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BB L MOTA $i b5 15 80.3% , T 26 1022 WAAK
PEAE T MOTA Xy 49.6% , £ TLERUME T #1712 H
PRERERATAE B R AP

R3I BEXBHEMIR( I RTESEYF, | RTREIRE

#yF)

Table3 Ablation Study on data association( 1 indicates

the higher metrics is better, | indicates the lower metrics

is better)
Method MOTA (%) 1 IDF1(%) 1
Low Score Detections w/o 58.7 76.5
Low Score Detections w 63.1 78.0

iation( T indicates the

higher metrics i § the lower metrics is

Table 4 Comparlson o

R4 BURKBEIILE( T RR % =, | RTEREET)

IDF1(%) 1

s%\ﬁ\)\)y 63.0 76.3

ﬁS\ﬁDC%pSORT 53.4 70.2
5% MOTDT 62.9 77.2
Byte 63.1 78.0

®5 SEAFENI (T RRHEEHET, | RREIKE
%)
Table 5 Comparsion of baseline( 1 indicates the higher

metrics is better, | indicates the lower metrics is better)

MOTA  IDF1

Method FP | FN|  IDSW |
(%)1  (%)1

YOLOX+SORT 494 68.2 3783 32505 8

YOLOX+Byte 49.6 68.3 §‘\ 32627 4

YOLOS+SORT 63.0 7@@0 51 20156 2

YOL()S+Byte 1 @$“ 78.0 4539 21888 42

@E/TT 2021 7 718 S VR {8 ik 1 R B i o
PRt TR Hh 2 B bs R R FEE 45 2R
gRARRW, AR B M Z bR IREE R EA %
PO, IF BLFRATT AR I 5 H AR L3R 45 2 i 1
AR BNk, RSN EHE

®6 SHMAEMIL (T RAEEEE, | RTERE
%)

Table 6 Comparison of other\) ﬂ@(,
higher metrics is bettex ( )Rhl%i‘;tl{
(& m\ﬂ
Method MOT%) Si@u‘i@/‘) FP|  FN| IDSW |
MSOT@NKB& -10.6 44.7 40561 38678 89
DSFNet+SORT -6.9 15.6 11997 64655 11
TransTrack 15.1 26.5 832 59959 138
FairMOT 37.4 62.8 12099 32797 44
Yolov3+MGN 439 59.4 8297 31646 323
CenterTrack 45.2 56.3 2259 36314 729
TraDeS 46.7 64.1 9161 28985 126
StrongSORT 46.9 55.4 12683 23696 1687
ByteTrack 49.6 68.3 3561 23627 4
Ours 63.1 78.0 4539 21888 42

RT 2021 55 KXEL BIRRERFENS
Table 7 Top 5 results of MOT on 2“ @) n Challenge

Team ‘1 s[ % MOTA(%)

EIEBUL 70.7231

OPTCV(Ours) 66.7951

RADI-% A 65.2419

BRER track 64.4516

AHU_MMIC 623512

4 ik

EEXAE o B RO E TR MU P R 4T 2 AR

PR B DRI ME AR SCHEAR I B Be i AT e, e
Bl Transformer H1 (1) H 1 5 J7 AL 78 FRAE & o Rl
R LT XFER, BN BRI, SRR
HERE LR AT R 58, T8 L% B S5C i Hr
JRAERY X, e i T TR j@\iﬁﬁa\i i

%%?M%ﬂ@@@@h %ﬁ FEXIR BT
B T S 1y 1)
awﬁmrrﬁ B £ PV 1350

m&m S TR 6 5 5 4
%@ﬁQ%%K%%EEM%¢%§Eﬁﬁ
ﬁﬁ%%ﬂ“ﬂ%%mmﬁ%,ﬁh&Mhﬁﬁ
Jr Ve AR A R VE SR, L SR DR
T 7 S A
WS, AR SR H 07 U A R | %
T VR B MR A T TR 0B 1
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FA BRI BT 2 AR, W 5
g\%ﬁéﬁiﬁﬂ‘ GEMim, Bz
B 7 5 T2 77 vt T AL 9 B
03+ ST R MAEM£&%M%EFM
B
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Multi-Object Tracking by Detecting Small Objects in Satellite Video
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Abstract: -obj ﬂming aims at locating the position of objects and estimating thi jettory of objects in remote sensing satellite
videos, Whi%\h‘y\)&ﬁracted much attention, such as security monitoring, motion analysis, and intelligent transportation. Compared with
surv %@t ideos, remote sensing satellite videos contain smaller objects and a larger background, which is difficult to detect the
Q@)und object. In addition, remote sensing satellite videos are extremely large, which requires massive computation and storage. Multi-
object tracking in remote sensing satellite videos faces higher real-time requirements. Based on the mentioned problems, a multi-object
tracking method for remote sensing satellite videos is proposed in this paper, which adopts tracking-by-detection paradigm. First, the
backbone added Transformer to capture the global context information in the detection stage so that the detector can distinguish the objects
and background. Then, the attention mechanism is used to enhance objects’ features, which can make the proposed method pay more
attention to the region of objects. Finally, an extra prediction branch is added to the network to get a high-resolution feature map, which
retains details of small objects and is beneficial to small object detection. Due to the small objects and occlusion in remote sensing satellite
videos, the confidence of hard positive samples is quite low. In the data association stage, to associate detected small objects with the
existing trajectories better, an association strategy is adopted to consider high and low confidence detections simultaneously. To verify the
effectiveness of the proposed method, ablation experiments and comparison experiments are carried out on the remote sensing satellite
videos dataset. The proposed method achieves 63.1% MOTA and 78.0% IDFI. It can be seen that the proposed method has the best
performance, which reflects its advantage of multi-object tracking in remote sensing satellite videos. The proposed method won second
place in the multi-object tracking challenge of the 2021 Gaofen challenge. The proposed method is dedicated to solving the difficulty of
small object tracking in remote sensing sgigllite videos, and some helpful methods for small object tracking are used. Experimental results
show that the proposed method cang &“h @

Key words: multi-objecg lg‘é small object detection, attention, neural network, gaofen challenge P»\) - a%
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