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Multiple object tracking method with deep feature rebalancing network

GUO Wen', QUAN Wu-zhou

(School of Information and Electronic Engineering, Shandong Technology and Business University, Yantai 264005,
China)

Abstract: Aiming at the decreasing of system performance caused by conflicts between detection and re-ID branches
in the multiple object tracking method based on the joint detection and embedding paradigm, we design a network for
concentrating multi-level semantic information and constructing differentiated feature maps for different branch. This
network effectively relieves the vicious competition between detection and re-ID branches for feature information demands.
Secondly, a modified association strategy is adopted, which introduces further information from detection branch into the
association process. This strategy provides more opportunities for detections to associate while suppressing the long-term
damage caused by environmental noise, effectively reducing the occurrence of misassociation and missed association.
The experiments show that the method in this paper has great potential compared with the current advanced methods, and
achieves the performance of 75.7 % MOTA, 73.4 % IDF1 and 60.0 % HOTA on the MOT17 test set.

Keywords: multiple object tracking; joint detection and embedding; one-shot online tracking; data association
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DeepSORT 7! — 61.4 - 32.80 18.20 38556 170004 — 40
ik [40] — 33.4 — 18.90 — — — — 7.1
SRk [41] - 235 - 9.50 52.20 43188 208785 - 0.6
Ours 60.0 757 73.4 41.15 14.39 28683 111210 2375 17.9

F=2 ANFESHMIHGEEMOT20 MR E LAY EEXTEL
7% HOTAT  MOTA{T  IDFI{ MT?+ ML| FP| FNJ| IDSw.t  IS/Hzt

RelationTrack!" 55.1 61.8 67.9 622 8.9 112927 85062 4243 2.7
FairMOT!""? 54.6 61.8 67.3 68.8 7.6 103 440 88901 5243 13.2
CSTrack!" 54.0 66.6 68.6 50.4 15.5 25404 144358 3196 45
TransCenter®” 435 58.5 49.6 48.6 14.9 64217 146019 4695 8.8
MLT™ 432 48.9 54.6 30.9 22.1 45660 216803 2187 3.7
Ours 54.9 67.4 68.7 52.71 16.92 31572 136935 4392 9.6

2.3 XfEEseEg

TE A 95 AR, W56 AR ST v S A e adk T vk
ITHERERT EE 0. R 1 R 1 AR T 4E MOT17 Wl
TR b5 A A5 FH R A A DN 4 1 S 33 T v ) D B
REABbRX0T b, 3 2 7R T AR SC7 A MOT20 IR 4
5 FARASE AL A 2% 1R St gk T vk ) O SR P RE AR
PR LL. 238 1 N3 2 i, - FR b dne R 100 O A A RH A4 A
7E.

AL T7IEAEMOTA IDF1ATHOTA L35 /@3 T
IR, FEMOT17 b 5 A CHELL J7 1% FairMOT
FHECEUAS T +2.0MOTA. +1.1 IDF1 #1+0.7 HOTA /f]
P Tt 5T AL . (H LT B HER) 77 7% CSTrack
HA b, A SCHUAS +0.8 MOTA \+0.8 IDF1 Al 0.7 HOTA
e T 5 R FESE T FairMOT. 3 H 5 A ST 78 77 )
#H 47 1) RelationTrack 75 A8 bb, A SCAT R A 4 +1.0 1)
MOTA #2 Ft. 5 RelationTrack #H Et, A ¢ 757 ¥ 1
ReZ R FEETES M I b K FEFRAET
RelationTrack H A re-ID 43 37 Bt 5] A\ f] Transformer
MG E A SR E K. X — fifEH 5 CSTrack X Lt
A T 9 B &2: B2 4R RelationTrack 5 CSTrack #H tb A5

# +1.7HOTA fIl +1.2 IDF1 [ flt #, {5 £ 7E MOTA £
HAEE —02 M HH. /£ MOT20 b, A 5k 5 HE 4k
77 7% FairMOT AH L HXU 7S T +0.3 HOTA. +5.6 MOTA
PA K +1.0 IDF1 HI4 5.

EMOTI17 b, A& 3751 MT A FP 48 bR AHE T
HE28 7772 FairMOT W& A5 T %, 3% /& BB A AR S A A (1
SAS HE B AH b FairMOT 1 FH B R B SR Ig 5| N T 2
FRAGEI 45 B ; X — p5 7E ML RTID Sw. 45 b5 HH 43 LLIGIE,
Horp ML R ARLEXT EE  HEAT 28 2, 1535 v T RR 4 U7 vk
FairMOT, ID Sw. t1 3543 1 & & 2 7, IX 50 F 1 51
N T 22 B 23 o 0 45 SR 9 1 T BE A B 1) B B SR e
AT 2 MO H AR 0 B30 IR ) S . )tk
A, BT 58 2K RIS B R DU &5 SR 1 51 N BN 48 b
AT HE 28 J7 2 FairMOT .4 /b 1R T, £ MOT20
I, MT A ML 8 b #H 5 T FairMOT #REK, (H /2 45 &
FLFN AR FP AR = ()4 A4, 1T DLAEN FairMOT £
MOT20 b [ SEEe A FH 7 —/MRAR RS I 45 S mT 15
BE, SRR RS RGN, X WA 30T ID Sw. 1)
FA. A SCTT LR FPFR bR AR, 1 2 A A ST
EEIRAE VI SIN T B 2 A I 45 R, (H 2 i
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L RARERFIEE AR % BARIRIZ 7 ok 2527

SAS W, A7 RE AR Rt it FP 45 L.

BEAN, AR SCT7 A M HE R bt B A A
T3 28 77 1 FairMOT, 24 SCHE H 1 J7 156 i 23 B A
P4 7 30.89 %. RelationTrack AH % A 3C 5 12 22 AR 7
JE A 2 63.12 Yo; CSTrack FH AR S 77 2 3 A5 i e
R 11.73 Yo. BLIRAR S T7 AT A TE B 2 I 1 1) s 1
(>24 fps), (H & A7 VAT P RO B B T e af
()1, FARAECT Fofh 2 H bRBR % 725, A S IEAE
W FAEYERIA.

24 JHELSKIG

ARATH RN T &SR S bR . BT
MOT Challenge & 77 15 1E B A HUHE SRAN R VFHE AL
4IRPREREE R, N T BB AT B8 22 IR VH RS 50, AR 1A
BYFET MOT17-half YIZR4E, I HAE MOT17-validation
AT, XA —FhE 2 H AR T2 R
FA 23 51005 105 K MOT 17 VI G885 5 B I 048,
RV B it 15 471 43 R S TR P AN B S BT — 4
T4k, id N MOT17-half, 5 — 4% FH T 563E, id N
MOT17-validation.

B AR

RIER T HABH s hIE FHE R P2 A1
R, oA AT AN AN FairMOT J7 7.
*3 FEMOTI17¥IESE EAYHRRSEIG M BEXTLE

DFRN SAS MOTA IDF1 HOTA
- - 69.4 724 56.3
— 69.8 74.5 57.1
— 71.2 73.0 57.3
71.3 74.3 59.8

H 52 56 20045 7T 0L, DFRN fE % $2 7+ 1.8 % MOTA
0.6 % IDF1 A1 1.0% HOTA, SAS fit 9% #& T+ 0.4 %
MOTA. 2.1 % IDF1 #13.5 % HOTA. iX % i}, DFRN #/l
SAS ¥JRe A AT R Su I PERE, H -F DFRN B 8
MOTA Ul (32, &4 R 1 8 i e il 25 SR )i
FERAR T 200 & 40 B A FIHE W2, 1 SAS B & 7E & 177
RIRAL 1 2 18 1.
2.5 AIRALSEIG

B3 R 1A FERR 2 3 55 N I &% GRS |
A AAL ) e TR, iZ B 415Kk B T MOT20120) £ 45 4=
AR AR, B/ b Sl | /8 MOT20 YIl 2545 Lt 47
T 205 AR .

N

X

SETER e oo

(d) FURFAEHRN [

(e) KIKEER
B3 #HESERERR THE&XRTT ERTRARRI
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3(a) eoR T AR A B 3(b) JE 78 T L AR
R b 34N H A BRI 46 0] & v, O T S 81
PR R 7, M1 1) A R BE 2P @ 350 0 4 (R J50 4 ik
A0 B, 7 oAk AR R AL IS R & AR sk
JETR T 2 1 S B 80 SRt 6 a4k
submap,,,, . A& 3E5EALE map,,; 18 3(c) s 1
ORBEE (fe b)Y mts BV FHERST (72 ) BAL&
re-ID (45 ) it A5 S A B B 3(d) Fé o 1 24 il
FEUFFAE 1) & AT A FE 7R, RS 132 % 128, K )
T B 75, R i I 2 455 B 3(e) B
T ORIRAS AT
3 % ®

ASCHEH T — PhRERE SR 1T 2 B AR IRER 4
iR A PR N FH R 55 AR 1T B S 1 ) 2% R o5 D Bk S s 1)
ETHARNHIRA KL 2 B IRER L. LR
B, AR SOV I T A NI B RCR. BRI &, AL
(1) 2 S8 T BB R M RN T7 V2 AN 3 SCIRAFAEHE
DA FHAREAOE 75 K e 5% 1 1) i, I 150 X — [a] il 92 HY
R PR AR E P 1l 0 2, A — A7 A R AR R - i
FR-EAR G I 2% FRAIC T X P R, 2 T+ T RGiMERE;
WA, AR RBOE R I T 2 A IS B, Wit
GRS INAT 3 BEAT R B SR I, £ ST BE B 9 oK
HEDP R OGS 7 OO R [ A IR BhEG, 3R T T ORER
B, X VA D) T R BR I AR HR A A AR 1 R O
TR SR R AR K. AR SR HH B D7 VEAT A e 2 1), an
FEIRANR DS 7 A AE I % K R 58, BUVFRERE LA
A RAE T B E
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