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A spatio-temporal encoded network for single object tracking

Wang Mengmeng, Yang Xiaoqian, Liu Yong”
College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China

Abstract: Objective Current visual tracking has been developed dramatically based on deep neural networks. The task of
single object visual tracking aims at tracking random objects in a sequential video streaming through yielding the bounding
box of the object bounding box in the initial frame. It can be an essential task for multiple computer vision applications like
surveillance systems, robotics and human-computer interaction. The simplified, small scale, easy-used and feed-forward
trackers are preferred due to resources-constrained application scenarios. Most of methods are focused on top performance.
Instead, we break this paradox from another perspective through the key temporal cues modeling inside our model and the
ignorance of model update process and large-scaled models. The intrinsic qualities are required to be developed in the

research community (i. e. , video streaming). A video analysis task is beneficial to formulate the basis of the tracking task
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itself. First, the object has a spatial displacement constraint, which means the object locations in adjacent frames will not
be widely ranged unless dramatic camera motions happened. Almost visual trackers are followed this path and a new framed
search objects is overlapped starting from the location in the last frame. Next, the potential temporal appearance consistency
problem, which indicates the target information from preceding frames changes smoothly. This could be regarded as the
temporal context, which can provide clear cues for the following predictions. However, the second feature has not been fully
explored in the literature. Existing methods is leveraged temporal appearance consistency in two ways as mentioned below:
1) use the target information only in the first frame by modeling visual tracking as a matching problem between the given
initial patch and the follow-up frames. Siamese-network-based methods are the most popular and effective methods in this
category. They applied a one-shot learning scheme for visual tracking, where the object patch in the first frame is treated as
an exemplar, and the patches in the search regions within the consecutive frames are regarded as the candidate instances.
The task is transferred to find the most similar instance from each frame. This paradigm ignores other historical frames com-
pletely, deals with each frame independently and causes tremendous information loss. 2) Use the given initial patch and the
historical target patches both targets at every frame or selected frames to predict the object location in a new frame,
including traditional and deep-neural-network-based ones. Traditional trackers based methods like the correlation filter
(CF) can learn their models or classifiers from the first frame and update models in the subsequent frames with a small
learning rate. Our diverse deep-neural-network-based methods first learn their models offline with vast training data and
fine-tune the models online at the initial frame and other frames. However, the solution remains open to balancing the accu-
racy and latency, especially in deep-neural-network-based methods. Also, network finetuning is forbidden in some practical
applications when it is deployed in inference chips, which hinders the wide deployment of these methods. Method We
facilitate a novel and straightforward tracker to re-formulate the visual tracking problem from the perspective of video analy-
sis. A new temporal-aware network (TAN) is designed to encode target information from multiple frames, which aims at
taking advantage of the temporal appearance consistency and the spatial displacement constraint in the forward path without
an online model update. To exchange and fuse information from historical frames input, we introduce temporal aggregation
modules in TAN and empower our tracker TAN with the ability to learn spatio-temporal features. To balance the computa-
tional burden resulting from the multi-frame inputs and tracking accuracy, we employ a shallow network ResNet-18 as our
feature extraction backbone and achieve a high speed of over 70 frame/s. Our tracker runs completely feed-forward and can
adapt to the target’ s appearance changes with our offline-trained, temporal-encoded TAN because previous temporal
appearance consistency is maintained by the first frame or historical frames, which require expensive online finetuning to be
adaptable. To construct a completed simple tracking pipeline further, we design a novel anchor-free and proposal-free target
estimation method, which can detect the four corners, including top-left, top-right, bottom-left, and bottom-right, with a
corner detection head in TAN. As target locations can be determined by a pair of top-left and bottom-right corners or top-
right and bottom-left, we make use of a center score map to indicate the confidence of these two bounding boxes rather than
complicated embedding constraints, which can easily locate the target. Thanks to a corner-based target estimation mecha-
nism, our tracker is capable of handling challenging scenarios for significant changes involved. Result Without bells and
whistles, our method has its potentials on several public datasets, such as online object tracking: a benchmark 50
(OTB50), OTB100, TrackingNet, a high-quality benchmark for large-scale single object tracking ( LaSOT), and a
benchmark and simulator for UAV tracking (UAV) 123. Our real-time speed optimization and simplified pipeline make
TAN more suitable for real applications, especially resource-limited platforms where the large models and online model
updates are not supported. Conclusion The proposed tracker will provide a new perspective for single-object tracking by
mining the video nature, especially the temporal appearance consistency of this task.

Key words: computer vision; object tracking; spatial-temporal feature coding; arbitrary target tracking; corner tracking;

temporal appearance consistency; high-speed tracking
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Fig. 1 Overview of the proposed temporal-aware network
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FROCHERL SR Qi 2 B B e e —1~3 x 3
ERZ , J5 Bt 13— 1k )2 (batch normalization,
BN) DL K ReLU JHiH oK 50 I8 88 9 4> g ARRALE , [R])
IR 23 ) T e 2 12 DO S, i —
R BE H A & 4 FLUZ (depth-wise cross-correlation
layer) (Li %5 ,2019) ¥ b, S5 B DAL & P
AFIHHIE
F = ReLU(BN(W, * ¢s) ) X ReLU(BN(W, * ¢b;) )

(1)
Krp, * RREEEAHXERZE, « R TEE
BL W, Fw, 2GR & F by 19 3 x 3 BB
U,

FRHRHE FZDIRHE

BK.CH,W, BLCHW,

24BN (3x3)+T—1k

2YEEFA(3x3) I —4k
+ReLU

+ReLU

AR

BK.CI,H W,

BK.CILH.W, BL.CI.HLW,

K2 ARSRPERTR

Fig.2  Correlation module
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250 4 By BORRIE (resl—resd ) B LY, AR SOk
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K3 s, oA o) 6 B Al & 22 S BOBRREAE , 15
TSR F 4L Ry e RISV O2K SR S e s —
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SR, PRI SR FH TR BE 46 R (depth-wise convolu-
tion) J7 A LABA PR 5 B4 i 1T Al & B R
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WEN1x3, ZF, H WY4EEZAHE H
R e2isxlls Jefifi Fl—/ 0110 3 x 3 BRUZ BN
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Wi EME R, R BRI
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Fig.3 Temporal aggregation module
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HTAA) JC 4 (anchor-free ) | JofE BE ( proposal-free ) %)
BRI o B B FR e SLo3 i b A s A DU AT
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TSk SE B, iRl 4 B, HARMEE A B i A E—
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e AL HE

K4 faikings R

Fig.4 Results of our target localization heads
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2.4 IIZRFEE

FEREASHE 2R 0 I S5 R0 HE B 7 1k v, T 4% HE 42
TAN SE4 B 42, - H 12 i R J0 75 A5 A] B 78 i
P, WA S PR A SCE R R THEAUEAE T
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Fig.5 Training and inference process
2.4.2 R RAAEFEETTRB I L, ks K AR

FEHE T B T 10046 0 A W, 7
PRI B B AR R ) B A FEL S B
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ANEEM o DA, FE,HK =1, P66
B ;24 K = 2 WU P00 b A B R 5 ) AR 5 4
KK > 2 AR K ADEHCE 5 0 IR | il
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ARSCHRER AR TAN 3T PyTorch SCE, Yl k461
#§ GOT-10k ( a large high-diversity benchmark for
generic object tracking in the wild) (Huang 5%,2019b) |
LaSOT( a high-quality benchmark for large-scale single
object tracking ) ( Fan #1 Ling, 2019 ) | TrackingNet
(Miiller 55,2018 ) Al COCO ( common objects in con-
text) ( Lin % ,2014) , 4 I 2R 4 ¥R (epoch) M 4 4>
HHE S HoRAE 200 000 DMHEAS, 7E B ARbR U HE A F
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wiME, XIE / IS ERIDEISE BiRIRER /S

EXR=,

BEHLT- 7% IR 4 TR AR A 31 ST TR 5 2R T2
BT A o HEZE A RAAE 32 BUES T )2 7E ImageNet
FI 5 ) ResNet-18, #& A4 AU F SGD ( sto-
chastic gradient descent) {8 UIZE 50 MUK, TE5S
30 AR YR ) O JFR A 0. 1, 7EIZRAN
BH PRAF AR Ty 128 123 R XK/
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B oH 50, FEFAER 1080Ti GPU |, 3 5 - 44 BR g
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SEYGTE 5 OB BRI RO B L e TP AT £
i OTB50 ( online object tracking:
(Wu %,2013) ,OTB100 ( Wu %,2013) . Track-
ingNet( Miiller 45,2018 ) . LaSOT ( Fan %, 2019 )
1 UAV (a benchmark and simulator for UAV track-
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AELLECRNVEAY  BAR TAN SCPLfA B (HA RS
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Fig.6 Comparison of the quality of state-of-the-art tracking methods on OTB50 dataset
( (a)success plots of OPE; (b) precision plots of OPE)
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AT GRS AE 5 2, K T4 1 /19 ECO(ef-
ficient convolution operators for tracking ) % ¥, {H
ECO B fdi ] 1 A8 BT SR s $2 TP g, Hliz A7 3
FEA R 8 /s, Al TS it PR R . CCOT (continu-
ous convolution operators for visual tracking ) F#E FE{H
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Fig.7 Comparison of the quality of state-of-the-art tracking methods on OTB100 dataset
( (a)success plots of OPE; (b) precision plots of OPE)

3.2.3  1F LaSOT B 4E X} L 3L

LaSOT %4l 4 42 41 T HARE | 5 ot o 119 %85 4R
FridE, 247 1400 Bl 40450 A1 280 B il i #4i
L5 70 KW IR BRI 20 BRI 5, A5 B
WK EE R AL 2 500 T, E# 3E A T PEAR K
JEH IR R A% . LaSOT 2k H1 5 OTB #H[W 1) OPE Ji
KM D R AKE R, 2 1 RIR T TAN 5 HAh
So i B R A AR BTN B MG BE I — AR B R
ST L, BREERS ATOM F1 DiIMP18 PERELL
FARSCH R ER 4% TAN 73 B b b F TAN, X
Wi~ ¥ fE OTB50 A1 OTB100 | 2 B #R A 1
TAN, 7EZ 80 P8 5 LA R B0 B 4, A% SCIA o &
B AT T A G B R TR SR, 3 6 K 15 4
BB B 4 Hh e H AR AR AR T AR SCT 9 A i 2
BLHIAS K& DAL X 4 i P 3 A8 4k i 1 Bl . 5 Hofth
PR EE S AH 1L, BREE S TAN 7EMERE A &AW
AR

3.2.4 £ TrackingNet Z(Hi5E b X} 3256

TrackingNet R HLAL B 5 4 i 7E YouTube [ 2%
SR ELSEAURZE A, €04 30 000 N5, 1 400 T34
Frid B 511 AN IRKF 4, i Ts 1T AN [R] 8965 28000 Fn
Yy, SR XE 511 AN )7 51 SR FH A6 00 1 1
3, PP TR R L 2 A RN I — fhokS B S A
TRBLI XS BT 0 BREE 2% TAN S 450058, H 5 ek
PREFERUEATXT L, 25 e 2 iR, ATLLE 1, TAN
R B S TE LaSOT 4 4 b iy X FLAR{RL, ATOM il
DiMP18 PERENL T TAN, (FUZERER AT TAN 5 1,
FLfAT A5 T, REAE T B 3] — S R 3 R 7E 2R A0 T
FRE (TR I A BRI F- 65 1
3.2.5 1E UAVI23 B¥lifE b X} ssss

UAV123 A& i I AL 3R Y 123 00
B, S A K R 915 i, BT A (AT i # A i
FHERR T, SRR S 2R INMEY & i ikiz gl |
RBEZAL G HRAS LRGP 55 R ER A8 A —E 1Y



$Eo745 /590 /2022F9 8

EER, wME, XE / FIRN=HEREES BIRIRER RS

F1 EHRIERF[EMIEE LaSOT LR LLER
Table 1 Comparison of the quality of state-of-the-art tracking methods on LaSOT dataset

i BT M4 TR RIS iF1ES H— A B HRE/ (Wi/s)

MDNet VGG-M o] 0. 397 0.373 0. 460 1

ECO VGG-M o] 0. 324 0. 301 0.338 8

ROAM VGG16 fif 0. 390 0. 368 - 13
ATOM Resl8 fifi FH 0.515 - 0.576 30
DiMP18 Resl8 i 0. 532 - - 57
SINT VGG/ AlexNet N 0.314 0.295 - -

SiamFC - NG 0. 336 0. 339 0. 420 86
DaSiamRPN AlexNet N 0.415 - 0. 496 160
TAN Res18 yNGdE| 0. 471 0. 456 0. 538 70

TE I AR SRR A I e AR« = 7 RN TR B4R

T2 FEHIREREEFEHIEE TrackingNet test set FRIITLL &R
Table 2 Comparison of the quality of state-of-the-art tracking methods on TrackingNet test set
Tk ML Eibip RsIES i1 5 —eHs I/ (Wi/s)
MDNet VGG-M fi 0. 606 0. 565 0. 705 1
ECO VGG-M i 0.554 0.492 0.618 8
ROAM VGG16 fHH 0. 620 0. 547 0. 695 13
ATOM Resl18 it 0.703 0. 648 0.771 30
DiMP18 Res18 ffiH 0.723 0. 666 0.785 57
SiamFC - AN 0.571 0.533 0. 663 86
DaSiamRPN AlexNet A 0. 638 0. 591 0.733 160
TAN Res18 NS 0. 685 0. 642 0. 757 70
FE AR RN S SN R AR LS R« - " FoR TR R A5 R

PRERPE, S2E 5 OTB PF I 5 =X A48 br AH W), {H
UAVI23 il M p o K K R R, £ 3

K3 FGHIREREEAERIESE UAVI2I R LLER

&R T N [R] REE SR AR A G A LA XF L g SR, mT LA
FH TAN (IPERE (59. 2% ) 5T MDNet (52. 8% ) .

Table 3 Comparison of the quality of state-of-the-art tracking methods on UAV123 dataset

ik B M4 CiBop S RYIES iE1E 3 IH— K e B/ (i/s)

MDNet VGG-M ] 0.528 - - 1

ECO VGG-M fdi 0. 525 0.741 - 8

CCcoT VGG-M fif 0.513 - - 0.3
ATOM Resl8 £ 0. 650 - - 30
DiMP18 Resl18 i 0. 643 - - 57
SiamRPN AlexNet AEH 0.527 0.748 - 160
DaSiamRPN AlexNet yNGd:E| 0. 586 0. 796 - 160
TAN Resl18 AN 0.592 0. 807 0. 761 70

AR RIS S S AR A SR, — " RN TOR R 2
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WA 2.1 Tk i ik 22 RO A8 22 GURRAIE ]
DIASBAE AL BAR AL, SCgeX) b T RlG iR 2 R ik
resO FIRIZHFEE resd BN [R] HAth 2 0 FRAE YRR,
X Z G A R RS P AR D, R 4 JBIR
TRX R R IE X BR R A RCR B A A, AT LR
H, S5V resl—res3 AHEL, T8N resO BEASTE L))
ARG A3 B 2. 5% Fl 1. 3% B3935 SAUE
H resl—resd A1 EL, 20 B3R & 2. 8% 1 3.7% , [H]
R, S5 resl—res3 AHEL , TR resd BEAS 43047
K 1.6% F10.9% T, 5L res0O—res3 #H
o, AN B PR AT T 1. 9% 3. 3% , SLEG 25 R
T (H ] resO—resd FEAEAlA AT 2 5 I AORUR

x4 ZREFEMAHEMIEER
Table 4 The ablation study results of

mulit-scale feature fusion

FRIERLS DRZIES B
res] —res3 0.638 0.847
resO—res3 0. 663 0. 860
resl—res4 0. 654 0. 856
resO—resd 0. 682 0.893

T I PR R & 5 R 4 2R

3.3.2  ITAI SRS AT I fl S

S EUE R E] AR (TAM) BYA %hE , X TAM
AT A SC 50, g5 RNk 5 fion, mlLLE H3m
TAM J5, B 2 #8 FUKS B 4 3 35 8 T 68.2% Al
89.3% 41 T 3.2% H15.1% . WA, T4 fl 52 5 A
DT 46 22 TAM (SR, A A I Sk A 3
TN Sk He = TAM RS 1 58 bE 43 FF 4 TAM 43

FMET 0.6% Al 1.4% , SCEEEREH a2 A8
e i fl & 2B O RAE | BE % B S B T R a1k
e, f# /2B TAM BEFRAS B0 IR R

x5 HERGERNEBIEER
Table S The ablation study results of

temporal aggregation modules

Fi A

0.650 0.842

AMEE ] TAM

£ SRS Sk A P TR0 Sk A =2 A8 ] TAM
FF RN S R A R T Sk 43 TR TAM
TE IR IR R 7R 25 9 R e 25

0.676 0.879
0.682 0.893

3.3.3 WAL Rl AR 0 S

e 2.3 PRk, 24N AV RRE gl A 79 07 X f
1 x 1 B Kb FPFEEie 3 fr 1 x 1 BEUE
o8 A — A 3 3 1 3 S 2 SR D RFAE Y B
(BTR3NS &y e L 1 e L o R ST
2 B[]l A B e 1 30 il S B0 25 R an 2k 6 TR,
I S R I (8 T 347t Ak BB AR A L LA P AR
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FREN P IA5CR
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Table 6 The ablation study results of

temporal fusion modules

il 5= % R
1x1 &M 0. 672 0. 866
TR 0.673 0. 875
23k 0. 682 0. 893

TE L PR R % 5 R 4 28

3.3.4  BOHRECE 1Y T Rl S5

TAN 7] DATE — YRR 1) 2 o 7 v o i 8 2%
X It 24> H bRt A, X4 AR B K
PEAT TR, XF FL 4845 A OTB100 | A R 2R | 56 4IF
JOXTERERASCR B2, AR (7) SRAE K A B AR
Mo MK = 1 AU 1 MiRsis, K8 ExsT
(A= 7 N i Q[ N ¢ = N S 2, ) 8
(AUC) JTT L Hy |, K 588 hm it | B s P R 75 3] 422
TbHAE K = 3 AbiR BN, PRt — 21 et t: g
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Fig.8 The results of ablation study of input template number
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Table 7 The ablation study results of

box selection mechanism

KA IRsIES K e
4 A A 0. 669 0. 872
L s R 0. 682 0. 893
4 ERTPLG S 0.671 0. 868
TE IHLIF R FR & SR AR A
3.3.6 WHESHr

8 X T 5 AR S P A ¢ ROAM , ATOM
1 DIMP18 45 5 VA AE TR —HG B L3R B, X 3 A

T GA ST & a5 — 3, ARk 1 i ekt g sl ©
PR EREE LS SR, 32 T A TR] 114 1) 45 235 4 D 4 B
B FPREIE, M3 8 AT LLE i, ROAM RARIKE T 5
TAN FHAORE B, (HEE B2 L TAN 18 7 4.3 f5, AT-
OM 5 DiMP18 & 9% i 5 TAN — k¢ iy SLfik ) 2%
ResNet-18 ,{H TAN 7EA% B FIEE F30 R 500, X
3 T 7 TR AR 0 2 X 45 R A0 X E AR R AE Ak
(438 e 1T TAN TG 4031 78 S A R0 53T, ml DAAE
— R I AR AR Ry B AR g S 2 A B AR AR,
U AR AR R o R R — A Al B R A PR B Y
[ ERE AT AR 5 G %) R B ORG E , RB 00% 3k 2] ok 2 55 8
P

x8 AAFAEHEESHESTER
Table 8 The results of success and

speed for different methods

Tk DRTIE S HE/ (Wi/s)
ROAM 0. 681 13
ATOM 0. 663 30
DiMP18 0. 660 57
TAN 0. 683 70
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THACHE , L 70 Wit/s 8 RE 52T SO BAR 24 A 1
At ASSCTAR N 3 HARBRER SR T — BT BTt
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