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(CenterTrack—EKF: Improved Multi Object Tracking with Extended Kalman Filter)
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Abstract

Multi-Object trajectory modeling is a major challenge in MOT. CenterTrack tried to solve this problem
with a Heatmap-based method that tracks the object center position. However, it showed limited performance
when tracking objects with complex movements and nonlinearities. Considering the degradation factor of
CenterTrack as the dynamic movement of pedestrians, we integrated the EKF into CenterTrack. To
demonstrate the superiority of our proposed method, we applied the existing KF and UKF to CenterTrack
and compared and evaluated it on various datasets. The experimental results confirmed that when EKF was
integrated into CenterTrack, it achieved 73.7% MOTA, making it the most suitable filter for CenterTrack.
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E 1. MOT170llA] sto|mfmi2tale @ ==t Z1t

0 Recall | Precision MT PT FP FN MOTP MOTA IDF1
0.1 75.0% 98.4% 52.8% 35.7% 1.2% 25.0% 0.116% 73.0% 71.3%
0.3 75.3% 98.5% 53.4% 34.8% 1.2% 24.7% 0.111% 73.4% 72.2%
0.5 75.5% 98.5% 54.6% 35.1% 1.2% 24.5% 0.111% 73.7% 72.1%
0.7 74.2% 98.8% 50.1% 36.3% 0.9% 25.8% 0.103% 72.7% 71.7%
1.0 75.2% 98.2% 52.5% 36.0% 1.4% 24.8% 0.117% 73.2% 71.5%
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We AEZ 442 =Xe 49 FN(False
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&S g4 o7 Hrsitl, MT(Mostly Tracked)

= 3 Yol 806 o4 AEHoz FAu A

H]&-S ov]akar, ML(Mostly Lost) 20% w3t 3
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of BE A3S ek -8 KRS 4
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E 2. MOT170lA X etst= gt It CenterTracke| Ms H|w
Method Recall Precision MT PT FP FN MOTP MOTA IDF1
Center
Track 74.7% 98.4% 52.8% 35.4% 1.2% 25.3% 0.110% 72.8% 71.9%
rac
KF 74.7% 98.6% 54.3% 34.8% 1.1% 25.3% 0.103% 72.9% 72.2%
UKF 75.0% 98.5% 54.0% 35.4% 1.1% 25.0% 0.104% 73.2% 72.1%
EKF 75.5% 98.5% 54.6% 35.1% 1.2% 24.5% 0.111% 73.7% 72.1%
E 3. MOT160A{ X otst= gt b CenterTracke| As H|w
Method Recall Precision MT PT FP FN MOTP MOTA IDF1
Center
Track 75.3% 98.3% 54.3% 36.4% 1.3% 24.7% 0.110% 73.3% 72.4%
rac
KF 74.9% 98.4% 53.1% 37.7% 1.2% 25.1% 0.109% 73.1% 72.4%
UKF 75.3% 98.2% 53.4% 36.4% 1.4% 24.7% 0.110% 73.2% 72.2%
EKF 75.6% 98.4% 53.4% 37.3% 1.2% 24.4% 0.111% 73.7% 72.8%
E 4. KITTI trackingoll A H|otsl= gH 3} CenterTrackel As H|1
Method MOTA Recall Precision Fl—score MT ML PT
Cent
enter 66.4% 74.6% 91.3% 82.1% 46.4% 13.1% 40.4%
Track
UKF 67.1% 74.7% 91.9% 82.4% 46.4% 13.1% 40.4%
KF 64.6% 74.6% 89.5% 81.4% 46.4% 15.4% 38.1%
EKF 67.4% 75.0% 91.9% 82.6% 44.0% 13.1% 42.8%
%82 CenterTrack?} 53 Recall S 2. e E‘ﬂr & 737% MOTAZ 2A ),
Ak MOTASF MOTPA ¢F7ke] $-915 Bt EKF+= ”H AR A3t AHS WA FA R
27 opgel A7kl mE g 2T B3 oy MARAOR A% 2 0B AR BT 9]
oo] QA A3} Ao 711 A¥2 FekE) gimol thE WHE b e Ass Bk o
UKF #-8-& EKF9} Hlulste] 1% w|vke] A5 #fo] 24, EKF 542 34 4% 3 F83 98-S
& Btk o il ME BAZ B 5 Q] ARl T o2 BAEG
2+ EKFol| F3ste] AHeg B4t 3o} ¥ 3% 4= 242 MOT16¥ KITTI tracking©ll
EKF A$-& 755% Recall?} 985% Precisiong 7| gl Az}t F 39)4 CenterTracks 75.3%
9t} o] = vy RES A slele] Al 5 Recall, 98.3% Precision, 73.3% MOTAZ X
Ho| 4 Ao A AT F Qe QAE A t}. EKF 48 75.6% Recall, 98.4% Precision,
S oo melE BH, 24 gae] 4498 A 737% MOTAR t2 wyud $58 4%
Fsletes G F4 A o 7oz Bt} % 4olA EKF A8 67.4% MOTAS}
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(a) (b)

a2l 5 M etsts g3t CenterTrackel MOT 17 &%

| (a) CenterTrack =& Z 2} (b) EKFE CenterTrackoll
_7;=_

5. MOT170lA Private Protocololl 2 EKF CenterTrack

o Hlm 28 Zte] M5 H|W

kH

82.6% Fl-scores 2433t CenterTrack tiy] Z}
2} 1.0%9 05%9] e &S B =itolA A

3
81 BKF= A8 A4S sukos stuA A Other Method MOTA IDF1
Q4o ARse wdz 2ap 2 oly] wEd o CenterTrack[5] 72.8% 71.9%
2 WS oju] KITTI tracking do] €] Alo] A 92 Tracktor++[14] 53.5% 52.3%
g Aes Bl Ao siqdn s EKFw A TraDes[15] 69.1% 63.9%
83} 9o A wHES EAE] wjio] 7k v Al QDTrack[16] 68.7% 66.3%
& Ao] 9= A =4 Ao At o] vt vy MOTR[17] 73.4% 68.6%
e PT7F =%t FairMOT[18] 73.7% 72.3%

¥ 5% MOTI17 dlo]g Al ts] #|tsl= W ByteTrack[19] 80.3% 77.3%

Wyl 7] A F2 2de] MOTA, IDF1 A% Proposed 73.7% 72.1%

S vt Ayt At W2 ByteTrack © Sra giolgs S oF 2 olTh

= Al93 & 2 &l vs) MOTASH IDF1] 18 5= MOT17 Hlo]|Ej Aol Aoksh= 1w o]
AR S A B Ol T ag g 2 seg Ao naF @st
EKFe] wld® A8 4 s¥ol st 54 & (b)= 71¥ CenterTrack¥} EKFE %83
Aol A FH FALE EAANLR L conerTracke] A3z, (DA A 27137F 4
WA TS A S, AYHE W gap) ooy gg weiFeh A 271811 A4
¢l MOTASH IDF1e] ByteTrack® 0t AZR o1 g ojg= o) 279 A walahs 043 24
v U= #Zt}h ByteTracks 9153 Zy < A 27] 24 Bl AFEE =o]7] wie]u)
e HE ANE APk ol 92 dags

S T dEE EdS avHoR A st vz =

A #AE Aol And 2L FA 3}

WA, CenterTrackS A% 2395 @ WA= 2l CenterTrack®] 2A| 4 A5 s 9
el st7] wWE weE gxdoly Arzte] ¥ EKFE =dste] B39 oA AA o] vl
Aol FHokate] 27 ALAL gA 8] ojgy. A FAYE EHH R FASE S ALY
A oFsl= WS CenterTracke] 7]1& vlo]Z g} o} $-2]+= CenterTracke] A #% 4A3E EKF
018 7|hto 7 AE3 7] wio] Matching ¢ 8 SRS ARk, AA o] A9 £ 4
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