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Target detection and localization based on improved
YOLOv5s and sensor fusion

ZHENG Yuhong, ZENG Qingxi, JI Xufang, WANG Rongchen, SONG Yuxin
(College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing. Jiangsu 211106, China)

Abstract: As two important sensors in the process of unmanned vehicle environment perception, the camera cannot provide
the position information of the road target, and the LiDAR point cloud is sparse, which makes it difficult to achieve good
results in detection, so that a method was proposed which fuses the information of the two sensors for target detection and
localization. YOLOv5s algorithm in deep learning was adopted for target detection, and the external parameters of camera and
LIDAR were acquired through joint calibration to convert the coordinates between the sensors. so that the radar point cloud
data can be projected into the camera image data, and finally the position information of the detected target was obtained. The
real vehicle experiments were conducted. The results show that the algorithm can achieve a detection speed of 27. 2 Hz on the

unmanned vehicle autopilot platform equipped with TX2 embedded computing platform, and maintain a leakage rate of
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12.50% , a maximum recognition distance of 35. 32 m, and an average localization accuracy of 0. 18 m over a period of time in
the detection environment. The fusion of LiDAR and camera can achieve road target detection and localization in embedded

system, providing a reference for the construction of environment perception systems on embedded platforms.

Keywords: sensor technology; deep learning; target detection and localization; unmanned vehicle environment perception;

camera and LiDAR fusion

X TGN AT B ik i rp A A A CAN AT A0 T4 T ARG I 0 2 A7 s P B L AT B 2 S B B — &R 4. AL,
SR T IR O TR A SR 0N 2 T AR A A SRR R AR LR M LR 28 B 32 B DGR Y A R B
F TR T BOE TR A TE BB R A B 5 AR B S s f s . ] 45 & R[] 1% B it B A, 08 A7 of
B AT R0 B ARG A7, LR AR 22 2 E IR — S Ty )

Wit 5 B 2 0 245 S M O R A K B L VR BE 2 ) B B U & K 2k % HINTON %542 5, i
G ORGP R B R AL G 0 vk, BN AR 20 E AR R DU B o IR 2R 0 Y E AR R D Bk T
PIar i 2 25 . 3% F XIg R I Two-stage B A5 A 53, LA B 3B #4767 B FE B One-stage B A5 K 45
., Two-stage HFrAG & A R-CNNP!, SPP-Net'® , FastRCNN'', FasterRCNN""' , Mask R-CNN'"' 45
One-stage HARK M E A YOLO™ , YOLOv2" , YOLOv3" ,SSD 4%,

BT WO T A 7 AR I IR B 00T SR A 09 TR BE AR B i A 2] B LA A (AR AE L {H R i T
FREGIE 00T A 2 B i M L BRI B B H AR L/ AR FDE AL H AR PR REIE A 7 in ik . A T RE 6 S 41t
F 8 SRR E = R B R B AR THE B B AR AL O T IR TE S 4T S P i R I AR R Y, X e AR
AR A 25 T IO T R FAR HLAS Bl 0 s R B =2 B b S 3 B R R 2 1 2 3 O B AR e iR —
1 IR A% ) 32 RS R 2R 52 ) A0 TP R g 25 9 [a) T, DT 4 P A SRR N 28 B AT SR CUMERR . AT R T
£ M R R4 5 % i F-PointNet*, ConvNet'" , MV3D™ , AVOD"") , MV Fusion"" % , {H J2 i3 2 {£ &%
i 7 AR AR Ge b A R A SR S KT i S5 B R G 0 2 BB A BB S A 1Y R) A

1 #HEMEEEXIZIT

KW > YOLOvSs BEEIE Ry H bRk AL He 1%
LR H CSP-DarkNet53 &5 #4E i & T, CSP-DarkNet fE
S —Ff CSPNet, i@ 56 B2 B R E B — 4328 =, 43 ) 8 1
FEAE P U Y ] Ji5 A% 0 LA S5 3 B U2 IR B 4 5 FRAIE 42 iR : i

BOHHEAT & 9 B — 5 B b o 3 T % b £ 18 T 42 19 i
i B 5 4 2 149 ) B 5 RO A 58 FLOPs (8 5 |
BORCRE L DA TR, AR R 1R i |

b Neck #5485 FPN -+ PAN By 45 Hy 83430 17 % 0 Bt
RRE £ B L 9 BT SPPF B £t SPP ok 41 2 &6 0 3 1 i _ 1 =
i 2o NBE )AL AE K Sk R, SR B CIOU LOSS fE K bl |
Bounding box HJii 2k pRi %k . : U

Detect

TR I HLHIAE S — Fh B¢ I8 73 BC ML) A% 0 AR 2 AR 4
JEA Y B HE 4R B O IR R, AR R R A R IE. -
YOLOvSs fEN AR R R A DS, T B :
by R AE IO R PR 55N X3 B H b A A R, A SR A
SENet 5% He DL 58 I 4 (19 % ox fig 10, 4 51 5E i
Squeeze #1E I Exciation #5231 i iR T fg .

OB Squeeze, i A — MY WX H X C B4
K, 2 W 2 width, H /& height,C /& channel,i#i it 45 B 1 YOLOvbs M R#
SR AL R AE , 3RS 1X 1 XC B, Wt (1), Fig.1 YOLOv5s network architecture

Backbone



124 FCIE A S N S 2024 4F

1 H w L
T =F, ) = szizlzjzlu(z,])o (D

HUJZ B (Exciation) s B H 2 MR EEZAM. 1 AN2EEZA CXS MMEITT.S - HFilS
LA IXIXC R IXIXCXS 5 2 N EEEEA C AMMATT MAR IXIXC XS il 1X
1XC, gt sigmoid BT BRI 20 [0, 1A 70 Bl A5 20 A T 6 B L K AN T 0 B FVRRAE T8 04 C A 3 T8 08 17 4
Fe it B LU T A VBN T — i A . HAECH

S=F, (Z)=c(W,0(W,Z)), (2)

LW, R W, R TS W, ER W, ERT o FR sigmoid BB W— T ESH.

YOLOvSs T HrIEFE IO 452k H C3 4549, 7 R B K M S 40, iz FAE ik A X R Gt , Kt i S8
HE R A K 2 A A AD RIS (], AR SOFF 35 T RRAE 42 I 2% 5 40 ol B R B A Ghost W LA S B 9 46 455 7 11
B m Al P B FIORS B . Ghost Module 24045 5 ML A L. Ghost A= i MARIE I BF 422 3 20, H el H M
HBRY o, BRIARIEREE Y o0,

Y =X *f, (3
RIFHS Y 45— A I I ' I Depthwise 5 BUSEIL I AL @, , R 7= Ghost BFAEIE y, -
Vij :®i.,j(y/i)’ vi:lvzs”'am’ j:1729""59 (4)

IR 1 AR ARG EE M 2 2530 Ghost FRE E PR (identity % #) 5 B A 55 5 Output,

BT YOLOv5s E THF RS BUR 25 R ) C3 4548, S Hm 8K i A N & iz TR R BR L TR R
H Ghost JESA5 X YOLOvSs P&y C3 B gk 47 el ik K C3 B b B 46 19 Ghost Jii 250 /) 45
TXHE R BB A RO D T SRR AR A I 2% 110 B RSO ORI N A 5 18 OR300 1) 0 24 2 G 1] 2
i

BERL I 25 R FH A IR B0H6 48 KITTIZY . DA 0 A
BE VU THE A A% B AR T T 6 SRR A A i BA vk AR S
P2 A DU ASE Y R AT L. KITTT B4 48 2 il f R
IR OB T2 Be A Tl A 2 2 aF o0 A Ik 5
By T 2 2 B 45 B 5 0 B s AR LA T IX 2R
A B R E N B EEEENRRTEE#T,
K H #5 £ $5 Car, Van, Truck, Tram, Pedestrian, Per-
son_ sitting, Cyclist fll misc 8 Z&, &KX ¥ Car, Van,
Truck 1 Tram & —32% Car, ¥ Person #l Person_sit-
ting & N —2% Pedestrian, Z I Misc 28, & J5 8 Car,
Pedestrian #1 Cyclist 3 28, — 3t 7 481 Il 4k & 1% 1
7518 A ER . T AR AR AR 2R YOLOvSs #-8 ' e
A& A — B0, 38 o I AR L 4 il YOLOvEs T i %
(. txt A =X DL AT RO A I 25

ST IR A S B F B R 4 BE L BE IBORS R LA
[l &SP 25K BE AT AR AE S AR (8 DEAN 8 bR . O I EDE
Hriatr

TP
1s1 = Backbone
Precision TP L TP’ (5)
s FP S 6024 B 18 265 TP Oy 1F 26 B 4 F 2% B2 i YOLOvSs M&RH
pe @%ﬁﬁf?&ﬁﬂﬂ Fig. 2 Improved YOLOvV5s network architecture
TP
Recall - m ’ (6)

E G EE R AR

1
mAP:J P(R)dR, D



LA T UE YOLOvVSs G AR Al A 59 B BRs il &2 47

i}
M

o552 W B

125

XA [ B A5 0 5 AR [R] 9 DI 2R 250 Batchsize BEE AL 16, 014627 2 FR/N R 0. 01, 12k 50 4> epoch, Il 2k

FmER 25 R ane 1 s,
A1 B AR AR 2

Tab.1 Comparison of target detection models

7Y K e # 1] % - RS Wi/ Hz
YOLOV5s 0. 944 0. 884 0.914 13.0
SSD 0. 837 0. 745 0.778 9.2
AR SRR TR 0. 942 0. 893 0. 882 27.2
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Tab.2 Road target detection and positioning results

AR TR/ % 53z A I B S/ m -2 2 A A B/ m
YOLOv5s 16. 85 32.87 0
CenterPoint 25.31 15. 28 0.35
LiDAR+SSD 31.43 20. 11 0.49
AR SRR TR 12.50 35. 32 0.18




%2 1 W5 % F TR YOLOvSs R BEAR il A 1 E AR A8 I 22 17 129

S R e i G2 ARG T B ) DAL AR /N AR A ARG I B L 6T /0N A N P R e ) ARG T 8 A X A T
MR BEREEEF . th TASCE A ROE TR I5 0 16 4, iz I B T LA CenterPoint s 23 6 1 580 75 2 UM
REHRL 25 o LR 249 5 ORG JR2 A J2 A I HE 3 A6z 00 0 A ) 400 1 o IR P SR 2 Ak A ik A o o R B i

4 & iE

ARICAE Jetson TX2 #R ARG, RTHOC T X FAHPLEL G SR MEE T IR E 5 ] YOLOvSs (9 H ks
DAL BT AR AN SE 7 R SR BT AT A o 38 i 52 A 10 S B 13 B A B A I A A7 L 45 R R
TE — B[] F9 A6 I PR 58 v ST 12, 50 06 Y T A 4 L et R BE IR B T35, 32 m,

AR B 12 AR il & R G5 BRI A X R G5 RE A IR, B 2R AT R BB &, A N e 1L
TR A 1) I A0 TR AT i Ak B, O SR 0 R il 5 B VR R AT 0 — 20 A St A B 0 R 8 T A R A [ £
LR RSN R RPN (R R d

£ 2% 3Lk /References:

(1] % BB BRI R R IR R AR LT, o E 4 T8 ,2018(21) : 180-181.
JIANG Ting. Development status and future prospects of autonomous driving sensor systems[ J ]. China Plant Engineering,2018(21) :180-
181.

(2] At A4 0 & R BUIR AR @[T ], & AV 4. 2023(D) 1 11-14.
YU Shiquan. The development status of driverless vehicles and related suggestions[ J]. Special Purpose Vehicle,2023(1):11-14.

[3] ok, ok 8, R, 5. WOGH Ik % NE L BRI B 2Rk [T ], WOt 4475 ,2023,44(3) : 1-9.
ZHANG Bao,ZHANG Ansi. LIANG Guogiang.et al. A review of LIDAR indoor positioning technology research and application[ J]. Laser
Journal,2023,44(3) :1-9.

[4] HINTON G E,OSINDERO S, TEH Y W. A fast learning algorithm for deep belief Nets[]J]. Neural Computation, 2006, 18 (7)
1527-1554.

[5] GIRSHICK R,DONAHUE J.DARRELL T,et al. Rich feature hierarchies for accurate object detection and semantic segmentation[ C]//
2014 TIEEE Conference on Computer Vision and Pattern Recognition. Columbus:IEEE, 2014 :580-587.

[6] MSONDA P,UYMAZ S A.KARAAGAC S S. Spatial pyramid pooling in deep convolutional networks for automatic tuberculosis diagnosis
[J]. Traitement du Signal,2020,37(6):1075-1084.

[7] GIRSHICK R. Fast R-CNN[C]//2015 IEEE International Conference on Computer Vision (ICCV). Santiago:IEEE,2015:1440-1448.

[8] REN Shaoging, HE Kaiming, GIRSHICK R,et al. Faster R-CNN: Towards real-time object detection with region proposal networks[]J].
IEEE Transactions on Pattern Analysis and Machine Intelligence,2017,39(6):1137-1149.

[9] HE Kaiming,GKIOXARI G,DOLLAR P, et al. Mask R-CNN[C]//2017 IEEE International Conference on Computer Vision (ICCV).
Venice:IEEE,2017.:2980-2988.

[10] REDMON J,DIVVALA S,GIRSHICK R,et al. You only look once; Unified, real-time object detection[ C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las Vegas:IEEE,2016.:779-788.

[11] REDMON J,FARHADI A. YOLO9000: Better,faster, stronger[ C]//2017 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Honolulu:IEEE,2017:6517-6525.

[12] REDMON J,FARHADI A. YOLOv3: An Incremental Improvement[ EB/OL]. https://export. arxiv. org/abs/1804. 02767 ,2018-04-08.

[13] QI C R,LIU Wei, WU Chenxia,et al. Frustum PointNets for 3D object detection from RGB-D data[ C]//2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Salt Lake City:IEEE,2018:918-927.

[14] WANG Zhixin,JIA Kui. Frustum ConvNet: Sliding frustums to aggregate local point-wise features for amodal 3D object detection[C]//
2019 IEEE/RS] International Conference on Intelligent Robots and Systems (IROS). Macau:IEEE,2019:1742-1749.

[15] CHEN Xiaozhi, MA Huimin, WAN Ji,et al. Multi-view 3D object detection network for autonomous driving[ C]//2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR). Honolulu:IEEE,2017.6526-6534.

[16] KU J,MOZIFIAN M, LEE J,et al. Joint 3D proposal generation and object detection from view aggregation[ C]//2018 IEEE/RS]J Interna-
tional Conference on Intelligent Robots and Systems (IROS). Madrid:IEEE,2018.1-8.

[17] FADADU S,PANDEY S.HEGDE D, et al. Multi-view fusion of sensor data for improved perception and prediction in autonomous driving
[C]//2022 IEEE/CVF Winter Conference on Applications of Computer Vision (WACV). Waikoloa:IEEE,2022:3292-3300.

(18] EFMHL B, Farfh. sl ATEBE I HLH Y YOLOVS %2 42 W 3 o 7 k() ], 735 HL T A2 5 51 . 2022, 58(9) :303-312.
WANG Lingmin, DUAN Jun, XIN Liwei. YOLOv5 helmet wear detection method with introduction of attention mechanism[]J]. Computer
Engineering and Applications,2022,58(9) :303-312.

(197 Z=dbd, & 568 R B KL 5. I TR AE 28 M B0 Ghost-YOLOvVS £L40 B ARK I L 3L [ 4 M K24 2 4 CL 24 i) , 2022, 43 (1) 20-26.



130

FCIE A S N S 2024 4F

[20]

[21]

[22]

[23]

[24]

[25]

[26]

LI Beiming,JIN Ronglu, XU Zhaofei,et al. An improved Ghost-YOLOvV5 infrared target detection algorithm based on feature distillation
[J7]. Journal of Zhengzhou University(Engineering Science) ,2022,43(1) : 20-26.

R B TR EEAE ST (Y 2 B SRk (DL AU WV R A2 2022,

WANG Qi. Deep Learning-Based Algorithms for Autonomous Driving Perception[ D]. Hangzhou: Zhejiang University,2022.

WU BRBEA L SREEER L AR T O T IS AU LA SR G 00 B AR A I K iR (1], s T, 2019,46(7) - 85-95.

CHANG Xin,CHEN Xiaodong,ZHANG Jiachen,et al. An object detection and tracking algorithm based on LiDAR and camera informa-
tion fusion[]J]. Opto-Electronic Engineering,2019,46(7) :85-95.

AR TENE B BRI RN RGO AR BT D], AN« v B2 B R K%, 2016

WANG Jun. Research on Key Technologies of Environment Awareness System for Driverless Vehicles[ D]. Hefei: University of Science
and Technology of China,2016.

Z2A]. OpenCV H#E4 U 1K IE A B2 A HLAR 2 Bk L) ], B THLIL, 2015,33(4) :60-63.

LI Li. Camera calibration algorithm based on OpenCV and improved Zhang Zhengyou algorithm[ ] ]. Light Industry Machinery,2015,33
(4):60-63.

BRBH % B T HOEHE B S A A BRI 5 A 328 M R GELD]. R I8 R Tl K%, 2019,

OUYANG Yi. The Environment Awareness and Autonomous Positing System Based on LiDAR and Vision[ D]. Harbin: Harbin Institute
of Technology,2019.

AT, VI, KM L 55, BT 16 LRI T X RUARBLRL -G 09 =48 B ARSI L) ], 4 e H3E 0L 5 M . 2023,13(3) 1 117-122.

CHEN Dejiang,JIANG Hao,GAO Yongbin,et al. 3D target detection based on fusion of 16-line LIDAR and camera[ ] ]. Intelligent Com-
puter and Applications,2023,13(3):117-122.

% T 2L BARE B RLA LA N R 5 503D BUER - R K2 L 2021,

ZENG Biao. Research and Implementation of Robot Mapping Based on Multi-sensor Information Fusion[ D]. Chengdu: University of Elec-

tronic Science and Technology of China,2021.



