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Research on the Application of Graph Neural Network Model with
Update Mechanism in Multiple Object Tracking
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2. College of Art and Design, Yantai Institute of Science and Technology, Yantai 265600, China)

Abstract: Most existing multi-target tracking algorithms only consider the features themselves and seldom consider other features within
frames and the interaction of features between frames, two methods are proposed to make the features more discriminative in order to achieve
the interaction between features, enhance the feature representation, obtain a more reliable similarity matrix, and improve the accuracy of tar-
get association. The first method is to introduce graph neural network in feature processing, and build appearance graph neural network and
motion graph neural network respectively, the features in the two network models fuse and complement each other to enhance the expression of
target features and improve the feature discriminative property ; the second method is to introduce update mechanism in graph neural network.
Previously, graph neural networks are mostly static graphs, which cannot be dynamically updated with applications. To this end, a strategy is
proposed to make the edge module, point module and global variable module in the graph neural network dynamically updated, where the glob-
al variable can capture the global relationship of features in the graph network to better accomplish target matching. Theoretical analysis and
tracking algorithm simulation results show that the accuracy metrics (MOTA) of the proposed multi—target tracking algorithm are 49.5% and
53.9% in two benchmark test sets, MOT16 and MOT17. Meanwhile, the performance of the three update modules of the graph neural network
is compared by ablation experiments, and it is found that the graph neural network with the complete structure module improves the MOTA in-
dex by 1.9% and 0.2% than the module without the point feature aggregation module and the module without the global variables, respective-
ly, indicating that the multi—target tracking algorithm based on the graph neural network has better performance in the actual tracking task.

Key Words: computer vision; graph neural network ; multi-object tracking; data association; appearance model; motion model
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Fig.1 Multiple object tracking algorithm flow based on the graph neural network
E1 HFEHEZNEZNESBIRREEZRE

COFFAESRHCBE . B B F AR PR T IN y 44
I3 BRSNS IEAIZ SRAE . i A LSTM 2% i 2
ol — MR FR B x sy w, ) o (x, y )RR
PR SARFR 5 (w, )RR

(2) Pt 22 W 28 A A B Bt o B BORPAE i o P Pl ok 22 0
FON A B R — I A AR DL o AT 1 2% R
BT 8RR BRSO IR, B — 2RI %o Hir 51
I 2 8] B SCHRAR UL

(3) B SRR B BL o i By B R B T A o i H bn 5
R 2 [R]R A AT I o 21 P O 46 f 1 0 5 A0 14 5%
RAHARURE I , 1P ) 2 RS0 R 31 F AR5 00 =2 1 4 e
VERC.

(4) BB FARAS BN o X T8 — B0 DE e B Ao
R % L ) ARG 0 X G R B, 2 A I B A 0 K T 0.4
I, WA A — 24507 A B B0, AR 4 X (1) TH A5 2 B A
oy 8. ARDUHECENAE ARG H AR , 2R T UL g H AR AT
AECL 248 BT 2 A 7 5, sl AR 7 5 50 v (R oA I 21
s G ATE IR AE S 5 R B LI F AR BRER 2K 0k R IK &
VI A T T DAY S SR A T 38 1 s L AT R A T Ok
f9 T b (RS U 52 5 F AR BB VR L . A SR 285 TS

2% B AR AT SR A VT BE BT A A, 0 2 k% A
FRAUIE . AR DT s 250, 1 B T R 30, EAR 40T
AN
Pr(Object ) *1OU "™ (1)
27 Pr(Object) 278 4 B 5 5 HE P /& 56 3 W 14,
10U (preditruth) & 7% 4 i T 7 4% 396 A 057 & 1) 1 f 7 B
10U N3 L, RIFNME S LS (A A R
H 5 o, 560 d, Z 8] AR M SR ECTT R 7R 1 F (0,0 d))e
AN
Flond)= adGN (2. f) + (1 = ) MGN (£, f2)  (2)
2 L AGN() FITMGN(+) 73 531 37 SR LI I 245 113z 3
P4, o R — S RBSEL £ R0 53 B3R H s o, SR
(¥ SR WA £ £, 53 ) 2R H bR o, 5K o, 132 Bl R
fiE o ARIEV LA, o BEEH 0.3,
22 FREEFULE R EHE N &SN
FIA 2 4 f 5 8 A G R s sl s . 1S H
P 55 L RIS 5 R R, b AR A FE S (TR I M
AT F A HARERAE T B M A5 A5 5 A5 A5k
FE S5 1 MEE IBCN A 6 0 380 F 55 2 00 By B RS DU



62 -

BAE 5 A

2023 4

i, JE RN AN R R, A7 P i 22 0 26 R I J M+N A
Ao TR FBRA ARG I 2 1] A SO AR 0
R ] B 5 VR R A — X B S — R B T
ES e e oS % A I VU | B v S 557 2 8 e e T 5] LY L2
AE R A AR AR ITAY AH AT 5 AL, () — it s 2 500 1 35 A
B2 R AEVERE . R, % TR R — RS i F AR )
PR o, FE5 o+ 1 TR ARSI o, 14 B ST DX D e 31 fr) m] RE A B
Ko BRSPS SR/ T Dist,,,,, (K 2 Wit

AR R L
5 HES LB
! ors
e £

000 -

pAYZAN

|%mwwm¢%|

EEEEEEED

|

i myEER 2

[0.004 0.010] 0.003 -+ 0.008
0.605 0.606 [0.0.04. 0.0.11
*EM)?:%EK’?AO AU AR Aq

4

[ AL SR B Ly,

AL BEAR A PR Ll

B Y A T DR R SR 2 R 2 v =2 T R A5 Y 2
FREiAY o A SCH Dist,,,, 1% B 4 200,

N 2 FT 7%, A SC IR e 28 I 26 40, 5 4R, B3 (] )
B 1 SURRAE R A B | 4 e 28 i IR A e | 3 [l ) A5
2. P2 1 — 2 SIE A& DX 4 M, OF
BRAFAARL A AR LR FE I o S ORAIE R AP I ZRAECR |, 7 1]
2245 (10— )2 AR5 | SR % R BSORIAH B 463 2 R4, 43
ST HEAE T 5 RAR LS R4 T 04 o

P/

.....

)

|%mwmaﬁ%|

[ YA

EEEEEEED

I

0.095 - 0.002

|

0.024 - 0.016
ARLARE R R Ak-1
4

s oo

TR i L

Fig.2 Structure of the proposed graph neural network
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Table 3 Results of ablation experiments for each module in the neu-

ral network
R3 EHEMERZMERBAMITBER

Jik: MOTA/% 1DF1/% MT/% ML/%  FP FN IDS
CNN+LSTM+GNN*  52.6 54.8 31.6 322 1529 28765 1226
CNN+LSTM+GNN#  54.3 62.3 329 32.0 1622 28247 517
CNN+LSTM+GNN~ 545 63.7 332 323 1525 28210 511
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Table 4 Impact of appearance model and motion model on tracking

algorithm performance

R4 SERSEFHRRIX ERERE E LRSI

RS MOTA/% 1DF1/% MT/% ML/% ¥FP FN  IDS
CNN+GNN~ 52.7 56.3 31.5  33.0 1455 28882 1161
LSTM+GNN~ 539 61.4 31.9 322 1390 28570 690

CNN+LSTM+GNN~ 54.5 63.7 332 323 1525 28210 S5l11
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