EAEER .
2.5 WIITHE XA IS F I8 E
2.5.1 AFETH T4 5 UE

Sy IR R A S R T A 38 A R A 8
7 RGBT BEVR JC A 08 ZEAE L T ™ XK R R A 1 4K
T 1 B A BB Aol FH 4 B i 1 S (S AR LA T T AT 3 X
B AR

ANTE TR A SEBRAG I 25 S an &l 14 s . b
e TS T B4k 8 km/h, B FI2s 45 B 4
M 15 km/he AT LU, ZESEBR ML R 938, B 31 2%
BE R AN FZ AR B, AR SCHY SR ATY RE A5 HE 1 1
RGN AT A7 s X
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