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object tracking) BHRHE b, A SO IR ARG T3 0 86. 1% , LTNIHK 70. 9% ., [FEHHE7E RGBT234 F1 GTOT $4f4E - ik
77X e S2 6 USSR Sk I A A% 1, SE R 25 R R BIA SO % 1 RGBT HARERER USSR, 8518 AR
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RGBT tracking based on dynamic modal interaction
and adaptive feature fusion

Wang Futian'”*, Zhang Shuyun', Li Chenglong'*, Luo Bin'
1. Anhui Provincial Key Laboratory of Multimodal Cognitive Computation, School of Computer Science and Technology, Anhui University,
Hefei 230000, China; 2. Institute of Artificial Intelligence, Hefei Comprehensive National Science Center, Hefei 230000, China

Abstract: Objective Visual target tracking can be applied to the computer vision analysis, such as video surveillance,
unmanned autopilot systems, and human-computer interaction. Thermal infrared cameras have the advantages of long-range
of action, strong penetrating ability, hidden objects. As a branch of visual tracking, RGBT (RGB-thermal) tracking aims
to estimate the status of the target in a video sequence by aggregating complementary data from two different modalities given
the groundtruth bounding box of the first frame of the video sequence. Previous RGBT tracking algorithms are constrained of

traditional handcraft features or insufficient to explore and utilize complementary information from different modalities. In
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order to explore the complementary information between the two modalities, we propose a dynamic interaction and fusion
method for RGBT tracking. Method Generally, RGB images capture visual appearance information (e. g. , colors and tex-
tures) of target, and thermal images acquire temperature information which is robust to the conditions of lighting and back-
ground clutter. To obtain more powerful representations, we can introduce the useful information of another modality. How-
ever, the fusion of different modalities is opted from addition or concatenation in common due to some noisy information of
the obtained modality features. First, a modality interaction module is demonstrated to suppress clutter noise based on the
multiplication operation. Second, a fusion module is designed to gather cross-modality features of all layers. It captures dif-
ferent abstractions of target representations for more accurate localization. Third, a complementary gate mechanism guided
learning structure calculates the complementary features of different modalities. As the input of the gate, we use the modali-
ty-specific features and the cross-modality features obtained from the fusion module. The output of the gate is a numerical
value. To obtain the complementary features, we carry out a dot product operation on this value and the cross-modality fea-
tures. Finally, a dynamic weighting loss is presented to optimize the parameters of the network adaptively in terms of the
constraints of the consistency and uncertainty of the prediction results of two modality-specific branches. Our method is
evaluated on two standard RGBT tracking datasets, like GTOT ( grayscale thermal object tracking) and RGBT234. The two
evaluation indicators ( precision rate and success rate) is illustrated to measure the performance of tracking. Our model is
built through the open source toolbox Pytorch, and the stochastic gradient descent method is optimized. Our implementation
runs on the platform of PyTorch with 4.2 GHz Intel Core 17-7700K and NVIDIA GeForce GTX 1080Ti GPU. Result We
conduct many comparative experiments on the RGBT234 and GTOT datasets. Based on the GTOT dataset analysis, our
method (86. 1% , 70.9% ) exceeds baseline tracker (80.6% , 65.6% ) by 5.5% in precision rate (PR) and 5.3% in
success rate (SR) . our method (79.2% , 55.8% ) is 7.0% higher in PR and 6.3% higher in SR than the baseline
tracker in terms of the RGBT234 dataset analysis. Compared to the second-performing tracking method, on the RGBT234
dataset, our method is 2. 6% higher than DAPNet (76. 6% ) in PR, and 2. 1% higher than DAPNet (53.7% ) in SR. At
the same time, we conduct component analysis experiments on two datasets. Our experimental results illustrate that each
module can improve the performance of tracking. Conclusion Our RGBT target tracking algorithm obtains rich semantic and
spatial information through modal interaction and fusion modules, and uses the gate mechanism to explore the complemen-
tarity between different modalities. Dynamic weighting loss is illustrated to adaptively optimize the parameters in the model
in accordance with the constraints of the prediction results of two modality-specific branches.

Key words: modality interaction; modality fusion; complementary features learning; modality-specific information; RGBT

object tracking
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FIRFERFIE . Wang 55 A (2020 ) A4 52 56 25 T 3% WA 4l
ARJITA T8 TE 22 ] (8 AR O R 2R, T 4 30 ) 7
B Z ] fE B . 2N (4) BERE 41l 1E
TR LR LA 408 A 8 DA T 42 30 T A 7 R ) T
W, oA AR B R 0T e 4 (IR 4E)
I SR B (BB & PR R/ IUE T R
JRi S TE AR R A HAE A L (RP 1 4E R A% R
/N k) HIRIEAEEL C WARTE— & BB E R

B, B Je b A B RRE B 225 4 R P 4
4k ( global average pooling, GAP) , FHi AT ¥R K
AN ke PR 1 A BROR A G T AU, B S R
R ARFAE I T A A A S PR

log,C b (4)
Y Lo

K, b Fom 1 BRI NN, ¢ FonimiEsg,
|| FORAEL, bRy MR 2 AL,
2.2.2 AR

R AIRESNEZ S BN R ANk RSB
J& — 2 Z SRR E A R RS SR 5 1T e RZ
i) D R At R SR S 1R TANES | E 53 AV 2 N
3x3 MERE N A, NS 80E, B
i}

k=¢(C) =

i = S(xy + 2 + ¥p) (5)
Ko, S R AT 70 B (B BURAE ) apy R
JZ I ZRESFHE
2.3 EMFEE SIS
FIA )77 (Cheng 45,2017 ; Li % ,2020b) K&
FHITHLS Rz A5 B Ui %i . Cheng %5 A (2017)
IR THLI R F A R b A A RIS B RRAE
Li 55 A (2020b ) 38 A T IHL] F A 0 fl A 2 0y

fiE, XATIHLHIA SRR —FEFB0 31 M
th TR 7 Y BRI F A Il . A SCHAMRRAIE A
SIREHCR F T THLR R 7 45 B s it . sl 2 B
TN SRR E R E A 2 SRR A T IHLET A
SRIG IR X A A B0 2R AT 3 3 o 1 oo sl 41 o
gy — B BB 0 ~ 1 % A A S RE
PUT L TE B A RS T AMRE R G AT 1 x 1 %
BUSEXFRIE AT R4 . Gate BEHUIE f P4~
JEF— Sigmoid it 28 I 45 2 21 1%, 4 FUZ B9 K/
350 1 x 1 F 3 x 3, Sigmoid JZ 4% A 4 78 FBl
0~ 1, UM A Sl AR,

2.4 HEWNERK R

RGBT H #r 8 ¥ J5 ¥ (Zhu 5%, 2019; Li 4%,
2017) — B A S8 /) — o 28 2k iR B (L) 2RI 45
B R

) = log(y") y =1
o' = | o e ©
K, y FRFEARMPRS  BUEEE N | + 1, -1},
+1 FIRIEFEAR, -1 RRAFEAR; ' FoR TMFEA
NIEREARMER GERI0~1) .

AR T —ASB R sRBOR sh A AL Y
SR, RIS BREAS S A IR I B A 43 32
rhREA B TR 25 SR T BE AT BT ORI A X A A
AREE 43 3 TN 25 S AT — B RO 2 MR 2
FOR B A ATE A P28 11 2850, AT $i v fe 2 T
SEIE G B0 ShAIR Rl

L=L +AXL, (7)
L, = Ll-gh(}’1’,y) + Lo (12757) (8)
L2 = Li’usi()[l(y,’y) (9)

K, g, Fy, " 43 BIFR AT DG 53 SRR LL A o3 32
AITRINEE R, " RN RAMBIEER, Ly | Ly
ML, 73 54t3 RGB  thermal & 73 32 093 6
PRAT, A R HAE A BUE T 0 ~ 1, 1H5h
A=l =y l+1-1y,"=0.5] - [y,"-0.5]|
(10)
AP LI [y — | B LI BURIESR T YR
A0 SR TR 28 3R A LB — e, miEs 2 W1 -
v, =0.5]= |y, =0.5| , AT BRENWAK5E 73 32
R THEIN 235 R ) AN M 0 R I &5 2R AR 40 e 0
0.5, W7 X 28 A 2 o 00 2] 1 i 26 A 2 5 Oy i
o M3 ATLUE W FE I 202 5058 8 A R A1 0
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RS A Sh AR T A B WS o
U X2 R WIA SCHR I A B A IS 2% pR 5
HUFERy g

DWL

loss

0.5

1 1 1 A e e Sl N
0 10 20 30 40 50 60 70 80 90
epoch

B3 ShBAERKR S Z o I A I S a] Y LA
Fig.3 Comparison results of dynamic weight loss( DWL)

and the binary loss(BL) during training

2.5 gtz

ARSI 4% AT AR AT v 3 i 1) U . TEWD 4R 1k
i, R A HT 3 JZAHBACE N VGG-M 2% ( Si-
monyan Fl Zisserman ,2015) k153, &2
HAEFZ AGERENLII 4R 1k . R SGD ( stochas-
tic gradient descent ) 54722 3 X 8 A~ ) £ HE 47004k
[Fl B 2 %% MDNet ( multi-domain convolutional neural
networks ) (Nam 55,2016 , 7E i F K A~# 50 ) 22 45
W2 — AT 100 NGRS, H P BRI 4E
K AEA A A AR B — AN, 78 5 0 2k
A e/ IMHEAL 3 by B AT 51) v B AL RO 8 o
PR L, TE R WTER EREPLRFE 32 D IEMEA
( 5i{EAY ToU (intersection over union ) B & KA/
F0.7) 196 D HAEA (S WUEAY ToU HERAK
T0.5) P, SR/ ML BRAR(D & 256 S IEHRE
AH 768 NAKEAR, FEYIGat fErh, &R G
BUZ 2% 2] R 53 51 E 2l 0. 005 #10. 000 5, A H 1%
I, Bl AR 3 5 U] 1 /23 531 [ %E S 0..000 5.,0. 9
10, 7£ GTOT(Li %,2016) $ci 4 b - T
M RGBT234 (Li il Liang, 2019 ) B4 4 b B AL 6 %
T 78 AHE N YIZREE . 1E RGBT234 ff 4k Bt
TR 4 GTOT $dls 4 (50 AT 51)) VRl
gk,
2.6 TELRERTTE

TERR R R b [ S BRI A 28, AU

EERIZNSE 2R RSB KA
SRR R . Y R ER S U 9 b i B AR
T EETEE 1 W E I 500 D IEREASF 5 000 47
FEAS JTf X SR A A T (AT B I 2, ZEAS SO T
raE Il 2k 40 Fe . AR Y IS S i R T 0 AR
20 A IEFEZARFT 100 A B4 A S 38 fin 1A A B
AR EES, DL Bt R 99 S 0 49T T BT ( Nam
F1 Han ,2016) BYFEAS YA, 1< 10 IR 025 R 0o 309 PR B 2
TR IRER AR SR S T AR A i
PG b ) B ARIRES P e 397k A 1 5 AT 1 it
) B B 42 1 ] PB4 256 MBS A | SR 5 ks HAE
W2 B ARSI HE 1 — o0 200 8, A~
VEHEAR A — A IE A3 43 Al — A 545 43, 43 B KR
Fr(a) Mf(a)  fefa DX Se e s fiE Hh e P15 40
1o R AE | IR FLASCA Rt A BRERZE R . RIS,
SR M A [ U1 1 AR e B vy 2 o () A 5 (EL G 2L
TR, BRI 51 A 26 1 i I e
TEAE [ 25 , B Ry J5 2t v i H PR FT EAS AT 5

3 KIS

3.1 HIREMITMIRE

GTOT Fdla £ 5% 50 A~ nl WL oe—HLr S 4L 0t
FP A Tl s, 25 A [] 1 37 35 ko | 28 3 XS A%
bel 1B B4, B EA 7 FORRI AL R 3R 43 5
JE R IREARLY (large scale variation, LSV) PRtz 5l
(fast motion, FM) X% 8 (low illumination, LI) ,JE
A% ( deformation, DEF ) | # 5¢ X ( thermal crossover,
TC) ,/N H#5 (small object, SO) F13E 4 ( occlusion,
0CcC) .

RGBT234 %445 4E /& RGBT210 (red green blue-
thermal 210) ZHE4E (Li 45 ,2017) " J@ ik, th 234 4
AL C—R 2T AD LI E B A A, i B e AR A
12 Bk R 2 | 43 312428 B8] ( motion blur, MB) |
TEHEFY (no occlusion, NO) | #R 4314 ( partial occlu-
sion, PO)  “ i 4 ( heavy occlusion, HO) Ik B8 &
(low illumination, LI) | 1 43 ¥ 3 (low resolution,
LR) #4432 X (thermal crossover, TC) . JE 7% ( deforma-
tion, DEF) | P23 %8 31 (fast motion, FM) | k.41 25 1k,

(scale variation, SV) | ¥ 5 44 L ( background clutter,

BC) FIAHHLEL 31 ( camera moving, CM) , 5z £ ) FL 4
JEHNEL T 4 000 22, fJ A 51 AN A 100 i,
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K FHAE 1% (precision rate, PR) )% (suc-
cess rate, SR)YE-N RGBT H 4% BRI 193 b7, 7]
7€ RGBT234 ( Li 4§,2019) F1 GTOT ( Li %,2016)
WA SO A S HAD PR ER 7 R PERE . PR 2 H
SRR ER N AR ¢ ave =R =R N E R EN R ] ik i O]
S3He. HT GTOT $ds 4k v i) K 2 iR i 0 AR
AN R FLER (B R B8 O 5 1R R . K% RGBT234
B I B BN 20 123, SR JRAERRTER
I FHE R 31 FAE Z [A] 1Y) ToU B8R 5 T8
[ ERINL e N T SN E R a e
3.2 7 GTOT ##Es& LHyiTfh

R VAR A SO iy PE R 7E GTOT B4R |
B AR5 10 4> RGBT BRER T WEEAT HLEL, A1)
43552 MDNet ( Nam #1 Han,2016) + RGBT .KCF
(kernelized correlation filter) ( Henriques 4§ ,2015) +
RGBT, Struck ( Hare %§,2016) + RGBT, CN ( color
name ) ( Danelljan %5,2014) + RGBT, SCM ( sparsity-
based collaborative model ) ( Zhong 5%,2012) + RG-
BT .SGT( sparse graph tracker) ( Li 5%,2017) . Siam-
DW ( deeper and wider siamese networks) ( Zhang I
Peng, 2019 ) + RGBT, CMRT ( cross-model ranking
algorithm for RGB-T tracking) (Li %§,2018¢) .DAPNet

1

09
0.8+
0.7+
0.6F
DAPNEet[0.882]
& 05 — ZR3Z[0.861]
— SGT[0.851]

0.4 «ees CMRT[0.827]

— MDNet+RG BT[0.806]

sx+ RT-MDNet[0.745]

«=+ Struck[0.681]

— SiamDW-+RGBT[0.680]
SCM[0.674]

— CNJ0.659]

— KCF[0.556]

0 5 10 15 20 25
SENL IR

0.3

0.2

0.1

(dense feature aggregation and pruning network ) ( Zhu
4 2019) A1 RT-MDNet ( real-time multi-domain conv-
olutional neural networks) ( Jung 55,2018) + RGBT,
H.p MDNet + RGBT, CMRT, SiamDW + RGBT,
SGT I DAPNet & RGBT H Ay B & , I Aib B 5 4%
AR RGBT HARERER AT . 18 1K PR A [ B2
AR AE B2 J A o] et R AT SRR A R D'
FROIERYEIAM R IE L JF A ST RGB RYIRER 459 &
RGBT HbriRERSS . AR 4 BIL5ER T8 GTOT %t
8 b ARSI (86. 1% ,70.9% ) 1 PR 1 SR 4331
FESLHEFRER 4% MDNet + RGBT(80.0% ,63.7% )
6.1% H17.2% . XEESLEEHEUE ] T A ST VA )
AR,

ME 4 Al LU, A SO % PR DAPNet
(Zhu 55 ,2019) % 2. 1% [ BHE A SC 775 F1 DAP-
Net 7 GTOT Bt i 7 FPkMA 3R _EFEAT T A
AR B AR A (DEF) #k & ~ PR, SR 43l b
88.4% . 73.7% , i DAPNet 7EFEZE Bk K T 1 PR SR
S0 91.9% (T7.1% o X FRWA SO LA A2
(DEF) X Bk R T BRERMEREIR T DAPNet,, J5l
PRI AT e GTOT A4l 4 B % B AR AR X 8/, A S0y
AN BEARGF AL BN FBR 8 RUEE A2 £

1

0.9 pei
0.8

0.7

0.6
0.5 = Z32[0.709]

DAPNet[0.707] N 3
0 41— MDNet+RGBT[0.656] N\ %

-+ CMRT[0.643]
0.31— SGT[0.628]
---- RT-MDNet[0.613]

02| — SiamDW+RGBT[0.565]

: SCM[0.562]
-+ Struck[0.533]
— CNJ[0.502]
_I|<CF[|0418|1] 1 1 1 1 h
0 01 02 03 04 05 06 0.7 08 09 1
A

SR

0.

—

Kl 4 GTOT %4 LA [R] R ER 28 B 174 il 28

Fig.4 Evaluation curves of different trackers on GTOT dataset

3.3 7€ RGBT234 #iE&E FHITEE

h T VAN AR SO VR I B R M RE , 7F RGBT234
B R A 5 —2 RGBT ikt 7 K,
f4E RT-MDNet ( Jung %%,2018) + RGBT, SiamDW

(Zhang #1 Peng, 2019 ) + RGBT, MDNet ( Nan #l
Ham,2016 ) + RGBT, SOWP ( spatially ordered and
weighted patch) ( Kim %,2015) + RGBT, DAPNet
(Zhu %5 ,2019) | CFnet ( correlation filter networks )
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( Valmadre 5%,2017) + RGBT, CSR-DCF ( discrimi-
native correlation filter with channel and spatial relia-
bility ) ( Lukezic % ,2017) + RGBT ,CMRT ( Zhu %%,
2019 ) . MEEM ( multi-expert entropy minimization
tracking network ) ( Zhang 75,2014 ) + RGBT, KCF
(Henriques %§,2015) + RGBT, H: ' RT-MDNet +
RGBT ,MDNet + RGBT, DAPNet, CMRT #1 SGT J&

1

0.9F
08
0.7F A T
o6t fL7
& 051 —Z83210.792]
/ ——DAPNet[0.766]
04 ¥ F ++2« RT-MDNet+RGBT[0.734]
—MDNet+RGBT[0.722]
03k =« CMRT[0.711]
—SOWP+RGBT[0.696]
o2l CSR-DCF+RGBT[0.695]
: ——MEEM+RGBT[0.636]
«ee= SiamDW+RGBT[0.604]
0.1F —CFnet+RGBT[0.551]
/ KCF+RGBT[0.463]
0 10 20 35 40 50
TENLIRTE

RGBT Hbr R &%, A& 0 & 40 B 19 RGBT H 5
REEdE . MBS ] LUE AR SO PR LS
HEBR B %% MDNet + RGBT(72.2% ) 7.0% ,SR
Fb %E i IR BE %% MDNet + RGBT (49.5% ) &
6.3% , A 3C ¥ M PR Al SR (79.2% I
55.8% ) % %l bt DAPNet (76. 6% H1 53.7% ) &
2.6% 2. 1%

1

0.9F

0.8F

& 05 K70.558]
DA PNei[0:537]

0.4 MDNet+ RGBT[0A4
CSR-DCF+RGBT[0.490 )2}

0.3 ... CMRT[0.486]

.- RT-MDNet+RGBT[0.483} %

0.2 l— SOWP+RGBT[0.451] Q

—_ ME EM+RGBT[0.405]

0.1 k-~ SiamDW+RGBT[0.397]

AE CPnet-RGBT([0.390]

KCF+RGBT[0.305]
0 0.2 0.4 0.6 0.8 1
HRE

KI5 RGBT234 $fiu sl b AR BiE: 25 (19 A h 4
Fig.5 Evaluation curves of different trackers on RGBT234 dataset

£ RGBT234 FHE AR Pk T, KA S
PRERAS-5 HAt 2 R ER AR A T LA, 43 51 & MDNet +
RGBT, DAPNet, RT-MDNet + RGBT, SiamDW + RG-
BT,CMRT, SOWP + RGBT, M°L, CSR-DCF + RGBT,
FEFR D PIEER TR, WNE 1 Rl LA
ARV LT B A PR R 00 T HoAth RGBT
PRERAS , JUHOETET 52%EL(BC) R (HO) FjE A2
(DEF) S8k T A BRERSCR U HZS . R IAASCIR
B AR AL B AR AR A RS R 54 T BAT B4
PIPLEA (HSRAE RS SURIE L T AR SO ER AR PE R AN
U DAPNet , 3 & 32 UIFOLT IU LTSN 1 15 8
ANATEE TS, BT A SO V6 R B BAMEEAE RO AR
E ELFEAEA T IC RGN, P AR $08 SURE L T 51 A
TSl (AR AP AR SCBR R A 1 R
& F DAPNet,

3.4 TEHSW

1E RGBT HAREER 8 4 rh e L 1 4 LU
B ARSI 4 > RGBT BREE T 384T 1 @ tk4h
WA, Hy )2 SiamDW ( Zhang F1 Peng,2019) +

RGBT, C-COT( continuous convolution operator tracker)
(Danelljan 55,2016 ) , RT-MDNet ( Jung %%, 2018) +
RGBT F1 MDNet (Nam FI Han,2016) + RGBT, W]
RIS RIERTER 6 h, A SCHRLER 85 BEAS A 8500 %
RS RAELASNI A P, K 6(a) () FiR
AT SR AL PR RO DL T, A SO AR b IX
3 BRSNS 56, INITERA L BR R H AR, B 6 (b) Fis
(v B BRI 250 T, T DU LT 58 2 To ik
S BARP IR AL & iR LTS R R AL T &S 15
BRSO FE R T IRELAMNE S T 15 2ok
X AbRHO B AT HERR 2 AL, AN 6 (d) T, 76k
BALEZEL SRR RSO T , R AR5 ]
DAV R 1) b A 5 VAR 2R
3.5 HELOHR

N T LR UEA SO VR B35 N ARG o AT
Rk, 76 GTOT F RGBT234 A4 4 [ 47 1 fl 52
55 {8 “ Baseline” > &7~ JE i 77 7%, Bl MDNet +
RGBT, J& F4% 7838 5 1] b I PR A0 45
i, AL R )4 — 73 2 450 2k e B0 R L
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F1 7£ RGB234 HIE& b, FRIRERF[AER M LH PR/SR S H LB
Table 1 Challenge-based PR/SR score comparison of different trackers on RGB234 dataset
/%

RT-MDNet + SOWP + MDNet + SiamDW +  CSR-DCF + s
Btk RGBT RGBT RGBT RGBT RGBT CMRT DAPNet WL X

FM 70.3/43.5 70.3/43.5 58.6/36.3 59.7/36.5 52.9/35.8 61.3/38.4 67.0/44.3 65.9/42.0 74.5/48.5
LI 73.7/47.4 72.3/46.8 67.0/45.5 60.0/39.9 69.1/47.4 74.2/49.8 77.5/53.0 76.1/49.5 84.0/57.3
CM 66.4/45.5 65.2/43.0 64.0/45.4 56.2/38.2 61.1/44.5 62.9/44.7 66.8/47.4 171.6/50.0 71.3/51.2
HO 61.8/40.4 57.0/37.9 61.9/42.1 52.0/33.7 59.3/40.9 56.3/37.7 66.0/45.7 66.2/45.7 68.0/47.2
BC 72.5/45.5 64.7/41.9 64.4/43.2 51.9/32.3 61.8/41.0 63.1/39.8 71.7/48.4 76.6/49.4 76.9/51.4
DEF 67.0/46.6 65.0/46.0 66.8/47.3 55.8/39.0 63.0/46.2 66.7/47.8 71.7/57.8 72.7/50.0 72.7/53.0
NO 89.3/58.6 86.8/53.7 86.2/61.1 78.3/53.4 82.6/60.0 89.5/61.6 90.0/64.4 90.4/61.9 90.9/65.9
TC 78.6/51.3 70.1/44.2 75.6/51.7 56.9/36.8 66.8/46.2 67.5/44.3 76.8/53.8 78.1/54.3 70.7/50.9
LR 78.6/48.3 72.5/46.2 75.9/49.3 60.5/37.0 72.0/47.6 68.7/42.0 75.0/51.0 76.2/49.6 70.7/51.2
SV 73.5/48.2 66.4/40.4 73.5/50.5 60.9/40.5 70.7/49.9 71.0/49.3 78.0/54.2 78.0/54.2 79.1/56.8
PO 78.0/51.7 74.7/48.4 76.1/51.8 60.8/39.6 73.7/52.2 77.2/53.6 82.1/57.4 82.1/57.4 85.2/59.8
MB 61.2/42.9 63.9/42.1 65.4/46.3 49.4/34.0 58.0/42.5 60.0/42.7 65.3/46.7 67.0/47.2 72.4/51.8

4 73.4/48.3  69.6/45.1  72.2/49.5 60.4/39.7 69.5/49.0 71.1/48.6 76.6/53.7 77.0/52.1 79.2/55.8
T R R N B AT R LA

1 0urs [———IMDNet+ RGBT I RT-MDNet+RGBT 1 ccoT SiamDW+RGBT

T ,
(b) R

" h

() T AT/ 41

.

EL=N=N
EE=ws

(©) TURIFR S 2 (d) AHBLI SRR S

6 AR BRER ik iy L
Fig. 6 Sample results of different tracking method( (a) background clutter and partial occlusion 1

(b) high illumination; (¢) background clutter and partial occlusion 2;(d) camera moving and high illumination )
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SLUGAIFE . 1) Baseline + DWL, 7E 18 18 J7 [n] | 9156 W
AR R FRAE () B D1 250 i) i ) 3 S A
WK RECR AL 3 S M 4% ;2 ) Baseline + DWL +
MIFL, i F B AR 2550 FRT A5 A B R il 5 R [ 2 1
ZARARHE 2 25 0 o) 4 FH 2 545 2K R B0 25
% ,3)Baseline + DWL + MIFL + CFL, fifi FH 5 #5125
A8 H AR B R 5 AS [F] 2 1 Z B8R AE [l B )
FHH AMRFAE 27 S BRI S0 AS [R5 (%) B AMRRAIE
PR E FRAE A E AMERAE HEAT AL, B )5 B 30
AR pRECI S5 I 28 A58

2 JB/R T1E GTOT F RGBT234 KU¥ifE 4%
ISR EE AL, N 2 ATLIAS . 1) Base-
line + DWL F25 54T Baseline , 7548 [R] 14 & B9 3
WEET ,7E RGBT234 i 4E I PR Fl SR 435l 4 7+
T 3.4% f13.2% ,1& GTOT %4 I PR F1 SR 435
T T 3.5% F 3.9% o X RIATE IRl 7 b i
BASBCERR B B 3 WA 2% v i S5 Al
PN ZRAETY ) & FE T % . 2) Baseline + DWL +
MIFL (45 B4 T Baseline + DWL, 31X 7% B 38 1 5 45
A28 H G B 15 3 (1) A FRAE 4 e
TE - G I P R 25 () RRAE FIT 345 Y 2 B SRR A B L
HH 5, 3) Baseline + DWL + MIFL + CFL I T
Baseline + DWL + MIFL, i 3¢ B B AMRFIE 27 > B
SRR T PRS2 8] B E MM | AR A MR e A
TERI RG22 J5 e NS e b R HARXT S, MSEEs
ZERAG R — A A I AR 2 (o BRERS B A E—
LW T, 5, A ST 7 Ml Baseline ( MDNet +
RGBT) (W3R435 1. 67 /s F12. 1 Wi/s,

&2 7£ RGBT234 1 GTOT #iE&E LRI S D HER

Table 2 Component analysis results on
RGBT234 and GTOT datasets

RGBT234 GTOT

Baseline DWL MIFL CFL
PR SR PR SR

Vv - - - 0.722 0.495 0.800 0.637
Vv Vv - - 0.756 0.527 0.835 0.676
Vv vV - 0.770 0.538 0.838 0.686

VARVAREVARRY

7 : DWL( dynamic weighted learning ) 2715 2 75 41 J¢ bR 41, MI-
FL( modal interaction and fusion learning ) 3¢ 7~ 5 4% 25 32 Bl
FlE 1R | CFL( complementary feature learning ) 267~ B A#MFAE
SFoIREER VFRRH, - FaRARH,

0.792 0.558 0.861 0.709

4 & it

ARSI VR AE A T TALH ] DLOE AT S MR 2
(B EAME AT TARUIZIR . 0 T —A-3h8HL
R PR, 8 A XoF T A AR 3 S B T 45 SR AT
— B RN 1 B 2 ORI AR AN I ZRAsi A, 7E
RGBT234 Fl GTOT 3X 19 A i v B4 4 16 A SCr
5 A BRI T VR SR AT X L, SE IS A5 R R B A S
BT HAB T

SRIMAS SO AR AEAS B, A XS T 52 BT () RG-
BT BREE 71 , AR SO AR SERHE J7 A AR AR R 4
fbzs 0], Aok 225 FE A MG B ROT-align ( region of
interest-align ) AR HR I HE a R R B8 A0 B[RS AS SC
D7 VB A T TAILHR SR BB B AMRRAE | 76 3R BB R AiE b
AIBEATISRA —SE M 75 | A SRt 2 K R B — B4 it >k
HE— LIRS | LLARAS BN E = A AR RS
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