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lets) \FP (false positives) \FN (false negatives) 5 $5Fx I B S i T OACDASM (online association by continuous-discrete
appearance similarity measurement) . STURE (spatial-temporal mutual representation learning) . IQHMOT (identity-
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MOT15 %35 4 % B ETH-Bahnhof . TUD-Stadtmitte 55 PETS09-S2L1 3 >4 2 41 A7 7 fl 52 56 , 0 E 38 n H A4
J1 2 )5 WG SIS S, T RSB 45 R B HARE FH ) 22 )5 T LA H bR B R RS B A A e A | DA i
PRI RTINS ASCTE B AR S HRE R AL 2 _E38n B AR faE T T, nsi T F bR TE] i BaE G
WD BR Y EARECEE A RO R T E AR R AR

KB £ HARRER (MOT) ; S5/ MUHT L s BFRVERI T 3 HARAI I ; 4t 2x Dy A6y

Integrating similarity and interaction force between objects for

multiple object tracking
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Abstract: Objective In the field of computer vision, object tracking is a critical task. Currently, many different types of
multi-object tracking algorithms have been proposed, which usually include the following steps: object detection, feature
extraction, similarity calculation, data association, and ID assignment. In this process, the object in the video sequence is
first detected and a rectangular box is drawn to label the specific object detected. Then, the features of each object are
extracted, such as location and appearance features. Then, the similarity of the object is determined by calculating the

probability that the object in the adjacent video frames is the same object. Finally, through data association, the objects
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belonging to the same object in adjacent frames are associated and an ID is assigned to each object precisely. This paper
mainly focuses on the feature extraction and data association stage of the object, using combined features to represent the
characteristics of the object and then increasing the interaction force between the objects for enhanced data association to
address the problem of mistracking in object tracking and thus improve the accuracy of object tracking. Method First, the
multi-object tracking problem is transformed into a maximum a posteriori probability problem. Second, the maximum a pos-
teriori probability problem is mapped to the network flow and the minimum cost flow is used to find the optimal path. To cal-
culate the cost between the object nodes in the network flow, we consider two aspects. First, we calculate the similarity
between the objects by combining the appearance, motion, and position information of the objects. Second, we consider
the interaction between objects and objects, referring to the attraction between individuals in the social force model to calcu-
late the force between object nodes. Result The experimental evaluation on three public datasets MOT15, MOT16, and
MOT17 and a comparison with the latest 12 methods show that the proposed algorithm performs well in multiple object
tracking accuracy, mostly tracked tracklets, mostly lost tracklets, false positives, false negatives, and other indicators;
these indicators are significantly better than those of online association by continuous-discrete appearance similarity mea-
surement, spatial-temporal mutual representation learning, identity-quantity harmonic multi-object tracking, graph convo-
lutional neural network match (GCNNMatch) , and other typical algorithms. Ablation experiments were carried out on
three video sequences of TUD-Stadtmitte, ETH-Bahnhof, and PETS09-S2L1 in the MOT15 dataset to verify the data asso-
ciation results after increasing the object force. The ablation experimental results show that the object tracking accuracy
and other indicators can be improved after increasing the object force, especially in video sequences where occlusion is not
obvious. Conclusion In this paper, the force between the target nodes is added based on the target multi-feature, which
strengthens the data association between the targets, reduces the number of misfollowed targets, and effectively improves
the accuracy of target tracking.

Key words: multi-object tracking(MOT) ; minimum cost flow ; object force; object similarity ; social force model
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% HARIREE (multiple object tracking, MOT) & —
TSR AT AT 55, 20 T H sh 2 50 HL
TS HUFIPLIA 53 M4 (Law F1 Deng, 2020) , Hi 8 2
PEE 245 8] T 2F AR BRI Tk A B 5 AR (Ciaparrone
45 ,2020; Sun 55, 2021) . 55 HAREREAH L, MOT
T B PLE 25 2 1 ), an B bR LS Ok L B
PRAGIERS | H bR RS AR S TP AE . iR

T T8 2 MOT 73 AEATR SR AN BRI 21 BEAR Y R
ERaE R R R R TEF B AR AL Soh s T
N BAFIPERER —A B iR, HIRHE FEFE &R
H 5 1D (identification) , R, MOT 4K SR J&— A
154k 2 0 98 H B A Pk 81 19 18] 8 (Abdulghafoor il
Abdullah,2022;Sun%%,2021) .

WA T8 BB AR () 22 HARERES , 40 Kalman 3§
(Li %, 2010) AR T UE 3 (Okuma %5, 2004) , A DL
FH TS BRERAT 55 B B AT 25 2t SR R AN U
BRAEI)E ., UTAER B B AR IR RE Y B T,

K1 st e MoT
Fig. 1 MOT in a crowded scene
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Bk i 22 A58 N 51 7% &R TBD (tracking-by-
detection) J7 % XF 24> HAR#E4T B ER . TBD J7 ik /&
3 3 O SCIBORE I Sy 1) H b % R IE L, B
DL B R B (] R B 58 S H AR 22 18] 4 DG IR , ol
i, FU SR ARG I 7 A 1 B A e DG IR B 1 i R R
Ko H TR AE SRAT D B SR A A, X S B4
SRR 24 1 BRER 45 RAT AR ISRZ ), PRI TBD J7 k1Y
SRHEAE T H ARSI 25 SR AR SCHR O HERf 1 . 2STF
It (intersection over union, IoU) 2. % (Bochinski & ,
2017) j2—FRES LAY 3 TR A9 MOT 303k . %54
i ARG R AR, AL A R AR i, AT
DUl B 5 B AR ZH Y ToU, 38 5 35 15
(BRI H AR5 75 5 BT 58 i H AR BRERAE 55 o (Hih
TARGIAARATHBIEF D 32 SR RSP
S B R R ) R DA A e A S Y
HFRIE AR (48 O, 2 T30 1D S 014, HLAR HAK 6
H bR IS Y PERE

BLAS 5 2 BRI TR JE , (A5 H ARk A 1
TR KR By HE 2L BB SR IR J2 MOT 1y — Bk
Bewley %5 A (2016) i Ff| Faster R-CNN (region convo-
lutional neural network ) Xt H #r £ 47 K0 , ] F Kal-
man Y& Ak B0 T (1] 19 SE B4 | B2 )5 F Hungarian
¥k (Kuhn, 1955) #£47 BARDLHC, {ff H br B 2R P GE
FETt T IUAA% o SR AR Y 1D D4 1] 5 L A
B, 38 P H bR DL Koz sh A TR e 1 IR ER AT 55 -
Wt Jm LA S RSN IAE B (Wojke 55, 2017) , ]
2 M 2% (convolutional neural network , CNN) &
WCHBRRFAE 5500 1 %8 ol 2 [ B RSB I BR A 65 1
P, HE PR S 8L, o TSC 8. ByteTrack 5%
(Zhang %5, 2022) j&& — Ff 5 T YOLOX (you only look
once) H b A il (Y R ER 515, 5 H il 9E RelD (re-
identification) B ¥E—FF , AU T H ArAs U i 45 5]
ARG U AE 157 7 B , BRER 7 5 5 DeepSort(Wojke %,
2017)AH A, #4948 T Kalman 38 5% 15000 &6 U AHE , {5 FH
Hungarian 535 #6147 H bR FPLE [ B VE L . ByteT-
rack FT¥E B S RANHTTE T T AR 0 HE XS SR ER 55k
PEAT T R DREE A el 1 BR R A A v DA Ay 4
Y LAY 1D Y45 R

W A SIS 4 Jay DI A 1) 730 ) G 0 )
MOT J5 i, 1 BB AR , anRE & /M (Milan
§,2014,2016) .5 EEHLY) (Bombardelli 4, 2019) |
/MU R4 (Ren %5, 2021 5 Berclaz %, 2011 ; Han

F5,2017) 5%, S&AFRENLY 2 T H bR R Y 25t n]
L, T e Tt PRSIV A e /M X 48 A —
Pk J7 B 523 MOT., Pirsiavash 25 A (2011) $2 H —
Tl AT 0L 5 228 1 B it D TN 285 I ) ) i B e S
PRAEA o ) BR K B2, (B T H AR 11 IDs (identifica-
tion_switch) Kb BEANEEAH . Zhang 55 A (2008 ) i 33 #5z
MR IR AR R B A Ry B A DGR, Oy T e H
PRI [l B, b el T G RY BRI A
ARG BT A B AR R AE S R B, 6 B AR
R AR E B AL o Lin 58 A (2017) 48— i 40Uk
KGN AP AR, X6 3P RN 5t U 1 E b, ST 0
P07 A5, 3 i Ak A i B AR IR fif e X 2%
LA, SRR T AR TR Z MR ER g L (H2
TEA L S B TR S B IDs. Hu %8 A (2020) it
P2 P IR EE A T el T B H AR ERER AR R AL
PR AT SE ARG, - [R] B de it 7 s SGl . e Ak, At
254 T RelD W25 Fi5 B A R B 4 53 501 2% > S0
Fliz SR, 55 5 1) 5 KA A1 R B AE A s
XFEbREEA T RS BC . A TR 2 TR
TEHE T B A5 B U8 I 25 AR 5 R il B AN R AT A%
HIS PE PGS D FAE , 3 T i 2 IDs SR
S5 N (2013) 5 XA 25 22 H A SR 5 37 55 04 2 4 7]
R, B — P AR Y 11 35 R Y 22 H bR IR ER TR
o B IRER I =T, REAB IR 55 ¥ 0 1
P40 A P IR B 4 2 2 XTSRS A T ) S e, R
PREEVEAR R THEF . Ty ORI RUR (2020) A HI#L
W EAE BN 2 B AR IR 73 R SR O IR A 4 R DGR P
ANEW o TE R ORI b, B AF BE 5 i AT SE L A
AL A R/ INAEARLRE 5 4 FmTAG I e AT OG5 78
& Jap CHR T, EAR AR AN TSR L 5| A B S A
FIA RIOCHRE Bl — 20 OCHE o3 Bo i 0l , 7e 42 i H
PR A RARAIE s 5 | A3 5 2 P 050) A 1k DA i ok
S0y e 4 () {0, ARHE BT FEAS 5 HAREEA Y (E /9 5F
WLRRAE 22 5 38 0 BT H ARSI RS 45 2R 3R B
G BTEL LA T S > X+ 7= A 1Y) B 4y
A A R FRIOR o

IR PR ER AR AR B H AR 2 T S AR H
Priz sh B2, A S e H bR Z B 29 5 &, 3
H bR BR B2 A 1D A B i i, 4k 2 S (social force
model ) (Helbing il Molnar, 1995) i i % & H 45 19 HE
JF 77 GRS BRI H AR HE R 91 LA K515 H AR
B — Ty 1) 2 04 5K B g R B B A A A H BR Y iz
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Cavallaro (2013 ) F| H el B 425 77 A5 R BL 0L E UL
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FEo BERY SRS LR AL T — 2 26 S (H AR) F
I i 0 Tl WL DX Il P A 1 B A d S AR A
U IR — WL DI ) AT A B e 43 e A o)
FEA , JHLIE M SR AN A 1 37 5 HA AR B 1 R B
ROR 35 TG 2 3 1 BRI A S Al R R M
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Leal-Taixé 55 A (2011) (475 3 7, 188 32 X 4 ] 15 21
R[] — it b A 2 [ 8 4 ] O e B 25 AL, e
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FEA, DRECHAG AR TR Y 3R, T LA FH 3 S R4 o il
A HA B 5~ 258 B R 50 5 BR B — ML
Zhang %5 A\ (2008) (1) H 12 itk H AR 5] 8 4 R
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R, 2% i H A 2 B i IR, B TS = E bR B
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(a) KB H bR

(b) FRETIRMILS

(c) HFMARERINE ) I ki

RS E | R IHCF Leal-Taixe 25 A (2011) i Hp g5
T ARG IAASC 2 S AR AR H bR i AH B4R
3, A& [/l —mwtrb i B AR VEH g, eah a3 im 1
HERHMI 32 S E A B IR EE SRR
ASCEE Bl H AR RERE R 2 H
PR B . MR K HARIRER E LR
— I KR A (] A, T /MR A I 28 3 B
SR A B R B MR [ R ) B A A, B 548 H AR .
J TSR AR S BARZ AR, 256 T B
PRI ToU A7 B A B, i 4 R RRIE TR H bR
Y . SEPR S, B —A BARE sl 252 2]
ﬁﬁﬁ BRI, — A H bR iz ohid & Z 2B
A48 BRI . A T8/ BARZ (B9 IDs, % & H
ﬁ&,ﬁ\éﬁﬁ HARZ WA EAER- 1. Rl , X F
R 710 i (1B 2SR B B 7 -0 65 i o (W P 51 SRS
FIRERE A o FH AT WA it b 8 AN H AR I 5 |
KENPER—A BAR T Re stk , 51 A T4t 4
IR BARZ M IVE R 1 o BAR DT a2 Fl
FRAS I E () B bR g7 — > HA UR & SRS 5 1 )

2%, i —A BARE A M R i — 1 e KA,
R R SR [ R A Ry — A i R S R [ R, 4

W 12 1) 0 e Sk 81 0 24 3 b, R e /M U (mini-
mum cost flow , MCF ) K fif 0 28 3 [ 1 , 8 2 i L ads
8o Ao BRI AN U )8 1Y) S A FE T T,
PL—FA 800 05 g A B 2830 b, S8 B T 4y di
i o AU FR O NF_SKFM B3, El 2 B R T
NF_SFM 5034 B AT FEHESE o

(d) MCF{fi:Ak.

(c) HRERZR R

2 NF_SFM i) HbREREZHESS
Fig. 2 Object tracking framework of NF_SFM ((a) detected objects; (b) cost flow network ;

(¢) fusion of object similarity and force ; (d) MCF optimization; (e) tracking results)
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55 i

(a) ZEZE 3 WILSFH1

(b) H I R
I3 g 3 WA A (1 1 25 75 T2 AT (Leal -Taixé 55, 2011)

Fig. 3 Schematic diagram of the network constructed by three consecutive frames of video (Leal-Taixé et al. ,2011)

((a) video sequence with 3 consecutive frames; (b) schematic of the constructed network )
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(Yang %5 ,2016) ARG 45 5
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AR SCRHTELTR 7 W46 bR 0F A B b B R PR BE
1) MOTA (multiple object tracking accuracy) , 2 H #5
B R BE L BCE il 3R H bR BR BR RO ORS B s 2) MT
(mostly tracked tracklets) , K ¥ 3 B R B30 ) 253
A3 B0 80% LA b 115 45 5 3) ML (mostly lost
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W H /N T 20% BT 455 4) FP (false positives ) , 15 BH
P BB AR B TR B 322 LS Y L (H S PR 2 ik
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Table 1 Impact of object node force on tracking ability

PS5 R MOTA/%( 1) IDF1/%( 1) MT(T) ML(T) FP(l) FN(l) 1IDs(])
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Fig. 4 Tracking results on the MOT15 dataset ((a) tracking results for three consecutive frames before increasing target force ;

(b) tracking results for 3 frames after increasing target force)
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Table 2 Comparison with other methods on the MOT15 dataset

ik BRAEELD
MOTA/%( 1) IDF1/%(T) MT(T) ML({) FP(]) FN( ) IDs( })
Tretrd15 (Bergmann %% ,2019) 44.1 46.7 130 189 6 477 26 577 1318
OACDASM (Li%,2022) 30.9 46.3 137 258 14613 27 312 541
HSAN (Liu%¥,2021) 38.0 48.3 168 175 12 245 24 521 1310
AMIR15 (Sadeghian %5 ,2017) 37.6 46.0 114 193 7933 29 397 1026
GCNNMatch (Papakis %5 ,2020) 46.7 432 157 203 6 643 25311 820
NF_SFM(A3C) 50.58 39.3 191 181 5610 23298 1453
TE I TR SRR B 51 e 45
&3 FEMOTIcHIEE FSHAMA RLILE
Table 3 Comparison with other methods on the MOT16 dataset
ik BREELZ
MOTA/%( 1) IDF1/%( 1) MT( 1) ML( ) FP(]) FN(!) Ds( )
OACDASM (Li %§,2022) 49.2 49.2 140/- 277/ 9832 82018 736
HSAN (Liu%5,2021) 53.0 54.7 154/- 271/~ 5259 79 671 779
IQHMOT (He %% ,2022) 58.6 62.4 -/26.1 -/36.5 4074 71 206 370
Aplift (Hornakova % ,2021) 61.7 66.1 260/- 237/- 9168 60 180 495
GCNNMatch (Papakis %5, 2020) 57.2 55.0 174/- 258/- 3905 73 494 559
STURE (Wang % ,2022) 44.6 39.9 =/11.7 -/47.69 3543 -/ 801
MPTC (Stadler Fl Beyerer,2021) 62.9 65.1 195/- 240/- 3361 63 565 685
MPNS (Brasé #l Leal-Taixé ,2020) 58.6 61.7 -/27.3 -/34.0 4949 70 252 354
NF_SFM (43¢) 63.2 40.5 235/31.0  161/21.2 8 760 55721 2 693
E I AR S S R EE R 1 RIS R OB [F)— MR bR PR 5 77 =X, IR BB B %, = R i SOR e ik
AR SR AL
F4 TEMOTI7THIEE ESHMTFELE
Table 4 Comparison with other methods on the MOT17 dataset
ik RAEELD
MOTA(T) IDFI(T)  MT(T) MI(]) FP({) FN(L)  IDs())
Trackror++ (Bergmann 4§ ,2019) 53.5 53.3 -/19.5 —-/36.6 12 201 248 047 2072
OACDASM (Li % ,2022) 51.7 50.5 516/- 823/~ 28 484 241734 2 456
HSAN (Liu%%,2021) 53.7 54.5 528/- 804/- 20 393 238 002 2 639
DeepMOT (Xu %5 ,2020) 53.7 53.8 -/19.4 -/36.6 11731 247 444 1947
JBNOT (Henschel % ,2019) 52.6 50.8 465/- 844/- 31572 232 659 3050
NF_SFM (A&3C) 57.4 45.5 562/23.9 796/33.8 10 284 225672 4614

E R R R 2 9 B U4 2R RS BT 2R A — AN SR bR B PR R 207 3, TR B R 5 % , =" SRR I SOR B

PARRLSCIEE R
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Fig.5 Schematic diagram of tracking results, with rectangular boxes of different colors representing different objects
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