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A pedestrian recognition and multi-target tracking
algorithm integrating multiple sensors
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Abstract ; During the process of autonomous vehicle driving, it is not only necessary to complete motion planning and
achieve pedestrian recognition,but also to implement higher precision multi-target tracking. A pedestrian recognition
and multi-target tracking algorithm integrating multiple sensors is proposed to address the issues of slow response
speed and poor target tracking accuracy in autonomous vehicle driving. Using the Lattice algorithm for path planning,
the optimal driving trajectory is obtained through loss function and collision detection. The obstacle position detected
by the sensor is converted to the global coordinate system,and Gaussian distribution is drawn on the global grid map.
The visible pedestrian is initially determined through threshold. And a multi-objective tracking occlusion processing al-
gorithm is designed based on the detection and tracking strategy to achieve motion estimation of occluded targets in au-
tonomous vehicles. Quantitative , qualitative,, and ablation studies on the multi target tracking challenge dataset validate
the effectiveness of the algorithm. The experimental results show that the algorithm can accurately estimate the target
motion during occlusion and generate complete , high-quality motion trajectories.

Keywords : pedestrian recognition ;multi target tracking;occlusion processing;algorithm ; Lattice

HEE&WH:2020 F4 A S B ARATFFE E S5 3 (No. KJ2020A0929) 52021 4E 228048 @ B AR #5150 H
(No. KJ2021A1338) ;2023 424 B0/8 5 224 e I ARFF2 W58 50 H ( No. 2023AH052789 ) Ve i

TEE RN R FE (1991 - ) 5 Wi R, F 5 7 o AT 6, B 328 3R . E-mail :499045147@ 163. com

7S E H :2024-05-14 ;1&17 H 81 :2024-06-17



% 5 4 4 Nool 2025

FRES G SERERT APUNZ HARIB B 139

1 5 7

AN [F) PR B B B A B 1 R 12 A 3l 2 B ik vy
MERLZ —, 2 b T ZE 5 H AR I R 1 BT 58 B
A A EORTIE T NS Y bR R B AR
A B2 B AR R, BRER P Y T8 B M A A
PEFEABIAR " o g dh, AL H Y AR R B
T LE YA IS B AR B S IRAE R 1 T OB (H =
FUARIEERY N H AR 3h i il A o LI R
RN T TR B 27 B R A T e
TR B2 B B30 A0 B3, ] CARLA {5 A AU 25 14
BE AR, ST RIS R A S
BEW A NG B3R N T B S Sl R B, ez
SeBR YR HES . EE R I DK 2 R A T A
YOYOX-nano iR 5| HFRZEA v & K K/NEFER, R
JFH PID 455 5k AR B 3 0 4% [ ) 32, 5 A S A
UL, S AL 30 FPS fy3f Bk B 52t 50 1
L H I AR TE RN R , (HLAR S SR Wy T o, ik
A RGR AP RS H AR . Duguleana 2545 i 22 () 45
SN T 25T A 378 B Y 32 3k 1
T, SEL T OIRAT AL A RN BE AR YR A , S8 A AL
RN BT VU2 Tl K X A L 7
WEE R AC T 5, 5 0 B T R I LEI B YOLOvS
HAn R B, % H Alpha_ToU Xf H AR A 202548
A0 % SR BSGHA T G, s RIS Sk, A AR T T
JR BRI T 0 HAR RGPS

HE2Z 12 HARERES (MOT) 75 22 ] 424
PRI RS H AR 9328 SR A, A4 fr B R >
Hirizsh &3 ah B s ) AR Z —, TR
1A% 3l Iy 2L T i H bR 28 B S T S RS A 5
A P, R Lattice 3 9F 17 BEAR LA, 38 2o 451 2%
oR 55 Al A 0 75 3] e AR 2 T A, S8 R BN AR
PEI o FFAEICHERS 1, JF 58 TR0 IR R SR s it 2
Hbrid BRE P A AR L SCL LS A N A B2 gk
R PO H bR nyE st
2 [ERYREE
2.1 ATARAEFRE

b AR5k OB TR IA 2K T IR A 2P 5k
FRUEATIRERS ARG 10 g G 21 P s
P E A B 4 Ry AR bR R T, TR ARSI 38 14 [ 45400 o7
B E A SRy A b T v DA T o3 A 2 R AE b I, A
S R BRI AN [ 377 50 2 25 B - ) ) B 5
5575wl S, #3588 8 07 U E, B3/ N T R
PR DX B R 1E oA AT A el DX, A T S 0030 e 8 10 A
LM RS S B RS

B pE S =R T AR S R, RS
EXILNSS LN TR TR IR A AR Frenet
AEBR AR o BURIFLR A Lattice 595 - Jo k81 4 B X
W EIEZHR 2% 0, i xS % kLS
DIE 15 24 By iR 1) 1 9 55 A 1) B B ( Frenet AR
AT INE) il 2R G IR -5 25 507
B4 RZIKE 5 KT AAER G5 HE AT
R, A AR i 22 100 RN 1) LR 22 A% ek Lk
i A 451 2K R - Al £ ARG 0 A 31 e A ) A B R
o FREREATARINAE 1 PR,

TR 3

“E i FrenetAb br &
TIZEL

v

Lattice ¥l k] |

é» e
i

Y

ol

Tl ni+ S5 LM
I 42 1] Ay

Eickiil) i
E 1 Lattice BiEFLAGE

Fig. 1 The basic process of Lattice algorithm
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Fig. 2 Structure of motion prediction network
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Tab. 1 Target tracking performance evaluation
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Tab. 3 Results of ablation experiment
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