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Obstacle avoidance algorithm based on monocular vision and
improved potential field

JI Yu-hang,CAl Wen-jing, LIU Xin, WANG Li-he
(CETC Electro-Optics Technology Co. Ltd. ,Beijing 100015, China)

Abstract: In unknown environments without global obstacle location information , real-time avoidance is a challenging
task for unmanned platforms. To address this issue, a method that fuses deep neural networks ( DNNs) with an im-
proved artificial potential field ( APF) algorithm is proposed in this paper. Firstly, YOLOv5s and a lightweight depth
estimation model is used to construct an obstacle perception module to detect the location and depth of obstacles.
Then, the target frame and equivalent depth are utilized to describe the three-dimensional information of the surround-
ing obstacles. Subsequently, the platform is projected onto the image plane,and the core area is calculated based on
the positional relationship between the obstacle’s equivalent depth grid and the core area to compute the direction of
the core area in terms of the force on the virtual potential field in the image plane,the required yaw angle,and the lin-
ear velocity. Finally, the control system receives the signals and guides the unmanned platform to steer or brake , ensu-
ring that the internal depth of the core area is greater than the safety distance. The experiment is based on monocular
visible light and infrared for obstacle avoidance test,and the results demonstrate that the perception module can accu-
rately detect the location and depth of common obstacles and the core area can intuitively reflect the positional rela-
tionship between the unmanned platform and surrounding obstacles. Compared to traditional methods, the proposed

method relies on a monocular sensor alone to effectively avoid obstacles, achieving lower cost and flexible deployment,
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which provides a new idea for unmanned platforms to avoid obstacles in unknown environments during daytime and

nighttime.

Keywords : deep learning ; dynamic avoidance ;artificial potential field
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Tab. 3 Performance of YOLOv5 models

R N mAP ZHE/M
YOLOv5n 1280 54.4 3.2
YOLOvSs 1280 63.7 12.6
YOLOvSm 1280 69.3 35.7
YOLOv5!1 1280 71.3 76.8
YOLOv5x 1280 72.7 140.7
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Fig. 7 The detected results of obstacle in RGB images
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Fig. 8 Feature visualization from model
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Fig. 9 The detected results of obstacle in infrared images

3.2.2 Lite-Mono-8m 3 B & & &3t

TE A SRS TR IT B H VR EE Al 1525, 8
iR T I 1Y Lite-Mono BEBUN A W 1Y~ > 72X,
i AT B Ik s o B R B A1 1) W BHE 5, A R
TARBELT TR BEA AR . I ZRAsS BB B 141 7 3
58, A SR AAEAS R A i L o iR B 4e
YIGRERA 40 % (1) S , FEARER () 5 B X LG B
FRIVERLFN BE AE— o BREE N BEALAZ AL, IE A TREAL LT
KA . RARIIGREE 2] 5508 0. 0001, Hop Z 508K

A Adam fEALZRYIZREIRL, 4300 ff T A] D SE A2
HMEUGINGRA Y, FEAE 4L 11580 m PYFII0 m
A IR 248 08 DO 1R 2 R i AR I R RE TG 45 0 3R 4
J& Lite-Mono 45 Ji A< 50 74 (%) 0 3 45 . Hoop Lite-
Mono-8m (1S40t e K, H [A] I 2L A e e (ARG B, XoF
Fal R ES R AE | 80 m 22 PN AYSF- XA x4
XPIRZE R 11,93 % . & DLIRERTA) 1) B 100 245 28 D,
B 10(a) , SCmdmik 72 oh s, h T b E
HIE M SCAE S, LLAMREEAG TR ZE AR RTR,
FE80 m [N [ 1R 22 R 14.50 % , HE BACR WLE 10
(b) o AT B kAR ] 5k B 9 AT A7 A S
710 mPAN Y22, 45 SR K W] Lite-Mono-8m 1Y
HEIRZE N 9.29 % FELLIMRE T K 10.7 % , HfE
5 2 TC Y- 65 RERR (1) S PR oK

%4  Lite-Mono % 7|4 A R 1F 0L

Tab. 4 Performance of Lite-Mono on test dataset

Y BdE R BRIy B SHE/M AbsRel. ( <10 m) AbsRel. ( <80 m)
M ERR 1280 x 1024 3.08 10.35 % 13.89 %
LM-small LIRS 1280 x 1024 2.48 10.09 % 13.70 %
LM-tiny "R 1280 x 1024 2.15 10.85 % 15.21 %
LM-8m T 1280 x 1024 8.78 9.29 % 11.93 %
LM-8m AR 640 x 512 8.78 10.7 % 14.50 %
3.3 BEZR

(D)L AMEIGIR L
& 10  Lite-Mono-8m #fi: 45 5
Fig. 10 The depth results of Lite-Mono-8m
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IR R R 190 P ) il T P SR A U A IR R
MRE . RIEZ2%H~K(6) (7). (8)KIEANTH
JURT PR £ BUGT HA B O IX o 32 S X T AN
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FER D X RTFE AW /0N, 22 2 BE# O 2m i,
Lt TR R S0, DEWT G I 75 5 16T 4 Hh A9 15 B0
(b) o WEARRZAME, B 11 2N A IE A%
Bl IXBGZ AL, D LD G TEAE N IR
IR BRI o 1B 12 JEAR SO TR R FROR [ i
T AT UL BB ZL A1 P8 f) UL e s 25 R [ o
EHIT AR AL A (13) L (14) TR,
N EBOE N R AR 1.5 m/s ) A7 ik, K
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Tab.5 Core area dimensions corresponding to

different safety distances

d e/ m w pixel/pix h pixel/pix l pixe]/pix 0L
2 594 969 -248 (b)
3 396 646 5 (¢)
5 238 388 208 (¢)
7 170 277 295 (¢)
10 119 194 360 (¢)

() 2= BA# 93 m (b) ZAFEET 5 m

() d =10 m 6=6.2685° Jjlil: 4 (1) d_, =10 m 6=0.72334° J7lil: 45
B 12 SEERRECR A

Fig. 12 Obstacle avoidance rendering
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Fig 11 Schematic diagram of the core area projection LT e A DL B T 2 R o1
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TR AT O R 2, 38 T S5 A0 X R
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- . e T RS — 5 IR S B B i o SR, A SO
B RIS LR R 08 Y 1 420 00 5 4 ) %) o7 R OR B AR
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