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Smooth-IoU Loss for Bounding Box Regression in Visual Tracking

LI Gong' ZHAO Wei' LIU Peng' TANG Xiang-Long'

Abstract The branch of bounding box regression is a critical module in visual object trackers, and its performance
directly affects accuracy of a tracker. One of evaluation metrics used to measure accuracy is intersection over union
(IoU). The IoU loss which was proposed to replace £, -norm loss for bounding box regression is increasingly popu-
lar. However, there are two inherent issues in IoU loss: One is that the parameters of bounding box can not be up-
dated via gradient descent if the predicted box does not intersect with ground-truth box; the other is the gradient of
the optimal ToU does not exist, so it is difficult to make the predicted box regressed to the IoU optimum. We re-
veal the explicit relationship among the parameters of IoU optimal bounding box in regression process, and point
out that the size of a predicted box which makes IoU loss optimal is not unique when its center is in specific areas,
increasing the uncertainty of bounding box regression. From the perspective of optimizing divergence between two
distributions, we propose a smooth-IoU (SIoU) loss, which is a globally smooth (continuously differentiable) loss
function with unique extremum. The smooth-IoU loss naturally implicates a specific optimal relationship among the
parameters of bounding box, and its gradient over the global domain exists, making it easier to regress the pre-
dicted box to the extremal bounding box, and the unique extremum ensures that the parameters can be updated via
gradient descent. In addition, the proposed smooth-IoU loss can be easily incorporated into existing trackers by re-
placing the IoU-based loss to train bounding box regression. Extensive experiments on visual tracking benchmarks
including LaSOT, GOT-10k, TrackingNet, OTB2015, and VOT2018 demonstrate that smooth-IoU loss achieves
state-of-the-art performance, confirming its effectiveness and efficiency.
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wy (hg + % cos qb)

wghg + wphy, — wy (hg + %cos (b)
(10)
530 (6) %4, AL IoU(B,; By) < 1oU(B:; By).
4) 0 € (3r/2, 2r] B:
IoU(By; By) =

(wg + % cos 0) (hg + % sin 0)

wghg +wphy, — (wg + %cos 9> (hg + % sin 9)
(11)

IoU(By; By) =

%, W IoU(B,; By) M 10U(B;; By), H:

IoU(By; By) — IoU(B}; By) =
C(hg (hglzal — wglyal + 2[zallyal) cos -
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Fig.3 A visualized example of Lgu and Loy viewed in
the logarithmic scale of horizontal axis
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Fig.5 Illustration of regularization Rg
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Fig.6  Plot of smooth surrogate function Ay (x) for |z|
with different A controlling its shape

2.5 Wil IoU k&£

TE N AW ToU $5 5 U1 2530 FAE [B] 3 I 75 22
FEEHPWE: 1) B 5RAEY (wy, hy) BT (0, 0)
N, Lsiou TR TICT5, XL ZRYIIH AT 5E A
TR RS 3 /AN T L B AR K 5 . Dy T
Fo I GRad 2 B BR FERRIE, X Lsiou 1E 1 6 B2 BT
VOSLINS R uRiE:

) —1In2

4 2
F(wp§wg): ( N +1) <1+‘1—wp

Wy Wy 18)
F(hy: hy) = <4]Z“’QA| +1> <1+ '1 - Qh}:” ) —In2
(19)

5 Lsiou /N
min (Lsiou(Bp; By), F(wp;wg) + F(hpihg))  (20)

3 FIAE R~ AE wy, < wy/2, hy < hy/2 BB EEA
A PR B AT A, R AN Lo BT HRCPE.
745 T LA 3 H s e A R AT S ) Lsiou
PR EME. 2) N T kot AR R A A, TR TE S
BRIECAT AE 5 KL A7 A, ATRE — AN XA
Eﬁﬁé )\ > O, ‘él 1y < x <1y, EX ./4)\(1‘), 7:‘?)R”JER|33\
MEIUE 21 X F] 242y AT LEAL 25 T BE R s (K
FES RN R RRIE L. S DG ToU 2 I Zhids
ME [ A 5% 1 R, J6iE ToU #3158 AT DAMR 2 518
# ToU 2% bR H08 H AE IR BE H A R I 8% v )11 5
2 FAER B, 7R — 1 B 2H ZUR G SEG PASR IR
PG ToU #5125 (145 2k



296 H 3

S 49 %

0
e

5 10
h,

w, 0 o
p

B 7
Fig.7

B BT S5 1 Lsiou PTARAL R
A visualized example of Lgu with
truncated gradient

B3k 1. N ToU #5211k FLAE [ )5
BN T FHE 8] U5 25 S TR G BH MR AL B B 4 2102k
FRES VB (), L, bp, ), BB 4 D AEMEIEE M (¢, 1y,

by, g)-

. 6T ToU #1728 L.

1) WWEFEARMER ST (wg, hy) = (Ig +7g, tg +bg);
2) WEFIER T (109, hy) = (y + 7s £y + by);
3) THEL T AR XS FAEAE 1 O 22

(za, ya) = %(Tp —lp —7Tg+lg, tp —bp —tg +bg)
4) WU o a | A1 [ya | FACHEBREL AN (2a) AT Ax(ya):

1
—1In (eAzA e ATa — 1) ,
Ax(za) =14 A

|$A‘7

lzal < 7

Hofh

1
“In(eMAa fe7MA 1) |yal <ra
Ax(za) = {)‘ < )

‘yA|7 HoAth
5) o R AT AL 2L
T (wp) = min (L‘AA(W ~mY 1, F(wp))
Wp Wp
. hg +2Ax(ya) h
T'(hp) = min (QT —In i -1, F(hp))

6) TS TRTIIAE O i 22 9 1 DU 5T

w
= (za, Ya) Sa,s(za, ya)T, B =2, a=2arctan -
g

7) 15 SToU #%K: Lsieu = T(wp) 4+ T(hp) +¥Rs-

3 SEILFIVREE

AT R 6 ToU ik &3 BA R FE
PR3 T4 UGG B ARPREF ALY SiamFC 42
SiamBANPY I SiamCARP? o sfe P4t Hog 2tk H
JRAH) ToU $519K Liou I ZRAISE RAE NFELL, H Lsiou
B WA Loy WERAE AT EE. 5256 R ik Goog-
leNet? £ SiamF C++42° i) 28 A= 5 - W 25 45

M SiamBANEY I SiamCAR” NI % A ResNet-
500 ) J5 =AMk ZE LRI 7 SNARIURFAE, JF 181G
SiamFC++. SiamBAN 1 SiamCAR il Zrid 2,
KR SRR BN SN B E A
HoSkgah A N 2, ry BOA 200 RN R BN E
Ny =1/\/wghy. KH ILSVRC-VID/DET?, CO-
CO™. YoutubeBB®\ LaSOT!! TrackingNet!*!
A GOT-10k™ fE R EEAR I 2R 5. REEFERMH
b BRI PE S F & LaSOTEY. TrackingNet®!,
GOT-10k", OTB2015% f1 VOT2018% I, X4
HR AR 3 FRE [ B R B AL R AT AL X L. 554, X
MR B 2 SR AR AE T 1032 S [ U A o A A dn e ik
17. RIEARTT W E T — 4R se e, KA i3
PEREH I TR RS R LA 98 e b 4530 FAAE 2 1]
R 2R, i 2 Bl S G, B 76N ToU i 2k AH
P4 AT R T ToU Bk f AR R, SCER AR & 1
128 GB WAF, Intel Xeon E5-2650 2.3 GHz CPU
AbFEEE . Nvidia GTX 1080Ti GPU &R, RHEE
2f >IHESE Py Torch SEEL.

RAFSLL

T RESCHER [6-7), AT E T — H KRR
D FAE RDR B R m . 8 T R AT REIR R A
[i) P 320 S REAE AN []) Ao B B L RO DA 5 v L2
T ENVAE 5L, MIET T ZAFR 2 A ZJ0iES
434 N(25, 10%) « N(50, 302), 2 5IKAFE N = 5000 4
B AR R AR TRIUAE SR & (B2} 01 iy miARER
) 0F TR AEE P 25 B sl Rz P s L, L
S =3 x 5 AVKRWIMATIMAMERE &5 3 FASH RS, 2033l
9 0.8, 1.0 #1 1.2, FF HEF RS R E 5 FZIR
IRIEE 5 b, 2r B 1040 1:2, 1:1, 2:1 1 4:1. B
EHESE A (B, FIFFBUE 71X 5 Agimtt, Hrp
O sIAET (0, 0), G0 8 PR, A 5000 x 5 x 3 =
75000 AN 4] 46 TN HE 22 (1] )5 30 5 — Fh EAEAE, Bt
B3] 5000 x 5 x 3 x 5 =2375000 [\ A 1H M. WKIE
Toh BT e 1) 77 17 S T HE 1) A8 & B+ B2 —
VBgﬁsmU(Bg;B;). (A U5 3 2 1 B R AR BE To U #E A
2. ;1oU(B], BY), GloU #&#5 Y-, ; GloU(B}, Bi) Al
BT o MEARE Y, | |1B) — Bi|3 #EAT I

P 9 mT LA H, AL SToU i 2k 78 41 1 () 3%
AR IR SIS S B, [RI AT LS B & 1 ToU FR A
GIoU f8¥x, PAR AR 65 B3R 2. B 10 IR T
AT (51059 77 v A5 A TR AR O A2 pg ki 1, B 10
B AEHE S BN (5, 20; 10, 40), 10 T5 I AE ¥ 46 2
N (40, 52; 28, 14), /i FRA D ARERAH Lowus
Leioy ARSI T Loy TE55 10 IR 5 40 IRFIES

3.1



2 3 PO — T H AR SHE A FDOGHE ToU #i2k 297

60

50 100 |

40 F 80+

30 |

20 60

= 40 ¢

of Il 20} ¢
| | =

-10 - 0 KL
-20 — -20 =3

20 0 20 40 60 0 25 50 75 100125
(a) RAEIM N N(25, 10%) (b) RFE7A1 N(50, 307)
(a) Samples subject to N(25, 10°)  (b) Samples subject to N(50, 30%)

B8 A3 A rh SR AT 8 A 17 B B 1)
WG T AE AL &
Fig.8 Sample the initial predicted boxes subject to
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K1 FEHEME LaSOT b, 25IBL Liou JRAER) A Lsiou
YRR SitamFC++FIINREE R (%)
Table 1  Comparison between the performance of
SiamFC++ trained using Ly (original), Ly
on the test set of LaSOT (%)

LRIECIA BEIES B PRAEHIER
L1y 55.6 55.5 64.8
Lsiou 57.6 58.3 66.9

HAXT 7 3.60 5.05 3.24

{ELRR K B B VR R . R 5 BOR TR Lsiou
YR SiamFC++ A TE AR 55 2% VP 10 45 3L,
HAIRTE SRy 75 TEAR EVERERSAK T IR AR 45 2R 2.29%,
{HAE SRg50 B bR 3 5 =ik 7.48% LA ATE AO f5
Fr B335 3.69%, [RIFESCIL T — 8 FE2E 1tk RS ik
*6 A TAE Loou NERRT SiamCAR FEBYFE AR
%25 LIPS S5 IR, 3 ANB RS LI AN R RE B
Ft, B THE SRos0 FRbx EVERESR T F=IX 6.29%,
TE AO FISRg.75 $8 FK b AH XT3 2k 4 S 4 A3 T+ T

Illustration of predicted boxes via Lgou, Lcou and Lgy regressing in different iterations

3.69% FH 5.22%. & 7 W4T 5 7 R ET St ik
MDNet*l, SPM™, ATOMP¥, SiamCARP., Siam-
RPN++P Ocean-online®!, D3S" F1 DiMP-50?"!
5%, SiamFCH+(SIoU) Al SiamCAR. (SIoU)
REEUL Lsou M ZRIA FHE BV 73 3L FIRRA. 7 LLE
H, KA Lsou MR SiamFCH+ {EARAE RSB FE
M ThZT7 AR I 7. Lsiou ff SiamFC++
(1 R D Ze il T B Je it DIMP-508" Al Ocean-
online™ 1% 1.8%, W REHZ L T 2.2%.
3.2.3 TrackingNet

R TP PG AR S, 18 T PR 2L
Pi4E TrackingNet?! T 1 52545, TrackingNet
AT 30132 MR, IR AAR 471.4 T, DA
MR T 27 MM T H bRERER S I 2R, 2
Hr BRI S H R ER KSR E. 5
GOT-10k 24181, TrackingNet R4 b ST 91 4
2, IRTEE 7 VPAL AR 55 2% LA, 12 2 v D 5 A
T 511 NI, M 22t 4 5 2500 JE M o A Sl
SRAEAL. S5HEE LaSOT #HIA], PRALAR S5 2% 3 TR
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Fig.11  Visualized tracking results of SiamFC++
trained using Ly (marked in dotted box) and
Lsiou (marked in dashed box) on LaSOT
(solid box denotes groundtruth)

K2 MEHEHME LaSOT L&, 43 LA Loy JRASHT) R Lsiou
YRR SiamBAN (IR L (%)
Table 2 Comparison between the performance of
SiamBAN trained using Ly (original), Ly
on the test set of LaSOT (%)

VR AR [PEIES i P ARG P
Lioy 51.4 52.1 59.8
Lsiou 54.3 53.9 63.3

AH B8 B 5.64 3.45 4.85

PR Rt SR 2 R P FIAR ARG 10 B = A0
465, £ 84 T SiamFC++ BRI LL Loou TEA
4 FHME R 35 R IR AE TrackingNet 75 21 ]
MR, WTULEH, Loou FHXTTEA M Liou 1275 T
SiamFC++ BEARIFIPERE, BLIhE. R B LA S b
AR T 55 23 AR B 5 1.06%- 2.27 % A1 2.37 %.

F 3 FEHEHME LaSOT L, 485k Loy JRAER) A Lsiou
INGAA SiamCAR FIIANTEE (%)
Table 3  Comparison between the performance of
SiamCAR trained using Ly (original),

Lsiou on the test set of LaSOT (%)

PR FRAR [PRIES RS PR ARG
Liou 51.6 52.4 61.0
Lsiou 54.9 54.8 63.1

AHX 3% 25 6.39 4.58 3.44

MR 9L T5 7R EREEEE, 1) MD-
Nett, ATOMP, DaSiamRPN!. Siam-RPN-+-+
UpdateNet", SPM". DiMP® 7£ TrackingNet [
g5 XS, SiamFC++ (SToU) AXELL Loy VIl
Z510 FORE [ A 53 S I RCAS. BT RUE ), R Lsiou I
ZRI1) SiamFC-++ FEAS B 2 R D) 2 77 T 35 I A
. WE 9 iR, Lsou fE SiamFC++ KT F
i R Se Bk DIMPP Y 1.8%, Fr kALK 2
I T 2.2%. LEANIH RS I 0 5 B I S ie 45
F B T UL SToU $ R Il Zrids FAE RN B A R Uiz
e a:1a
3.2.4 0OTB2015

bR 1B IR KRB R ) AR, A ST AE /)
FURL R H PR 45 OTB2015 _E#E/T 752596, OTB-
2015 A& 7 100 NS, ka7 A ERER B 11 F
WAk, 5 LaSOT K1, 2L dE T H I vF
il T Ar A — R M B RS B AT R D . 3R 10 AN
11 NGt T VA Leiou 1E NI FHE [RNA 45 2K I 2k
) SiamFCH+ FRFI SiamBAN A fE OTB2015
AR RIMARER. TUE H, BAR Lsou FHX T 5
B Loy 5 T SiamFC++ #HAYAT SiamBAN 5
R YERE, HAR TR A B, B R T 5
N 0.74% F1 0.43%, TARSHA AN B2 120508
0.34% 1 0.55%. 7] BE H J5 Bl A2 /N RIS £ sl A xof
WX 28 SR UL % B 2 5T UG, A B SR I R R
DR HIASE 0 A AN B A 31— etk 45 2R
3.2.5 VOT2018

Hlatke vOT2018 I8 60 MR, HIRHL
RIS VOT2018 Z B A K A B BUE £
ARTR], (X A AN E T bR e 1 o B D A b
A5 21 1) SEDDORS A R 0 FAE AR X bl AR A
T2 AL b Bl N 55 0, 25 BRER A% T R TR Bk AR
VOT2018 B HEZ 3 MNP fabr: HEMZE (Accur-
acy, A). E§#ME (Robustness, R) FI-F¥H SR 1
¥ (Expected average overlap, EAO). #E#f= K
PP R R A I AERR Bl o x E 2 IR A B R
ER R AE AT 5] R ToU [1F33ME, B A =
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0.8 ® 4 FEHRHUE LaSOT b, 52egt ik ML aE v X Eb
07 Table 4  Performance evaluation for state-of-the-art
’ algorithms on LaSOT
0.6
[0.575) SamEC 1 (SloU) 0 Ji i vk K NGRS
. 0.5H (0500 DiMP 0 1
e ° = [0.560] Ocean-online Q\“\i\ SiamBAN 51.4 52.1 59.8
R 0.4 ||~ (0556 SiamrC 1 AN |
=" ”{z:izib.a:g:m Aou 5
0.3 H- " [0.526] Ocean-offline \\\ “\‘ ) 1
- [0.517] GlobalTrack W SiamCAR 51.6 52.4 61.0
02 ™ [0.516] SiamCAR A
<4 1= [0.514] SiamBAN o .
o ey W SiamRPN++ 19.6 49.1 56.9
L I i W1 Ocean-online 56.0 56.6 65.1
= 0.455] C-RPN | | | | |
0 0.1 02 03 04 05 0.6 0.7 0.8 0.9 1.0 SiamFC++ 956 555 648
78 i e :
N DiMP 56.8 56.4 64.3
(a) T ' 0 ’
(a) Success plot SiamBAN (SIoU) 54.3 53.9 63.3
0.8 I T ! ! T T T T T ] SiamCAR (SIoU) 54.2 53.7 63.1
0 SiamFC++ (SIoU) 57.6 58.3 66.9
0.6 .
®5 AL GOT-10k b, 735 A Lisy (JRAH) 1 Lsiou YIZ
" 057 [EIRE SiamFC++ MR EE (%)
#0.4 //// e . [0.345] SiamCAR (SloU) Table 5  Comparison between the performance of
03l /,,/»‘;// {g;;;} SamBAN (S100) SiamFC++ trained using Ly (original), Ly
¥, —[020] Ocaoftine on the test set of GOT-10k (%)
4 —  [0.524] SiamCAR
0.2 l;/ I | — = [0.521] SiamBAN
/ 7] ATOM SEANE f
ol /} L T PEA SRR AO SRo.50 SRo.75
. — o jﬂZ} ?}‘;;‘;”’“ Liv 59.5 69.5 479
0 5 10 15 20 25 30 35 40 45 50 Ls10U 61.7 747 46.8
frERERE
(b) K= ARS8 28 3.69 7.48 -2.29
(b) Precision plot
osh T T T ] ®6 AL GOT-10k L, 735 PA Ligy (JRAH) 1 Lsiou YIZR
07 FIRETY SiamCAR W45 3R (%)
’ Table 6 Comparison between the performance of
0.6} 7 i 1 SiamCAR trained using Ly (original), Lsu
0.5 /;;j‘//);;;//, {8 ?fﬂ SamlfCr (SloU)| on the test set of GOT-10k (%)
. A — ~ [0.648] SiamFC++
o { 7/’ --[0.642] DiIMP SENHE T AO
04 Jos 77[0 641] SiamCAR (SIoU) ] VEUTIENR SRo.50 SRo.75
77 --[0.633] SiamBAN (SIoU)
03} /,7/ --[0.610] SiamCAR I Liou 58.1 68.3 44.1
/I/} — - [0.610] Ocean-offline
— [0.598] SiamBAN
0.2} ,@; f i 7—{0 0J7} GlobalTrack H Lstou 60.2 72.6 46.4
01l ¥ - Tomaron | HIRH 35 3.61 6.20 5.22
: — - [0.552] SiamMask
0 : : : : = s creN
0 0010015 0% 030035 07005 050 5 B B B LI 51 1 BRI SR UKL
DAZRIESY . = o o N
(c) FRAEILHTH % HF3E, MR = 1/n31, F(i), HERNOHA
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KBl 12 7 LaSOT bifffsTha., ke 2018 *Hi)(?ﬁ;'fﬂd”lﬁ%{ﬁ/\ﬁﬂﬁ I #%@*}_L%JTE
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Fig.12  Success plot with area under the curve, preci- i 5 EHT W] aa Ak, Bt DAV 34 S R B 2 U iEF
sion plot and normalized precision plot on LaSOT e e AR B WIIGAL I N AN K 1 A 7

P ESRAWMEM, B EAO =E[1/N, YN,
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F£ 7 (EHAE GOT-10k b, St 7k mtkag
PEAGRTEE (%)

Table 7 Performance evaluation for state-of-the-art
algorithms on GOT-10k (%)

7 ik AO SRo.50
MDNet 29.9 30.3
SPM 51.3 59.3
ATOM 55.6 63.4
SiamCAR 56.9 67.0
SiamRPN++ 51.7 61.8
Ocean-online 61.1 72.1
D3S 59.7 67.6
SiamFC++ 59.5 69.5
DiMP-50 61.1 71.2
SiamCAR (SIoU) 60.2 72.6
SiamFC++ (SIoU) 61.7 74.7

# 8 1E TrackingNet I, 43 LA Loy JRAST) F Lsiou
WA SiamFC++ 19 IHR L5 R (%)
Table 8 Comparison between the performance of

SiamFC++ trained using Ly (original), Lgieu
on the test of TrackingNet (%)

S FEHIR FRAEALRE 2 I
Lisu 70.5 80.0 75.4
Ls1oU 72.1 81.9 76.2

AHXT I 2.27 2.37 1.06

#£ 9  {EFHHUE TrackingNet I, 5513 i MERE

WEERTE (%)

Table 9  Performance evaluation for state-of-the-art
algorithms on TrackingNet (%)

J5 i JSREIES PR R 2
MDNet 60.6 70.5
ATOM 70.3 77.1

DaSiamRPN 63.8 73.3
SiamRPN++ 73.3 80.0
UpdateNet 67.7 75.2
SPM 71.2 77.8
SiamFC++ 75.4 80.0
DiMP 74.0 80.1
SiamFC++ (SIoU) 76.2 81.9

BRI DL Lsiou VAL FAHE N7 R YIZRE VOT2018
MR R, R 12 T LLE S, R R
EAO #8¥s LA BT N, & BCX PB4 nT 78 1 5 ]
&, VOT2018 B[ ToU TH5L¥5 A 2 T HE 5 i i

# 10 7 OTB2015 £, 735 Liou (JRAH)) Al Lsiou
WA StamFCH+ MRS R (%)
Table 10
SiamFC++ trained using L,y (original),
Lsiou on the test of OTB2015 (%)

Comparison between the performance of

PR FEAR [PRTIES FREALRE R
Liou 68.2 89.5
Lsiou 68.7 89.8
ARN 1 25 0.74 0.34
F 11 £ 0TB2015 L, 4 5ILL Loy JRAHD) F Lgiou

IR SiamBAN R4 H (%)
Table 11  Comparison between the performance of
SiamBAN trained using Ly (original),
Lsiou on on the test of OTB2015 (%)

R ETN R ThE FrUEfURE B R
Liou 69.6 91.0
Lsiou 69.9 91.5
AHXT 1 25 0.43 0.55
# 12 FEVOT2018 L, L Loy (EAK) AT Loy

WK SiamFC++ ML R (%)
Table 12 Comparison between the performance of
SiamFC++ trained using Ly (original),
Lsiou on on the test of VOT2018 (%)

P R e Erett EAO
Lo 0.586 0.201 0.427
Lstou 0.582 0.196 0.400

MIFMEE 2 T8 A2 B, 10 ARAR e R SCR P A AL Bl
XF S I TEHEZ 8] (1) ToU, 1 BEI JF AR R B 4 th
K13 ToU 532K it A (R S 75 R AT BLAR ARE. P A
N T RS IR S SRR, I 15 0 30 FRE (] R £
Rt — LWt F A .

HARSI

J9 7 UE B O ToU $i2k 5 HAh DL ToU
RFEUE AN GIoUP Al DIoU 41 Eb 24T 1t 34
ASCAERUE LaSOT Al GOT-10k _EXF SiamFC++-+
SiamBAN Fl1 SiamCAR #5284 R HUA [F] 321 S HE [A] )5
Pk R (BPASCHE 1 Lsiou ~ Laiou ™ Loiou © BA
JRAR) Liou W152) AE AT EESESS. % 13 FI5E 14
O T 3ET 3 P AN ] a2 S AE ] U452 2 76 0k
£ FHIE AR ToU RE R G 5 R, i/
BEEUE N 0.5, FLLBIE 0.05 12k RINEI 7 20k
B BRE, 7T LAE R O ToU 2 m] BA
OO 1 A B U R RICR, BARTE R ToU BIME T BA
SIoU YR BN E5 SR A 5 bR A — g s T H

3.3



2 3 PO — T H AR SHE A FDOGHE ToU #i2k 303

# 13 fEHME LaSOT L, 5HAMIET ToU # R I 2545 2136 2 AR ToU BIAE ISR BE MU & LL R EE 45 5 (%)

Table 13 Comparison results with other IoU-based loss for the ratio of frames exceeding different IoU thresholds
on the test set of LaSOT (%)

IoU HI{H >0.95 >0.90 >0.85 >0.80 >0.75 >0.70 >0.65 >0.60 >0.55 >0.50
SiamFC++ (SIoU) 2.75 15.93 31.83 44.05 52.33 57.71 61.71 64.41 66.52 68.14
SiamFC++ (DIoU) 1.60 13.19 29.72 42.84 51.48 57.09 61.28 64.17 66.31 67.95
SiamFC++ (GIoU) 2.45 16.18 31.10 42.26 50.39 55.81 59.56 62.37 64.58 66.34

SiamFC++ 1.52 12.73 29.10 41.90 50.20 55.63 59.72 62.51 64.68 66.31
SiamBAN (SIoU) 1.18 10.79 24.86 36.64 45.50 51.87 56.45 60.03 62.77 64.84
SiamBAN (GIoU) 1.49 11.77 24.71 35.15 44.77 50.79 54.93 57.76 60.70 63.98

SiamBAN 1.98 12.89 25.40 35.57 43.46 49.29 53.38 56.53 58.92 60.78
SiamCAR (SIoU) 1.20 10.80 24.81 36.74 45.75 52.29 56.97 60.71 63.53 65.66
SiamCAR (DIoU) 1.20 10.91 25.10 36.62 45.04 51.47 56.18 59.89 62.70 64.83

SiamCAR 1.27 10.62 23.90 35.98 44.93 50.87 55.08 57.86 59.94 61.61

# 14 RS GOT-10k |, HHAWEET ToU 8K A5 21 2 AR ToU BIE IR EE EZ mUEL & L5 b s R (%)

Table 14  Comparison results with other IoU-based loss for the ratio of frames exceeding different IoU thresholds
on the test set of GOT-10k (%)

ToU BfH >0.95 >0.90 >0.85 >0.80 >0.75 >0.70 >0.65 > 0.60 >0.55 >0.50
SiamFC++ (SIoU) 0.94 8.18 22.01 35.76 46.83 55.71 62.16 67.40 71.39 74.68
SiamFC++ (DIoU) 0.72 7.56 21.10 35.11 46.86 55.45 61.68 66.82 70.74 73.86
SiamFC++ (GIoU) 0.97 7.20 21.80 34.19 45.85 54.50 59.24 63.48 66.02 69.49

SiamCAR (SIoU) 0.94 8.58 22.20 35.83 46.46 54.74 60.66 65.49 69.30 72.62
SiamCAR (GIoU) 1.13 6.72 19.23 34.78 45.37 53.73 59.98 64.96 68.95 71.96
SiamCAR (DIoU) 0.92 6.19 18.85 32.54 43.73 52.51 58.86 64.04 68.09 71.33

SiamCAR 0.81 8.02 20.76 33.88 44.07 51.87 57.21 61.35 64.99 68.31

fl ToU S FEAEIHR %, (H 23X — 35 3 ) Bl 2 i i 1R
/N, SIoU i fEH & ToU WA N5 H AT ToU
(4R R AH LA A BE 52, X SR SR AR B T I DTk B K.

B JE, N T BRI ZE B IE I R s AT
REERR B Ay BT RMERE L RIS, AR SCAE GOT-
10k bxF F3b AT 7 iEmhsLLs. £ 15 R T AR A
Mg R, Kb Loou(w/o AR) REARA ENIH R
AOEE B EREL Ay IR, Lsou(w/ R) AR
TIENI R g AR 61 AR B R 2 A 18K, 1
Lsiou(w/ Ax) AR H TR KA A
HIENI R MR K. FEARSC N B 1. 2, 4 F1 8 PUA
HLLMEEARTE A m. f3% 15 AE 13 /LA
H,TE IO 3 R B T a2 SR [ A R
BE. Ao A i 22 FR IE U 300RT AT R D Lsou
TE dey > 2015 ToU ANILECHSR I Z R, RIS tiE
B, BT IEMBAIN, KOz (za, ya) B
R M £y -norm B AR R AL Ao Ay BT Ag
Jr s R B 1 RE 3 25 A FR, b mT BE I S R AN TR
0 GHRE RS B A B bR A2 s 1, 8 FHE RO B
a1 H bR AR, B R B ERER L, 1

T (2, ya) FARALEFREAE (0, 0), 1H5LFR L
72 (za, ya) RAEENAE] (0, 0), PG FAHE F
O B AR A R R 23 /. =T A
BUE Y 1R, ZRAE T |2f, WTREREN An(z) 5
|| (R ZZBCR U 6 Frow, A x BUEIE o RITAT,
B A e B R /N A (2) T 22 [ BOK, B AN B
E R KAE Ay () IR RAR IS T “RB TR 20T
IR, ARSCAGHUE A 2.

4  LERIE

AT HIFUE] 1 AE B AR AR i FAES
2 R R R E BORR, M T — R A 125
L FAERNARR K, BIGH ToU #8125, iZ06H ToU
BURANLL ToU i KA EEAR, MARAL BURE I S
JERIE T 4 R HARAEME — IR B KL, $R Y
Jei ToU K 41 & 10 FHHE 2 22 T s 5E 1 e
KA, IRAFAESHAE D BAREATRH,
ME—IRAE AT ToU SE BRI, %45 K R AU £ 1 4
G5 ERIBREE N B S A, A3 I AR R 5 (]
IHBRAEAL, ATITHLEE 7 ToU 412K B [l A7 BRI 7E
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# 15 1E GOT-10k b, Xt Loy HIE T I0ATACHE bR 4L
Y Al SIS (%)

Table 15  Ablation studies about the regulariztion and
surrogate function on GOT-10k (%)

VRN R AR AO SRo.50 SRo.75
Lsiou (w/0 AR) 59.9 72.1 46.3
Lsiow (/) AR) 61.7 747 46.8

AT 25 3.01 3.61 1.08

Es]ou (W/ R) 61.4 74.5 46.7

AHX 18 2 2.51 3.33 0.86
Lsiov (W) Asz) 60.3 72.6 46.5

AR 1 7 0.67 0.69 0.43
Lsiow (w/ As) 60.6 73.4 46.3

FHN Y 2 1.17 1.80 0
Lsiu (w/ As) 60.4 73.4 46.0

AFXS 3 2 0.83 1.80 -0.65
Lsiov (W) A1) 58.9 71.3 43.7

AT 25 -1.17 -1.11 —5.62

1.0
0.8 F e
SER
0.6
=
®
0.4F — Ly (w/ AR):
sou (W/ R):
siou (W/ Ay
02F Loy (w/ As):
= Lgou (W/ Ay): [0.
== Lgou (w/0 AR): [0.599]
0 siou (W/ Ay): [0.589)]
0 0.2 0.4
7 i
13 £ GOT-10k LRI IhRE
Fig.13  Success plot on GOT-10k
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KT EFE RS YeiE ToU 8 v PLR 25 2 H 82 1%
FYATE T ToU # R AL AT S5 A v, AR
N AR B A ACE M 1 TE AR HE H AR PR R AR Siam-
FC++. SiamBAN #l SiamCAR I, 7£ LaSOT.
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