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Optimization Design of Multi-object
Tracking Algorithm Based on Roadside
Cameras
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Abstract: In response to the limitations of current multi-
object tracking algorithms in handling roadside traffic
scenarios, a multi-object tracking algorithm based on
roadside cameras was proposed in this paper. First, the
one-shot tracking algorithm chosen and a neural network
based on FairMOT was built to simultaneously generate
both object detection results and appearance feature

results, thereby enhancing the real-time performance of
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the algorithm. Then, a novel data association method was
adopted to lessen the effect of occlusion on the tracker.
After that, a new motion similarity measurement called
buffered intersection over union was introduced to
compensate for the errors caused by linear motion
prediction models. Subsequently, a velocity-based
discriminative algorithm for removing lost trajectories and
a history-based position matching algorithm to retrieve the
identities of occluded trajectories over lengthy periods of
time were developed. Experiments were conducted on the
UA-DETRAC public multi-object tracking dataset to verify
the effectiveness of the algorithm. Additionally, to
demonstrate the applicability of our algorithm in real-
world roadside environments, real roadside scene data
were collected on open field in the National Intelligent
Connected Vehicle (Shanghai) Pilot Demonstration Zone.
Finally, comparative experiments between the algorithm
proposed and SORT, DeepSORT, ByteTrack and
FairMOT algorithms were conducted using real-world
roadside scene data. The experimental findings indicate
that the proposed algorithm performs better than other
algorithms in terms of identification F-score, ID switch,
fragmentation, mostly tracked, mostly lost, and multiple

object tracking accuracy.

Keywords: multi-object tracking; object detection;
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Fig.1 Roadside occlusion phenomenon
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Fig.2 Long-term occlusion in roadside scenarios
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Fig.3 Roadside emergencies
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Fig.4 Framework structure of algorithm
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Fig.5 Process of convolutional neural network
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Fig.7 Branch network of object detection

8 J BB IRAFAE 3 S X 285 o $EHLIMULARIE
o1 32 W 285 F A2 6 B A B AN ERE , A7 5] B Fr ) 21
SIARARLRE T AS[R] B AR S ARL RS . $EHRZ AR
TIE 53 3 R 28 2 WA i 20 R SR RRAIE ], SRR A 1] A
128iliE 1 X 1 &8, 765, A HERr Ak
WUARFAE , AR AE 2R SR 128 X 1.
TR |
) s S
: | |

E8 REEUMIFIESD M
Fig.8 Branch network of appearance feature

extraction

3.2 ETHMEGLSBIFERELBEMLGERL

AR BY TE Bls 0k Jr =X, 1l i 445 %5
B BRI T 32 T 0 5 R G RS I SR s 5 DT i
W VK 22 A P IGI () S B
3.2.1 BYTEX%uE &)

1 5038 R R 28 SRR A R AT, TG A
HERLR T ST, BiEE 7 (AR R I AE A
B A B R P S A B A B R A A
HbR, — My 7ol ki sk

ARG T 258 TG T2 K5 TR B B AR X i a4
H AR B A5 B8R, WOl RS B Anek %55, 1 i han



5 41 TP A ST RSk 0% F AR ik L 545
HlT B K VTR, A B DL R #5555 . XA

St ASCH A BY TE i 286 =L

TR R, DA A R P R o 1l
FEASRSES.

S — BB, BY TE ¥4 = 20 K I 47 F Bk i 47 G
Bie, DT feft A A AR BB B i by Sl RRAE B a5 AR
FHIERE R 25 G o

5 B, BY TE R A1 3 A 00 49y #1126 — Y IR i
RIS TUCEC . 5 B SRS W IR AT: 57 31050
P4 ANUARAE AN AT &5 5 R DT e SR F AGARADL i
JEIGBNRHIE B L

BEEFY H ARSI (1438 SRR AR U R T 5t
588 12 R AL, Bk o 5 sl £ H AR

BY TE #fERH 8 Sod i, Or B Bl H bk o

K9 ER5IABYTE FEENPERE. K 9a Mk
25 BA i s 8 TR 7 ¢ TR 2+ L WERst, P9 2 08T Y
FEFEAE BEFC AN S35k 0. 75710, 69, T2+ 2
MR 2+ 30T, BEFE 420k 11 60 SR 4, A 43k
0.31f110.39. & 9b K5I A BYTE #ij i¥i8 25 1k 4L
PREER . ¢+ 2H0 -+ 3, BEFE 42 ARSI 43 B, A6
W25 Rpk 55, BEFE AP b W, B 9c Ml A
BYTE J5 B BRSAVE AL HRZE R . 5| ABYTE S, 1B
ERER % B — R I 45 5 AR AR ) 5 e
VEIC, B B bRwir2aa i, Bl iE 2k

¢ BYTESIAJEHUR

E9 BYTEXRER
Fig.9 Demonstration of BYTE effect

3.2.2  KHFEIERS L B R

DIEIBER AR AN S5 BT MR N . Bl &
ST RE M T H bR 25 i 1A, 0 nT BE i T E AR g
WP o X TR, 8 B H AR R 30 i, 783X
30MTH | 252 (I 5 R D 45 SR 4k 2 0 A T UL i . 30
WS , AL T 5 JORE BB B R & B
0 K S TSP T B 2 B ) ek 30 M, il
PEREBR . WP B bR R WU, A Sk S5 i
HFRULHED, % BARGE S i L BT Ll , S8k
i B SEE P T S S B 3 )48t

AR SR HIZE T 0 14 25 2R T A2 R 5
I 0 T 0T 114 25 SR IS , R P I IS [ a5 ) 25
B, Sy T s L R VE SR s AT R R A
() b (o FH 6T g sl o 8 A DE FC SRR A I H b 55 2%
RO R, SE S K

(D) JE T A ) 2R HUB RS BRI

WA T I T P 2 D SRR, W)
ARG I T30 S XI5 3 JEE 2, WA ) S
AT AR g AR 10 A {51, 0 g 1 o 1 ) R B
AR AR A T, ELE Rz sl BT Y



546 [l o K 2 2 MCH 9K BE 2% O

%52 %

TRPGBBIRA AT I

B R BITE R W, 80 H, (2, 3, w, by 20y, ) N
Bk R IHIR S (2, y ) NI FRHE L B AR AR,
(w, h) W FHRER GERNET (20 .0 ) R0 FHE H00 55
HaET o BE( 20, 31y @iy by Ty Yo ) I TR AR ZS
L (2, w, by 2, y,) Gt RIR B HINAE 2
P10 R 20, ERGE B (2, 3, 0, s 20 30)
R A 2RSS o 2 T2 AR Y T
B EKR (21, y, wi, hl,x,,,l,y,,ﬂ)ﬂﬂim 1+ 1%
Bl

E10 RKEmEULH

Fig.10 Explanation of state vector

X e B A ) W R T R i SR
(yr—bh)<<0, HbpfE L5 (21— bw)<<0, H
PRAEZED A (yy+h+ b6 h)>H, HFRTE 1A
(1 +w +bw)>W, BFrfEA AR bR HLHTR
H, B 0.5,

(] s 2447 3 0 DR, 82 AT WA >R FH AR < ot v
PR I VAR N 2 [ N e SN = I 78 495 o 1 o
L < Z, B A7 53, > y,n, HARE ] L
ym<ym1, Hj:/ﬁﬁgﬁ—l:o

BG5S TR R I T R AR
RIBBEALER o B I [R] BSR4 1Y 25 2R s AN f2 DA
SRR

LT T A ) 1 25 O B30 R I A 1 U AR T [
11 i Hrp s B BRGBES S HHY—4>JT
KON ERPIL . s x5y 0+ VRS ZIEGE s
XTI HARAE A AL AR (AR HR 5. wi s by R 2+ LI
ZNHGE s P FE B o S, T S. You N L+ LB ZIBIE 5 1Y
HUDREARBR NABR o 5. 2,8, y, M LB 20 s o v
OB ARBR DA AR

(2)FEF Py s B B VCBCAE I

R T AN A S s R TS 3k
DETC , VG C A BT Ay e A A A DG i 2 DS gk 1
HE AV B 4 A DG J5C 2 D0 vy A 0 A 5 11 15 B
ARDC FC 2 R BIE . A 22 () A AR BLRE B £ bz 3

A BRIBES S

il SR EES S i

: forsin S

cifs.yy— 0 Xs.hy<<Oands.y, >t y,, do

: delete s

cifs.ay— 0 Xs.w,<<Oands. x,,>>s. x,, do

: delete s

cifs. o +s.w, + 6 Xs.ow, > Wand s, x,,<<s. x,, do
: delete s

sy s b +bXs. hy>Hands. y,,<<s.y,;do
9: delete s

10: FOREE I ERBPBIRIELT S conein s Sremain < Stost

11 : return Sremam

E11 EEFFEERNEBBRELRE

Fig.11 Algorithm flow for removing lost trajecto-

O~ O Ul = W N

ries in speed discrimination

ARARLBE L B H Br Az I AE 55 500308 g s i FAE 1 ToU
(intersection over union) .

T3 52 01 FAEAR S AE 28 40 R R 2 g il
BRI, & b — B 20 280k H AR I 45 348 1E ) Bk
(L W T RRBGE, b T EF R BA &S BIE,
FETEIR 25 o BVBRIE 2R LAS , I S A AN, £
FEAAE

&1 12 J s 7 | A KE T3 13 )1 ) 25 2k B3l # i
ST Iy s B Y DR | B R AR Pk B
Bl 12a R 5] AFTRCR , 26 50 A 4 P9 Er e S
14, TELLAT I IA] 32 B B[] ™ 2 1Y , S PY B [a) 3k
] 500 W, Bidb— E AL T Z AR, 75 840, H1 4=
FORRIN R, By K A U, 8y 39, [l 12b A
JEROR . KRR Z A, 58 B A S0 5, K
RBP4 ER R B, B KIH S 5, BRI
BRI .

3.3 BIoUEHBMEEEAR

BloU §" Kk i1 FAE 5 B ArAer IAE i UC Bt 1+
RS (], R 2R B I O 1 T i 22 . IS 3
S I HARX R AIREL S SR, FECR/R 20K
PR A B SRR . IR R
Je U T Ay 5 S PR A B 22 R K, ToU $5fE
I, IR, B3 v I

BloU 7EAN i A% 171 FHAE 1) Hhos a5 07 B L 58 i b
TEARBYRTSE T, ¥R FAE T AR, An & 13 i, Sk
HE Ay S b i AT | R R ME N s FHE . BT
PG R GRS AE RS w b VRS
(19300 FAE T R = R o, Rl Ao PR IRTIN G 2R H

b Wy W h,— h
2w 2h
Ao WP FEHREL

(D




o5 4 1

O AR SET RIS 1 2 B FRIRER L A 547

b Bk AR
E12 EXPUSBBREENLBMELERIRET

Fig.12 Demonstration of lost trajectory removal algorithm and historical position matching effect
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Tab.1 Annotation categories of roadside data

Z 1D Z 1D
ignored region 0 truck 6
pedestrian 1 tricycle 7
people 2 awning-tricycle 8
bicycle 3 bus 9

car 4 motor 10

van 5 others 11
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Tab.2 UA-DETRAC comparison experimental results
Bk IDF1/% DS FM MT PT ML MOTA/%
SORT 72.8 440 6 300 1328 815 194 52.7
DeepSORT 70.8 1073 4479 1315 765 257 51.3
ByteTrack 72.5 430 6 186 1376 796 165 50.9
FairMOT 68. 1 819 8074 1307 760 270 45.4
A 73.0 620 4318 1351 795 191 54.6
#=3 EXLHEXLELWER
Tab.3 Real-world scenario comparison experimental results
(A7 IDF1/% DS FM MT PT ML MOTA/%
SORT 84.1 40 432 98 24 10 71.7
DeepSORT 82.1 75 512 95 26 11 70.8
ByteTrack 83.5 26 325 104 22 6 71.2
FarMOT 83.4 139 613 100 26 6 74.1
AR 86.5 24 320 113 14 5 75.3
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Fig.16 Visualization results
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