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Abstract: Multiple object tracking (MOT) is an important task in computer vision. Most of the MOT methods
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improve object detection and data association, usually ignoring the correlation between different frames. They don’t
make good use of the temporal information in the video, which makes the tracking performance significantly
degraded in motion blur, occlusion, and small target scenes. In order to solve these problems, this paper proposes
a multiple object tracking method with the aligned spatial-temporal feature. First, the convolutional gated recurrent
unit (ConvGRU) is introduced to encode the spatial-temporal information of the object in the video; By considering
the whole history frame sequence, this structure effectively extracts the spatial-temporal information to enhance the
feature representation. Then, the feature alignment module is designed to ensure the time consistency between the
historical frame information and the current frame information to reduce the false detection rate. Finally, this paper
tests on MOT17 and MOT20 datasets, and multiple object tracking accuracy (MOTA) values are 74.2 and 67.4,
respectively, which is increased by 0.5 and 5.6 compared with the baseline FairMOT method. Our identification F1
score (IDF1) values are 73.9 and 70.6, respectively, which are increased by 1.6 and 3.3 compared with the
baseline FairMOT method. In addition, the qualitative and quantitative experimental results show that the overall

https://doi.org/10.12086/0ee.2023.230009

tracking performance of this method is better than that of most of the current advanced methods.

Keywords: multiple object tracking; spatial-temporal feature; ConvGRU; time consistency; feature alignment
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FHRIEE, AR, SEWCRART TR, HATE
f)JE, SR CSTrack J7ikH) MOTA HAEA S ik,
A2 IDF1 {HAA SO AR, X AT LA FP. FN 45
FRFTMT. ML, IDS #5b5H ] I H, CSTrack Jiik
AR INRICR LU A SO ¥R, AR BRERSUR AR SO 2%
MOT20 #4541 HARTE InAA% , HbrEP s 5w ™
0, PRI BAPREE, SCeai ik 2 s, mITLd
B, ARCTEETE MOTA $5 45 L KB 84
2 H AR IDFLAE, Jf A R A PERE SR T LU AE
MOT17 64 LN, BLAAR SCO7 vk i) 25
TESE BB HAE RS AN/ H AR 45 R MES 5t b T g R R4 E
. XF e IEMETT 5 FairMOT, IDF1 {8 15 67.3 327+
%706, $27+7 3.3, MOTA {5 61.8 #£71 % 67.4,
&F+ T 5.6, IDSHEIRULA TR (HAFE R,
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A1 AXFikb kit ke MOT17 #038 & Eagxfrbss R

Table 1 The tracking performance comparision between our method and other advanced methods on MOT17 data set
Method Year MOTA? IDF11 HOTA? FP| FNJ MT? ML} IDS| FPS?t
TubeTK™! CVPR2020 63.0 58.6 48.0 27060 177483 31.2 19.9 5529 3.0
CTracker™ ECCV2020 66.6 57.4 49.0 22284 160491 32.2 24.2 5529 6.8
CenterTrack!™ ECCV2020 67.8 64.7 522 18489 160332 346 246 3309 22.0
TraDes!! CVPR2021 69.1 63.9 52.7 20892 150060 36.4 215 3555 3.4
FairMOT!"" 1JCV2021 73.7 72.3 59.3 27507 117477 432 17.3 3303 18.9

TrackFormer™ CVPR2022 65.0 63.9 70443 123552 - - 3528

MOTR!"™ ECCV2022 67.4 67.0 32355 149400 34.6 245 1992
CSTrack! TIP2022 74.9 72.3 - 23847 114303 415 175 3567 16.4
Ours 74.2 73.9 60.1 27129 116337 43.8 19.1 2367 10.9

A2 AXFikb kit ikE MOT20 #048 & Eagsfbss R

Table 2 The tracking performance comparision between our method and other advanced methods on MOT20 data set
Method Year MOTA? IDF11 HOTA? FP| FNJ MT? ML} IDS| FPS?t
FairMOT!"” 1JCV2021 61.8 67.3 54.6 103440 88901 68.8 7.6 5243 8.9
TransTrack"" arXiv2021 64.5 59.2 - 28566 151377 49.1 13.6 3565 -
CorrTracker”” CVPR2021 65.2 73.6 - 29808 99510 47.6 12.7 3369 -
CSTrack™ TIP2022 66.6 68.6 54.0 25404 144358 50.4 15.5 3196 45
Ours 67.4 70.6 55.6 49358 117370 59.6 12.3 2066 4.8

R4 CorrTracker 7/ IDF1 8 A ks, H
MT. ML LA IDS 3X SE 17 f i 25 45 A0 45 bR AR F A S
TR, BEIAASSOT AR RCR AN H CorrTracker 75,

4.4 HEEKI

AR ST il S g Al B 6 A~ A A Bl HiE 4R RN
MOT17 BIFTEFESIE NI, MOT17 BYJE 2K FE5
YENBAESE . AR SCIREFT T ConvGRU FIRAE X 5 B
XK IR R RE RS . DGR 3T LR, i
ConvGRU FIRHIE X FFHE I BB A e T 2 H AR IR ER
PEfg, Hr i E 2R MOTA 5 69.1 2 7+ %
70.0, IDF1 HJR 72.8 #£F+ = 74.8, {HIRRKRA T
FhE, A IAREXS SRS A T it . HAT T

2, AT kR IDs R E T ik WA e m, {5
ML ##5, ML MK, S50 1Ds &5 & 6 0T B 5o/,
M IDF1 f8hrti e F A AR M RE T 4

A SRV T I Rl S B0 PR S8 A 1) i A A B XoF
PREFMERERYSEM, Q0% 4 PR SO0 8 i A K
M2 3 hnF] 8 i, MOTA 1 IDF1 $8 b5 20 S48 7 17
L1 A 1.3, DR 2 i A B2 B 3G mT DR i iR
ErEbERE, BOAVRENSARAT Hh~ o) H AR R AR OC R .
SR P8 i A BE RSN, IDs o bz 38,
{H MT Rz 38 0n, ML BEZ /)y, 230 IDs & st
e Fe Rk i/, PR DE B R R R AIT, 3t
M IDF1 f8h5Ha] LUE o

A3 RIS IRIZ M AL 09 F o
Table 3 The impact of different components on the overall tracking performance
Method MOTA? IDF11 FP| FN| MT1 ML| IDS|
Baseline 69.1 72.8 1976 14443 143 53 299
Baseline+ConvGRU 69.6 73.4 2434 13729 150 50 321
Baseline+ConvGRU+Alignment Module 70.0 74.8 2201 13715 153 51 320
A4 AMF VAR EATRITE AL Rh
Table 4 The impact of video sequence input length on the overall tracking performance

Input length MOTA? IDF11 FP| FN| MT? ML| IDS|

2 68.9 73.5 2412 14092 143 52 311

3 69.6 741 2108 13990 144 51 319

4 69.6 73.9 2156 13949 152 52 293

5 69.5 741 2221 13947 151 52 313

8 70.0 74.8 2201 13715 153 51 320
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P, BARIBAR SR I R I ROR . SIE RS —

FE, ¥ MOT17 BRI 7 5IE Il 2: 48, MOT17 1Y
JEEFIWENBGIESE , AR SCHERUEAE b E AT o HT
Vel 4 FIRAR SO B ANFEIE TR 0 22 B bR BRI 25 6T
K, mFESIEENE R TR, SHMEREEZ,
ATFAEXF LA, B AR T o ) B AR ey —

MOT17-04#Frame720 MOT17-04#Frame723 MOT17-04#Frame724

FairMOT

Ours

FairMOT

Ours

FairMOT

Ours

B4 ALFkHRoErEaRiek BT RATIL, (a) ID W1dk; (b) R (c) M2 a9iRte

Fig. 4 The visualization results comparison between baseline and our method on validation set. (a) ID switch; (b) FP and FN; (c) special FP
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SEPR R 2k TR R

Il 4 h MOT17-04 MUY, 55 723 iR JEE Ty
ARSI AR I T 1A, EAESS 724 MU Sy
Dok BAR QR R T4 723 Wiy iRk His b, 13 ID
DI 4, WA SO L BeHERR IR T, fA%F HAR
ID, XS R JE AR (Y Re-ID FHAF A T B4 i
B, — PR BRI Re-ID FRAEAAML, R
Sy R 1D Yl s AR SC OV A I 25 R AiE i B B mT
PAFE sy R AT LTS S, (AE2EUY Re-ID R
e, T RGBS Y — IR L 1D Y

[ 4 rh MOT17-04 #ATF 1], 26 542 Wirh 22 F £
(1 B LT AP AMAT AN FHE R, 55 546 Wi
4 BAZEE A AT E AT A AR T A ™
FEPY . EXRERIEOLT, SR B T AR
P HARFI G T BFRLGE, WiA SO 3478k
AEMSIEBIME HAR, X F0ru B T 25 RRAE 4R U
MOVE R o 78 24wt ™ F B T e A5 B R T, i
23 REAE B OB ER mT LA B L) (5 B EF T Rb ST,
AR AR SO A DX A1 A3 14 1T R AR s A 45 i) A
AR,

R A 2 REAE B OB et A7 7E — e b, 2
BT MY 7 A AN R AR IR AR IR SR . s 4 R
MOTI17-11 #ATFH, 45 628 i b e H1a] (1) 27 35 B (0,
AREIAT NP B B P HERS FE SR 632 Wik JL-F-9 56 4=
HEPHTIH R AE T i, AAASCI EEA R A 1, 3
TURREING o R AR SO 3R R AL HA
PATAMEERIBE ST, RIVRTLLAE D s oif B AL 2] S,
5 B AR BRI Y AT WIE 22T 2k T HAE R SR R T
Hirid 258, M i 4

5 & &

WA 22 HARERER Ty s K 22 2 S B i — Wt 45
B, BT AR B RS B T U, X
(B YR ey iy I e R VAN E e 2775 - Rl iDL
W TR BT — R, A SCEE T 2SRRI 57
2 HPRERER 7%, FZiEL ConvGRU FEICILAT -

Rtz 5, AN TR o A bs A2 A7 B AN
LSS5 SRR W I PR R ME L RS 25T F FR i b7
B, AR ZE, PR MR S Okt
iS5 M E AR5 R 5o SEIREs RAERW], AT L
ARARBUN PR, $RTH2 HARIRERTERE, X Wil
T Z AR PR R BA R . Aid, FRIEXS F
B ARLRE 38 Az S R L R A5 B A9 5
L3I L TR N AN 2 I B R LR, R
Kl g prERe, KL, TP TR E ST T8
R0 AR AR U SRS RTINS L, e i A A
ok G R o e 5 85 LA L IR R E TR

6 Bt X

6.1 KITTI #Hie&E LKL RS 57

H 302 WoBEgE KITTI 3E 50 SRR, 430
21 DUNGREET 29 MINRAE, BETIX . SR Flm
OSBRSS ROR AR W LS RS, W TR 2 B
PREE . (EHARE R, T MOT RIVBIELE, %
BAREMUREAL, BA 10 fps. KITTI EW2E0K 5%
M BEEE RN 5. R 2 kSl RBUMY & s
o #H KITTL S = BB TIINGR, T AT A X
o, X BT AR A MRS . TH, K4
T Re-ID AR AFEEASE KITTI LaF 75055, B
M, ArXF Ry B D X AT CenterTrack /2
HAH TEsh{E B, i QDTrack /&% A X L 2: ) #2
U T & HE 1) Re-ID HFHAIE

KITTI A g 3 R T A SO ik i —A Bl
RIAEA ST i (AR AE XS A b, 138 iU (L
SRR, Bk BFRAEAR BN A 1 KIS,
CAE b B i PR sl ot 3 s I s A SR Sy . KITTI
Fetn AL W% H A R, At X KITTI
MR ZE S, ATEIE R NI LSS nT L
Eilh, TEANLIZE 3h B bR ik DAL I H ARz shix
selg 5e, RSO R IRERERE R 4. XA 5 0008
TRAT 51 (0 BR A2 G T S e, MABL— BB 8h, AR

A5 AKX FEHimkdtyikfs KITTI E4E 0K E Eegst bt 2

Table 5 The tracking performance comparision between our method and other advanced methods on KITTI vehicle class test set

Method Year HOTA? MOTA? FP FNJ MT? ML} IDS|
CenterTrack!™ ECCV2020 73.0 88.8 2703 886 82.2 15.4 254
QDTrack!" CVPR2021 68.5 84.9 4320 549 69.5 3.8 313

Ours 69.6 82.2 5403 433 58.6 8.3 274
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Fig. 5 Visualization results of this method on the KITTI test set. The video number is in the
left side of the figure. The frame number is in the upper left of the figure
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DXIR 7 52 1 3 o R
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Multiple object tracking with aligned
spatial-temporal feature
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Overall framework of the algorithm

Overview: Multiple object tracking (MOT) is an important task in computer vision. It is widely used in the fields of
surveillance video analysis and automatic driving. MOT is to locate multiple objects of interest, maintain the unique
identification number (ID) of each object, and record continuous tracks. The difficulty of multi-target tracking is false
positives (FP), false negatives (FN), ID switches (IDs), and the uncertainty of the target number. Most of the MOT
methods improve object detection and data association, usually ignoring the correlation between different frames.
Although some methods have tried to construct the correlation between different frames in recent years, they only stay
in the adjacent frames and do not explicitly model the temporal information in the video. They don’t make good use of
the temporal information in the video, which makes the tracking performance significantly degraded in motion blur,
occlusion, and small target scenes. In order to solve these problems, this paper proposes a multiple object tracking
method with the aligned spatial-temporal feature. First, the convolutional gated recurrent unit (ConvGRU) is
introduced to encode the spatial-temporal information of the object in the video; By considering the whole history frame
sequence, this structure effectively extracts the spatial-temporal information to enhance the feature representation.
However, the target in the video is moving, and the spatial position of the target in the current frame is different from
that in the previous frame, and ConvGRU is difficult to forget the spatial position of the target in the historical frame,
thus overlaying the misaligned features, resulting in the spatial position of the target in the historical frame on the
feature map has a high response, which makes the detector think that the target is still in the spatial position of the
previous frame. Then, the feature alignment module is designed to ensure the time consistency between the historical
frame information and the current frame information to reduce the false detection rate. Finally, this paper tests MOT17
and MOT20 datasets, and the multiple object tracking accuracy (MOTA) values are 74.2 and 67.4, respectively, which
are increased by 0.5 and 5.6 compared with the baseline FairMOT method. Our identification F1 score (IDF1) value is
73.9 and 70.6, respectively, which is increased by 1.6 and 3.3 compared with the baseline FairMOT method. In addition,
the qualitative and quantitative experimental results show that the overall tracking performance of this method is better
than that of most of the current advanced methods.
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