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Obstacle recognition and path planning method based on mobile robot
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Abstract: Obstacle recognition and path planning are the necessary means for robot to move autonomously. Based on depth camera, this
paper proposes an obstacle recognition method based on the fusion of depth continuity and color feature points. The spatial location
information of objects is obtained by depth camera and mapped to the existing map to construct the obstacle space. A path planning
method of PRM-D * is proposed. Firstly, the improved random probability roadmap ( PRM) is used to complete the overall path
planning. Then, according to the obstacles identified by the camera, the local map is set up, and the D * algorithm based on graph
search is used to carry out local dynamic planning to complete the dynamic obstacle avoidance task. Through the experiment, the
detection accuracy of the proposed obstacle recognition method is greater than 80% even in dim indoor environment, and the accuracy of
conventional environmental detection is higher than 95%, and it has good robustness and real-time performance; The path planning
method of PRM-D * not only shortens the overall planning time, but also ensures the success rate of path planning. The single dynamic
planning time is less than 0. 02 s, and has good dynamic obstacle avoidance performance.
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Fig. 1 Target detection processing flow
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Fig.3 Determination of ground noise using depth

PEATHCAE, /NT L B s N A B R A 5, B ) 58 A
SRS B B A B 5 o ) I RO BEEAE Y, AR

HNBERES , MAH E A TR BR AL #, H AR R 2
R 4 B,
i
I PR T OA TRAED

DHFEA KB BIFEAGLEP,

-

g MDH BRI

DY R5PE—
IR <L

HEEHP,

\ 4
(#x )
Kl 4 R ELEVERI W TR

Fig. 4 Deep continuity judgment flow chart



- 188 - LSRR R e o

5536 4%

TESLPR S, A AR AH R (8- T A7 7E (8]
PR oL, RIS ER By ) AR IR B ek 7E X oy m |
RIMFHIE R, RAEHLAF KR TEE W AR M S P, 5 P,
HRE/NT W ORI 43R ) — g 5 o R AR s B K
T NWESHA A S ES ., WS R X B -
S/ N KA R A5 (0 26 A5 S0 AL, Y Al B A S5/ M A
R RAE A 0 LT 1 5HE, Z b b 0 s K AE /)
(B R AR T8 A i S, R R AR e /MR T 1Y
AEBRFITRBE AR ., I AR AR AR 3R AL b 2R BIAHBIL A b 22 1 5%
R WHAR R S ARy 23 6] AR LT R A ) A SR AL
PRI ) = k2 [

1.4 FERS Y b I RR

V5 7 55 1 P e B — 5 1) 43 SRR L Al I s 1 5T, 24
PLES AN Bk B b o 2R G U0 B 140, s e fig 15
SNAHL AL B 2 v 7 4 30 b 18] A bR R v, LB 6 R
k.

X =ysin(0) + xcos(0) + x, (6)

Y =ycos(0) - xsin(0) + y, (7)

Horx oy BRI AEZS [ R AR AR, &, Ly, R HLAR
NAR G FARAR, X Y RS AR AR, et AR 4R b
PRI B4 4 B ) L BURE | AN — b Pl B A i B — A~
WA 5 AR IS L A AR 18 RO 1) I i g2 ik 42 4
PR,

2 BRI

2.1 PRM fmih

TEZHLE) PRM J5 iy, 05 A 22 () 1) TG B i s A2 2
P s AL IFFIWr e T Sl L B i, (HAE 5K
BRI A 2 A AR 78 67 AL 3% 38 0, Bl 5 (a) B
7, JHE S ) A5 A AL S SE B TSR SN A G 3
T, X PR LE R 2 RS RIS B R i LA
BRI, KA AR AT DA eI A ) R (H 2577 A K
TOAR B, T ER TSR A5 TR A A B 42 7 3 I B TUAR R A
S PO LRt 18] 23 B 6 R FE SR 3 0 1 e A kg
Ine PR FE Y A B e A R W), T AR D o+ Bk
AT RIS ER AR 0 B N S st fAT B P, AT PRI
TEARCRAE s N IHI A 2 08 1A 2500, 36 = B AR BRI 7
B ANE 5 (b) fis

TE PRM 1, HEH AN 23 W s 2 ) Y
WRIGHA RS, i T UCEE D = B0 % B AR 1 3% 2200 5 5 4G
PRM B £k 2 Y HACHT B B A g v B AR [A] X B
YRR AR S IR B o 1, HAMAR S M IEE RN
L. 4, PR BIr A i 2 TR BE B AR N, SR 05 7 LA A 43 %
T 245 2R B AR AN

v .
—_— : Bty
\ i

Ty
"

(a) HERES:

(a) Straight line connection

FL5  PRM I D s 7087 I Ak i B AR LI HE
Fig.5 Comparison of PRM and D * path planning

(b) 1/ D*&E#:

(b) Use the D* connection

at narrow passages

2.2 REENE

Jr b P P ) A A Ry W 4, 2 1 2B e SRR E
FRuL 58 2 A AR 2 H 7 B 5 )R E A A R ) B AR
FE SRR Il TE IR R LT, JRy b ] i A i a1
6(a) Fin, B R SRR Y . Hod 0 FTA J&
PRM B3 O B A2 50 a5 MALER AN 0 s AE R T
SR EhE A S HE O SRR E N (v, y) 0
S Jr S 1L BT B RS S50, J S 1l T ) 0 S HE T PRML B A%
PSS B &R b B bR o, 2R FRE iy o 2k
5 PRM AR A 58 , B 2 S il b PRIt S R R HE R 3R 1Y)
WAy, MRS AHER DR AR, WK 6(b) ir
N, PR ER S U 2 AH A ) b VR N R R R, Y R B b
E i1 FHHE 5 PRM AR A 24280 s B, T 2 2R o
T IR SR AR, A 6(e) B, ekt 0 b E—4
Jeil HAR S, A YR PRFEAL R, BCD ARSI, KL O K

(a) IEH HY R I ]
(a) Normal build map

(b) Frh a2 AE AT I

(b) Intersecting with the centerline

(c) & RME

(c) Multi-point intersection

K6 AN [a] e i ] ) F

Fig. 6 Multi-point intersection



12 3

BT e A EHLE BT 5 AR AL - 189 -

IR OA,AB,AC F1 AD W] LIJE RS, 3 R, W
Al OA FAB Z AL & ml Dl i v A0 HA
0A = (x,,y,) = (%, 2,7, = 7,) (8)
AB = (x,,7,) = (x, = %,,5, = ¥.) (9)
cos(OA,AB) = (2, +x,%,)/
[/ +y) - /(2 +y)] (10)
0 =arccos(cos(OA,AB) ) (11)
TR B /N AE N T —AN T

3 XBERE

AR E I EE SIS AW 7 s, ffH Intel
RealSense D435i TR &AL 4 O 6 FR B [E14% , F)
NVIDIA TX2 Y£R8 FHIHEAL, 7 oL IRas 5 s Ab 2

K7 sSespLas A
Fig. 7 Experimental robot

3.1 RERFIRAISEE

T B RS TR AR B RRE s BRI A A 0 Ty
BRI R T ARDE IR T3 =N GE R
3 I A AL A R 4 B 4R B AT YOLOVS
TIENERAT FOH TR 38 K1 RS 58 0 4 [ 3y T gk
FTEE,

F1 AREMETEMTEBBIEXTLL

Table 1 Comparison of the data of the two methods in different environments (%)
NiRES F1 FEIEES KR
Ik YOLOv5 ENyIRGS YOLOv5 LNy YOLOv5 ENyIRGS YOLOv5
I ok 81.7 84.5 86. 1 89.5 93.8 82.9 87.2
RN 91.2 78.7 93.8 95.7 82.8 91.9 85.4
R 79.7 70. 1 85.8 90.6 78.2 81.4 77.4
= N 71. 4 64.5 78.9 80.2 72.5 83.0 82.8
X HER I 1 PR, NFTR A SRR TR A7 i 4E s A
TR SRR AL B 32 B4R K 2, H AE B BRI 1 2= N IR 02307 .
rp X B A ARG 5 SR ALK T 80% , 7 1E i BRI 45 0200+
TR 95% . 45E T 8(a) FI(b) th4& 3 5K .
. \ N N E 0.150f
PR I [E) 5 0% BEBR B A OC R AT LR I S s 8 - 0150
G 5] 52 5'6 BE 58k 88 52 W AN K T 4 REGE R ) 3 0.100F
T 2 N R 2 G 0, 5 3 5 b i B RS ) R 2 A
Koo X IR AR ST I IR0 B A7 o i B s T, PR |

52 7% P AR R M PR 2R

SEBRAGINZE F an 9 Jr i, X Eb T 32 B4 ARG I 4
B A AR NAEAT A R v il A 7 2 1 22 TR ROk 3k
HEREEAE S, , PR AS J7 32 265 v ) 1RO 3 5 e vy A
U BURT Pt NG Y 7 775 e N I UF 37 kT
3.2 BEEHXIEE

FEASCT#E PRM-D + 73, 550 PRM, D™, GA
i Fuzzy 257 200 B AR KR i 8] A A0 4 58 Oy T kA7 17
XoF FEISIE S50 SR FH 1 il 1] 2 5 R A2 4 %) o B b 1]
& 10(a) fiizn, PRM-D * (SR AE SRR 500, #4281 B
ARG B )2 T A ) 8 00300 225 RS 1 A, R A 2 1 i
A BETE 3 B I e ad A AEAR A w0 a5 T B R 48
A,

TERRSE B K AT R 100 s J5, GA Fil Fuzzy J7 %
TR SE LRI, HoAth )y 2k B SE SR B an &l 11 () B,
X HHFE  PRM U AR 4 I 8] 55 S, {5 HG il 3l 2R 45

A
753
(a) BEFh 7 AL BRI ) ) 36 L
(a) The comparison of the time spent by the two methods
= HFEDGIE
© ARDEK
0.060 .

0.055F

0.050

) /s

0.0451

0.0401

0.0351

% EE K =W
¥
(0) 5 R S 5 515 B

(b) The effect of illumination and environment on the
recognition speed

8 PRI EEXT L 5 32 PR R 17 L
Fig. 8 Algorithm identification speed comparison and

environmental impact



- 190 - LSRR R e o

Ko ARSI

Fig.9 Recognition results in different scenes

B0 SRt R R Se ez st T
PRM-D = B LK1 5
Fig. 10  Planning of PRM-D * under complex raster

map and real scene map

A FE M3 2 T HAM G 7 v 5 D+ BRI ] B K ; PRM-D
# FELRIE T I Z A OL T, KR 4E 6T BRI s [ i %
A X e AR AR D o SUEIN T 1. 8%,

H PRM-D = J7ik i S bz et I 1 He Bl an (&l
10(b) 7R , B R EBRLRIAE S5 B [RIAN 3 0.5 s, R
HEAT 30 YHLRI, BRI D% R 100%

9T B UE PRM-D * 1) 3)i 25 8E B M i, 38 2 T 2l s
BERF) A, BUR R AR BEAE , T PRM-D * 5 D ZE X258
SR R P 4 ) T T A ) B 20 ZH AR Y
ERESAT R, SLRAERNE 11(b) FiR, v LA H,
FET RS AR AL S, PRM-D = J5 5 D s P05 B ] FF
B F2E R, XIER PRM-D = #iA BIF IS MERE
3.3 ZEELE

P B H AR U 5 B AR BRI AE 45 G ML

536 %
1PRM
[_IPRM-D*
1257 Ep*
ﬁ 147 702 2Ll L
BRI/ % WA/ BrKE
A B AR R 7 PR H

(a) S22 P& % T 1k AR 5040 3o L
(a) Comparison of planning data for each method
under complex maps

 D*

+ PRM-D*
0.014f
]
@ 0012}
=
E
= 0010
E P
= 0008t
0.006 F
0-10 1020 2030 30-40 40~50

B R
(b)Bh A kR i ) % 2 2R R X Lk

(b) Comparison of path re-planning in dynamic
obstacle avoidance

11 AS[E D7 B AR R 5T b

Fig. 11  Comparison of different methods of path planning
FESLH0 2 AN IR HEAT 1 sh Ak B £ 30k, Hh
4 Sl 25 B 2 phy NIl P T R 58 i, TS R B
P HB IR 3 FER R 0.1 m, HBIEI K/ R 78 mx7 m,

BEAT Y SR 0 ILAE B AL A AP OK 2 (8 1 Ty, R 7Y
FEARAE RS )t BUHT S & A T B Y AR Ak, an Al 12
(a) FI(b) 7R,

F "

l \'

(b) AR5

(b) After obstacle avoidance

3

(a) BERRHT

(a) Before obstacle avoidance

K12 BLas AR By i ML 4 A
Fig. 12 Path planned by the robot before and after

recognizing the obstacle

P13 JEoR T HLER NSEPRtT E A 2 i i i, SRkl
PR ARR L, SEHAE T LA AAEA T B Al DL



12 3

BT e A EHLE BT 5 AR AL - 191 -

Dy i Ak ) P 0 A LA A 55, S B T A R
%3l

SRR IREIN Rl ER Gl R e s idte 25

Fig. 13 Autonomous obstacle avoidance movement when

the robot detects an obstacle

4% #®

-l

BT 2 i B A R ) v TR 2 2T ek RO R )1
B AL G 7 A R S S ), AR SCHR T — Al L
B PG 5 SR O il & U8 B A5 B 2R AT B g 1R 51 7
¥, i Canny BT F15 Shi-Tomasi B VEAMEE S, AR
PRI PR A, TRl G IR BE AR B, A e 5 400 1A 4K
SRR, JE T YIS RO ARG YR R A B i 4

FF D435i W AP e ik fE = N L =40 i
I FEOCEA SR T T TR IE, X L YOLOVS Jf
2, BTG B SR AR AL B2 BIAR K ) (H 7 e kg
B2 PN EREE Hh | T B RS ARG D 45 SR K T 80% , 78 IE
WIS IR Mt 95% , FERF iR i AE A R 5
T EA B S SR

ASCHEN T PRM-D = (9 g A2 LA J7 5, 76 PRM 4
AP ER AR LA L (8 R0 S E 6 O A7 B2, 72
JREB AR TP D s SR IE T Bh AR R AR R IR PR AL
ZRHETT PRM YN ZRis ] B[R], 45 7 03 il 2 2% 3
1 RVEERYSE S T T PRM GRS ML) 5 R IE F
T D FERE R 0 a8, AR SC R s Bl
N FESEARGF MR B, T R B A, S B T By 2 ol ot
FHERED,

ARSI T 38 F T R AR AN K 5 5t BRI
R A U e 2 B 1 5 e R B AR AT A R K 25 0,

TRANBE AN B L7 5 BR A A B AR 2 SR R DL A 2
A = TARME A
&% 3k

(1]

(2]

(3]

[4]

[5]

[6]

[7]

[8]

(9]

2 XU R b, &F. 3 T Cascade R-CNN (1)
MR L2 BRI [J]. B 5 U8 =R,
2021,35(10) :24-32.

LI X, LIU SH N, YANG ZH,

detection of transmission lines based on improved

et al. Multi-target
Cascade R-CNN[ J]. Journal of Electronic Measurement
and Instrumentation,2021,35(10) :24-32.

REDMON J, FARHADI A. YOLO9000; Better, faster,
stronger[ C ]. TEEE Conference on Computer Vision &
Pattern Recognition. IEEE, 2017.6517-6525.

SRANE, XV e, 45, RETASE TR B 27 > i bl
T NN L A R ]. IR, 2021,
44(20) :99-106.

WU Y H, LIU CH Y,XIE S B,et al. Robot environment
perception and autonomous obstacle avoidance based on
visual deep learning [ J ]. Electronic Measurement
Technology, 2021, 44(20) :99-106.

VOLODYMYR M, KORAY K, DAVID S, et al. Human-
level control through deep reinforcement learning [ J ].
Nature, 2015, 518(7540) :529-533.

SHI M,
sensing building segmentation based on improved U-net
algorithm[ J]. Instrumentation,2021,8(4) :47-54.
WARD I R, LAGA H, BENNAMOUN M. RGB-D

image-based object detection: From traditional methods to

GAO J. Research on high altitude remote

deep learning techniques [ J]. RGB-D Image Analysis
and Processing. Springer, Cham, 2019, 169-201.
TYRMG Wl , 563, 55, BT IR Y B ARSI 5 B
ZER[I]. AL, 2016, 42(10) :1466-1489.
YIN H P, CHEN B, CHAI Y,et al. A review of vision-
based target detection and tracking [ J ].
Automation, 2016, 42(10) ;1466-1489.
YU ARl BT H AR UM 5k R A S0 B pLAES A
AEfTEL J]. et TR 74, 2022,46 (1) :
32-39.

GONG G, ZHU H. Autonomous walking of coal mine

rescue robot based on target recognition and obstacle

Journal of

avoidance [ J]. Journal of Nanjing University of Science
and Technology,2022,46( 1) ;32-39.

Wk, BB, XI5, 5. E T RealSense WREEAMLEY
ZRHER T HE L[] AR, 2022,
53(4):304-312.

SHEN Y, ZHUANG ZH ZH, LIU H, et al. Rapid multi-
feature trunk recognition based on RealSense depth

camera[ J |. Journal of Agricultural Machinery, 2022,



192 - e R = I O 5 36 &
53(4) :304-312. International Conference on Current Research in

[10]  FilgRl, TS FWA, . AR S R RELNY Computer Science & Information Technology. IEEE,
ARMRICR G TE [T ], I 5 (AR 2 4l 2017 ;145-150.

2020,34(1) :171-177. [19] FRANCIS A, FAUST A, CHIANG H L, et al. Long-
WEI H CH, WANG SH Y, XU Y J, et al. Research on range indoor navigation with PRM-RL [ J ]. IEEE
sample entropy fusion clustering algorithm for forest fire Transactions on Robotics; A publication of the IEEE
image recognition[ J]. Journal of Electronic Measurement Robotics and Automation Society, 2020(4) .36.

and Instrumentation ,2020,34( 1) ;171-177. [20] fhokfd, BRERAR, MRioc. @it QPSO #1 Morphin 57

[11] fHEn, B%EfE, XIE, 4. BT RGB-D XU 1y 92t ET B NRGHERR[T]. BT &E 5000
SLAM 23 J]. HLEE A, 2015, 37(6) :683-692. 23, 2017, 31(2) :295-301.

FUM Y, LYU X W, LIU T, et al. Real-time SLAM WU Y J, CHEN Y D, CHEN M Y. Improved hybrid
algorithm based on RGB-D data[ J]. Robotics, 2015, path planning for mobile robots with QPSO and Morphin
37(6) :683-692. algorithm [ J ]. Journal of Electronic Measurement and

[12] SONG B, WANG Z, ZOU L. An improved PSO Instrumentation, 2017, 31(2) :295-301.
algorithm for smooth path planning of mobile robots using [21] #EEWH,E—7. T Canny 55 F 1021 o W1
continuous high-degree Bezier curve [ J]. Applied Soft SRR B AG I [ 7). AL #8 A 3R 24 4L, 2021, 42 (10) .
Computing, 2021, 100( 1) ; 106960. 199-209.

[13] SONG Q, ZHAO Q, WANG S, et al. Dynamic path HUANG M T, LIAN Y X. Improved Canny operator-based
planning for unmanned vehicles based on fuzzy logic and surface defect detection for lithium battery electrode [ J].
improved ant colony optimization [ J ]. IEEE Access, Chinese Journal of Scientific Instrument,2021,42(10) .
2020, 8. 62107-62115. 199-209.

[14] LAMINI C, BENHLIMA S, ELBEKRI A. Genetic 1EEZ/N
algorithm based approach for autonomous mobile robot WEE, W R R AR B AR AR
path planning [ J]. Procedia Computer Science, 2018, B, FEAR T B AL
127.180-189. E-mail ; 983897532@ ¢q. com

[15] GUO J, LI C, GUO S. A novel step optimal path Xie Saibao is a M. Sc. candidate in
planning algorithm for the spherical mobile robot based on Henan University of Science and Technology.
fuzzy control[ J]. IEEE Access, 2020, 8:1394-1405. His main research interest includes mobile

[16] CHOWDHURY M I, SCHWARTZ D G. The PRM-A = robot.
path planning algorithm for UUVs: An application to XI&ERCGEEES) B2, Bt ES
Navy mission planning [ C ]. Global Oceans 2020. Vi, FEHFE 7 16 ML A R B B4 R |
Singapore-US Gulf Coast. IEEE, 2020 1-9. AR AR 25 W il J ik B2 i A

[17] CHIANG H T L, HSU J, FISER M, et al. RL-RRT: E-mail ; chunyangliu@ haust. edu. cn
Kinodynamic motion planning via learning reachability Liu Chunyang ( Corresponding author) ,
estimators from RL policies [ J ]. IEEE Robotics and associate professor, master’ s supervisor. His
Automation Letters, 2019, 4(4) : 4298-4305. main research interests include robot environment sensing

[18] SADIQ AT, HASAN A H. Robot path planning based on technology,, mechanical equipment condition monitoring and fault

PSO and D algorithms in dynamic environment [ J ].

diagnosis technology research.



