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Abstract: Objective Object tracking, which aims to track a target continuously in a given video sequence, is one of the

important research directions in computer vision. It has been widely used in many fields, such as video surveillance,
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human-computer interaction, and visual navigation. The fundamental challenge lies in maintaining robust tracking perfor-
mance across diverse environmental conditions, including extreme lighting variations, occlusions, and dynamic back-
ground scenarios. The emergence of deep learning significantly facilitates the development of the field of object tracking.
However, coping with the challenges triggered by the attributes of the scene is difficult. RGB tracking uses only visible
light information and often struggles with challenging scenarios, including dim illumination and bad weather, particularly
in low-light conditions, foggy weather, or nighttime environments where color and texture information becomes unreliable
or completely unavailable. In comparison, thermal infrared images use the temperature as a source of information, do not
depend on lighting conditions, and can provide considerable details in low-light environments. However, thermal infrared
images suffer from low resolution, noise contamination, and a lack of texture details. RGB-thermal (RGB-T) object track-
ing is a downstream task of visual tracking. It extracts features by fusing visible and thermal infrared images to complement
each other, and its core lies in the way of feature fusion. It has emerged as a promising solution to overcome the limitations
of single-modality tracking. As the earliest deep learning method, the convolutional neural network (CNN) is widely used
in Siamese networks for RGB-T object tracking. After the emergence of the transformer, researchers use a unified network
for joint feature learning and relation modeling, thereby facilitating the interaction between the template and search region.
However, existing methods tend to single out CNN or a transformer for feature extraction. Moreover, they underutilize
complementary local and global feature relationships even though various complex fusion modules are designed to facilitate
intermodal information interaction. In particular, CNNs excel at capturing local structural details but lack long-range
dependencies, whereas transformers capture global context but may dilute fine-grained details during attention computa-
tion. Thus, a three-branch multistage fusion network for RGB-T object tracking, which models shallow local features and
deep global features separately and promotes the wide propagation of multistage features, is proposed in this study to
address the aforementioned issue. Our approach leverages the complementary strengths of CNN and transformer while miti-
gating their respective limitations through a carefully designed multistage fusion strategy. Method The RGB modality pos-
sesses abundant detailed features, whereas the thermal infrared modality, despite lacking detailed information, still has
significant global features that cannot be overlooked. We enhance and fuse features by employing different fusion strategies
at different layers to achieve a robust representation and prevent interference between local and global features. First, con-
sidering that attention may dilute local features, we design a convolutional fusion module (CFM) to extract and integrate
local features between adjacent patches. CFM preserves the spatial structure of local information through convolutional
operations that maintain the inherent spatial relationships between neighboring patches. This module, which is embedded
in an additional branch that directly processes the features after patch embedding, merges this branch into the backbone.
The additional branch is designed to operate in parallel with the main transformer backbone, thereby ensuring that local fea-
ture extraction does not interfere with global context modeling. The three-branch design improves the retention of local fea-
tures and facilitates the propagation of shallow local information to deep layers while avoiding attention distractions. In addi-
tion, an attention fusion enhancement module (AFEM) , a partially weight-shared module, is designed to extract and fuse
global features. AFEM employs a dual-path linear projection strategy where one path uses shared parameters to maintain
feature consistency across modalities, whereas the other path uses independent parameters to handle modality-specific char-
acteristics adaptively. This design effectively normalizes the feature distributions of RGB and thermal modalities before
fusion, thereby addressing the challenge of heterogeneous data distributions between different sensor modalities. AFEM is
directly inserted into the backbone, which can integrate the global features of deep networks and avoid affecting local fea-
tures. Our method facilitates the integration of local and global features and significantly enhances model robustness
through the design of additional branches and multistage fusion. The multistage fusion strategy enables progressive refine-
ment of features across different network depths, with shallow layers focusing on local detail preservation and deep layers
emphasizing global contextual understanding. Result Our method is evaluated on three standard RGB-T object tracking
datasets, including LasHeR, RGBT210, and RGBT234. Result shows that our method achieves precision rate (PR)/suc-
cess rate (SR) of 83. 7%/60. 6% on RGBT210, and MPR/MSR of 86. 4%/83. 5% on RGBT234, thereby demonstrating our
method’ s robustness to modality-specific challenges. On LasHeR, our method (72.0%/67. 7%/57.0%) achieves 2. 4%/
1. 5% gains in PR/SR compared with the baseline (69.6%/65.9%/55.5%). We evaluate the challenge attributes on
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LasHeR, and the results indicate that our method achieves optimal performance under the most challenging attributes. For
instance, our method achieves a PR of 59. 2% and far surpasses other methods in abrupt illumination variation, thereby
demonstrating the effectiveness of our local-global feature fusion strategy. We also perform ablation experiments to demon-
strate the effectiveness of the modules. Results show that our designed modules and the three-branch architecture effec-
tively enhance performance. They validate the synergistic enhancement from our novel module ensemble. Conclusion In
this study, we propose a three-branch multistage fusion network for RGB-T object tracking that obtains rich semantic infor-
mation by extracting and fusing local and global features. Our method decouples the local and global feature extraction and
processes these two features through dedicated pathways before fusion. In this way, our method effectively addresses the
fundamental limitation of the existing RGB-T tracking approaches that either overemphasize local details or global context at
the expense of the other. With the additional branch, the tracker effectively captures features at different stages and facili-
tates the propagation of local features. The three-branch architecture enables the network to maintain high-quality local
details throughout the entire processing pipeline. This approach is particularly crucial for tracking small objects or objects
with fine-grained textures. Experimental results show that our algorithm outperforms state-of-the-art RGB-T object tracking
algorithms and effectively improves RGB-T object tracking performance. Our method achieves superior performance across

multiple benchmark datasets while maintaining reasonable computational efficiency, with a frames per second (FPS)

of 22.7.

Key words: object tracking; attention; convolution; multi-modal fusion; three-branch network
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Fts

IR =AY g Lt 8E S ]
Fig. 3 Structure of AFEM

5 CFM AR, AFEM B9/E ITE T 7800 K
SRy AR R 0 . B M kR o A
FQ=XW,LK=XWV=xWw, X, we,wE, w’

Al SRR . RS S SR B iR
AT, Bl

T

14 (5)

A= softmax( LS
d

Kb d IR A TR IER TSR, AT
PR A B, i A8 U 1 R A RS Al A, B
BABS VEPEA T — 8BS il e E S5l
PR3 S PR — 3, DA 3k 50 R 25 0
TR B 5 2w 22 . O T R BT ELy Ak, A1
i I AS S 50 37 26 M 2 A BB S S A g Lk
SRR ) S A TR T . L H R A

AP ST R WS O R — oA, DU T AL 2 1
I P SRIBURFAE

2.4 ML EBREEE

MSFT 3% JHi 5 OSTrack JEL BTN 3% , 1 Joks 1%
R E R A B 2B RN 1538 HArts o0 K,
W45 53 e 9 7 6 2 S B e o X

ARSI ER IR BRI LU 3 Ff

D13 % 1767 SO 111U K6 VA W 1 B9 A ]
WES A P A A8 R SR A 53 R 400 2R L 2 ik T 5t
FNF SREAAS Y- A 1)

2))” X loU g . %ﬂfi}? Lt (intersection over
union, loU) #51 5 TH HUMAE 5 45 1 HE 19 75 55 R IF4E
A R PR RS, 7R TIUIAE 5 BR T AE 58 4R B B I AE TR
BRI IR, | S ToU 512K AT AR 0 GloU = 1 —
loU {145 ToU 2y O BHJ3K T LU 25048 S0 T I, A
B2 TN AE 5 5 T A S 02 /N T A A8 i
et

3)LUAAR o K F00I A A 5 A v A bR A7 IH —
e R LR B R Bk

REEG DL B 3R SR ek A, SR T H TR LAY 4
KRB A B

L=L,+A, L, +A,L, (6)
A, Lo AR L, ) L ToU B 2%, 1M
SENDRTRE Ly, LR A FIA SR

3.1 AT
185 7 i ] PyTorch 55 1 ,
3.10. 6, Torch W 4~ S~ 2. 1.0,

Hrh Python fiL 4% 2
Y 2k 78 8 7K Hygon
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7100 DCU _EEAT , 55K 8 R Y batchsize 24 16, fE 1k
o AdamW . i ] LasHeR 15 4 Il 2R 8046 4 , 48
405 60 KA .

MSFT 2R ] OSTrack £ 4 HELR 312, HErp AR R
/NBEE A 128 X 12813 3%, 48 2R XU/ A 256 X 256
182, patch K/NHK 16 x 16, CFM [F] i XA A 5518 2R
DA TRl b BB/ 3, padding 4 1.

Ry Y R G b 2 o) REAE AR £ 43 B
SRk . RS 1B B, AR 4.7 10 JZ ER
AFEM K77 2] 2 oy R ik, YINZREE TN 20 %8 s 7E565 2 By
B AESR 1,47 10 JZ2 VR I CFM RL2# ) Ry B Re ik, Il
RN 1558 . BB TF IRt 22 2] R 8
0. 000 1, FFAES 10 585 B IEA R 10%.

3.2 HRESTMEER

1 3 AU B FE R i MSFT A A7 R4 1 -
RGBT210 (Li 55 ,2017) \RGBT234 (Li 55, 2019a) #ll
LasHeR (Li%%,2022)

1) RGBT210 408 4 {1 I 3 1A 7] 2 B A AL
FO8E, TFAEAI BT HEA T 1 X P4, A A S oA
N A PRI DL A B s A HERE . Bl SR S &
210 A HRATOG , S ITELC R 104, 7 K, H v 00 40 55 K
8 K. 2019 4F, AR IEAN b4 i 22 234 04
X, 438 RGBT234 Kdla e , Bk 116. 7 K.

2)RGBT234 5t 1 Z2 PR Jm 1, 4 oy e 4
(partial occlusion, PO) , #42& X (thermal crossover,
TC) JHPLEE 3l (camera moving, CM )55,

3) LasHeR J& — /> H. A7 HL 2 i 2 S R LA
RGB-T BREF BG4 , 08 1T B MURGE 730 K19 1 224
AN | B — AR 280k 25 [0 55 A1 P s i, B I
TEARERRIYE . EPREEYE I LasHeR 4116 FF:
P 3T T 2 Pk R P L 230 O - TE Y (no ocelu-
sion, NO) . &84 £4 . 58 £ ¥ FY (total occlusion,
TO) . i% B #E £ (hyaline occlusion, HO) | H #5 JE 48
(deformation, DEF) | ¥ 5 2% L (background clutter,
BC) . iz & #5 M (motion blur, MB) | R i# iz ) (fast
motion, FM) #4252 X fIRIEFE |55 B (high illumina-
tion, HI) % 2% (frame lost, FL) . H ALEF (out of
view, OV) f&43#£ 2 (low resolution, LR) ) R 5848
(abrupt illumination variation, AIV) AIHLES 3l Fh W0
AH{LL (similar appearance, SA) JEEAE{ (scale varia-
tion, SV) 14 2\ Lb 22 £k (aspect ratio change, ARC) o
HIZ R G20 222 M IRER 5, DL & s 2=

W RAHE R 1 IREE R AR B LasHeR (19 2 F
P, {5175 LasHeR G808 50142 T My B 400 90 5237 55

A5 1 2% (precision rate, PR)$8 83 10 /) H b
HE SR TE HARHER b i 22 18] A D B A T A
B L ) MY O LG B TP E AR EE . T
G PR K/ B R, LasHe R B 42 & 414 e —
ALK 1 >% (normalized precision rate, NPR) , 4 Tl
HE 5 AR EAE 0 — A Z 5 PR 5 DA 7 v
PREEPERE . % (success rate, SR) ST HFRHE
SPRERER B SR, FEAT IR 00 B ARAE 2
A MR L HE JE AR

RGBT234 % 4 £& {ff 1] % kS i % (maximum
precision rate, MPR) 5 # K % T & (maximum suc-
cess rate, MSR)AE N PEAG TR R , B 75 M RS R XS
TR AR 22 R . B AR X PRSI B bR
A8 BT AR, 7E T MPR 5 MSR B, 43 51l E 3K
PR A28 DA G B 85 B /N 5 R e 3R B RO A O BB
G5R HaRi o Uz,
3.3 IWHER
3.3.1 LasHeR¥PAhiZ5 R

S BIE MSET [ 2401 , #F LasHeR 845 4 i
17 VPG IR IR T — 2 B AR ) R 2 AT
e, 346 DAPNet(Zhu 55 ,2019) .DAFNet(Gao &5,
2019) .MANet (Li %% ,2019b) . CAT (challenge—aware
RGBT tracker) (Li %% , 2020) . HMFT (Zhang %% ,
2022) . APFNet (attribute-based progressive fusion net-
work ) (Xiao &, 2022) . ProTrack (multi-modal prompt
tracker) (Yang 45 2022) \CMD(cross—modality distilla-
tion) (Zhang 5% , 2023) | ViPT (Zhu %5 , 2023) . TBSI
(Hui 5§ ,2023) . TBSI-Tiny (Hui 4§ , 2023) . SiamTFA
(siamese triple-stream feature aggregation network )
(Zhang 45 2025) .SDSTrack (self-distillation symmet-
ric adapter tracking) (Hou 4§ , 2024) | OneTracker
(Hong %%,2024) \BAT(Cao 95,2024 ) . TATrack(Wang
%, 2024) | LightFC-T (lightweight full-convolutional
siamese tracker) (Li 4 , 2025) Fil CAFormer (cross-
modulated attention transformer) (Xiao 2¢,2025), £ 1
JEIR T A TUE LA LasHeR MR4E T AYITAL S5 R , 52
B 5 AR W] MSFT UG 1 405E i BREZTERE , JL PR
NPR # SR 43 Bl }y 72.0%. 67.7% i 57.0%,
TATrack 43 5l & i 1. 8% 1. 0% 1 0. 9%, X 5 W] T
MSFT AT B R PERE L # . ol IR 2], BT
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#1 #HiE%E LasHeR FHRIRERILE:
Table 1 Comparison of tracking results on LasHeR dataset
Tk H 4k F TR PR/% NPR/% SR/% FPS/(1hi/s)

DAPNet(Zhu %5,2019) ACM MM 2019 VGG-M 43.1 38.3 31.4 2
DAFNet(Gao %,2019) ICCV 2019 VGG-M 44.8 39.0 31.1 23
MANet(Li%,2019b) ICCV 2019 VGG-M 45.5 38.3 32.6 1.11
CAT(Li%,2020) ECCV 2020 VGG-M 45.0 39.5 31.4 20
HMFT(Zhang % ,2022) CVPR 2022 ResNet-50 43.6 38.1 31.3 30.2
APFNet(Xiao % ,2022) AAAT 2022 VGG-M 50.0 53.9 36.2 1.9
ProTrack(Yang 55 ,2022) ACM MM 2022 ResNet-50 53.8 49.8 42.0 -
CMD(Zhang %,2023) CVPR 2023 ResNet-50 59.0 54.6 46.4 30
ViPT(Zhu%§,2023) CVPR 2023 ViT 65.1 61.7 52.5 -
TBSI(Hui %§,2023) CVPR 2023 ViT 69.2 65.7 55.6 36.2
TBSI-Tiny (Hui %§,2023) CVPR 2023 ViT 61.7 57.8 48.9 40.3
SiamTFA (Zhang % ,2025) T-ITS 2024 SwinT 62.5 - 48.1 37
SDSTrack (Hou 55,2024 ) CVPR 2024 ViT 66.5 - 53.1 20.86
OneTracker(Hong 55,2024 ) CVPR 2024 ViT 67.2 - 53.8 -
BAT(Cao %7,2024) AAATL 2024 ViT 70.2 - 56.3 -
TATrack (Wang 55,2024 ) AAAL2024 ViT 70.2 66.7 56.1 26.1
LightFC-T(Li %,2025) arXiv 2025 TinyViT 63.8 59.9 50.1 81
CAFormer(Xiao 55 ,2025) AAAL 2025 ViT 70.0 66.1 55.6 -

EN'S rp ] [ 4 T 24 ViT 72.0 67.7 57.0 22.7

T L PR R S R RS R =" BN B A R AR S it

CNN FE T 1M % , i1 APFNet(Xiao %5 ,2022) .CAT(Li
4%,2020) \DAFNet(Gao % ,2019) P22 /i 5 ViT
F W, X R CNN 3= R 5 48 2 X e
ZEH B XA EIE T FH Transformer 2244 (1) £
Bk, 59— 3T VIT £ 59 45 4 CAFormer
(Xiao 4§ , 2025) | TATrack (Wang % , 2024) | One-
Tracker (Hong %5 , 2024) 46 J7 {4 %) Hb , A8 10 #L 77 1%
SIA T BN 2% (MBS Al A sl i P RR AR BT, an
CAFormer 51 T B A SC Y RRIE A B 5 R,
TATrack 51 A T WG 70 X HTEL 53 3, (HIX £ 7 1%
AR R BR T X6 4 R R e B BRI, AR 9 B R RS
KA. SDSTrack (Hou %5 ,2024) 5 BAT(Cao %,
2024 ) D)3 33 flo] sl B s i 1 7 ZURD FE AN AT FERL S
SFAE L (H IR B R IE R ERE ) A2 o T MSFT
W = S 4 B T AR ()RR PR ECRE ),
FH R BB A AE A 78 UR J2 15 i SCRRAE | DA T 34 21 58 4
fRITERE S

AR, 1 IR E/R T MSFT 5 LightFC-T(Li %%,
2025) |, TBSI-Tiny (Hui %5 , 2023) il SiamTFA (Zhang
45,2025 SR R IR HE . X S T v
7 ¥ A B BRI T ok 8 1) B w5 A 0% (X S 30Uk
TEAZ H AT 4. R4S MSFT B &3 R Sk B e
(A RE AR R R B () 4051 , K 31 T 857K o

Kl 4 JE7~ T MSFT Fil 55 4) 4 A~ BRI ZR 7F LasHeR
LA TR E M IEAR ZE A . R A TUECT 43 )
TR A PR S PE B A PR 5 5 5 PR, MSFT 7
HB S Bk G 1T B A R R AR 2 A ST WARAIL
Rl AT S, Hoo MSEFT 78 6 I 28 748 5 3 W ik
PR B3 T 55 oA B, 3 2 R A MSET B i 4
X R FRRRIE 5 4 R RRAE A Rl 76 B — S B
IF 3207V R 8 T 4 b i Al ] g RS2 b B 48 19 4R B
JHR B SR  $e T 5 T I ERERVERE
3.3.2 RGBT2105 RGBT234 PEAki 2

% 2 /& MSFT 7 RGBT210 % 95 5 I i I8 12 4%
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Fix, KA, FBiEE, TEN, FHR, S8k
H @ RGB-T BRI =N X S MR A W%
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HI (315, 63.5)
(51.3,76.9) ,(35:/6, 65.2) -
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Fig. 4  Evaluation results of 19 challenge attributes on
LasHeR dataset

R, X T AL S DAFNet(Gao 55 ,2019) . TFNet ri-
dent fusion network) (Zhu % , 2022) . mfDiMP (multi-
modal fusion discriminative model prediction) (Zhang
& 2019a) .CAT(Li%E,2020) \DMCNet(duality—gated
mutual condition network ) (Lu%s,2025) Fil CAT++(Liu
85,2024) , KW TR e A B A RE DR Sy
iy vERE , A —E Bz ALk

K2 HIBERGBT210_FHRIEERILE

Table 2 Comparison of tracking results on

RGBT210 dataset

WIReS PR/% SR/%
DAFNet(Gao%,2019) 72.6 48.5
TFNet(Zhu%%,2022) 77.7 52.9
mfDiMP(Zhang % ,2019a) 78.6 55.5
CAT(Li%,2020) 79.2 53.3
DMCNet(Lu % ,2025) 79.7 55.5
CAT++(Liu%,2024) 82.2 56.1
AL 83.7 60.6

TE IR R 7R 4 fe L4

F3JEIN T ROBT234 Hdla e T i PFAL 45 2R X
It 75 1 49 4% mfDiMP (Zhang %5 , 2019a) . FANet (fea-
ture aggregation network) (Zhu 4§ , 2021) . JMMAC

(jointly modeling motion and appearance cues) (Zhang

&5 2021) . ProTrack (Yang 45 2022) . DAFNet (Gao
4% ,2019) . CAT (Li % , 2020) . APFNet (Xiao %% ,
2022) , ViPT (Zhu 55 ,2023) . CAT++ (Liu 55 , 2024) |
SDSTrack (Hou %% , 2024) . OneTracker (Hong &
2024 ) Fil TATrack (Wang 55 ,2024) . MSFT f) MPR 5
MSR 4351 4 86. 4% 1 63. 5%, B # 57 s A% = 1 i
B ¥ A5 B0 TATrack , (EAT LT B 3 B 25

R3 HIBERGBT234 FHBRIRERILE

Table 3 Comparison of tracking results on

RGBT234 dataset
ik MPR/% MSR/%
mfDiMP(Zhang % ,2019a) 64.6 42.8
FANet(Zhu % ,2021) 78.7 55.3
JMMAC (Zhang %,2021) 79.0 57.3
ProTrack( Yang2%,2022) 79.5 59.9
DAFNet(Gao %,2019) 79.6 54.4
CAT(Li%,2020) 80.4 56.1
APFNet(Xiao%,2022) 82.7 57.9
ViPT(Zhu%%,2023) 83.5 61.7
CAT++(Liu%:,2024) 84.0 59.2
SDSTrack ( Hou %§,2024) 84.8 62.5
OneTracker(Hong % ,2024) 85.7 64.2
TATrack(Wang %5 ,2024) 87.2 64.4
AL 86.4 63.5

T L PR R S 8 R A2 2R

3.4 HEEIRIE

R T SR TR A S R LasHeR £04
RTINS, BARSC it iR 4 s, AT
N RER UL T S R A i B MSET (9 R
KEHNGR, LIRS R, MSFT AR L 2 v 42
4T 2. 4%, [R5 25 A AE BRoph A FH R BB T R 1k
RE4E T, Hor AFEM A ok 32 T T B g, ik 2 R
AFEM fil & 7 5 H 50 0 42 Ry B i, 56 ) T IR
EEPLR . HIELRAH L, MSFT 1 S50 B0 , K4
SR F LD THSINMY S RE WML, TR R
KM@ BEIFA K, BT ACR EAT AR RE RS DR BRI
GFE7KF- AR MSFT PR R4 FHAS A T iy
BH S, WS B 205 3 A A S B FH P T A2 1

FEGNHL BT X CEM SEAT T 5 2R A B9 7 Al F 5T
ARV Rl A 7 2k B o 38 A6 CFM AR AR
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R4 MSFTHEHE R
Table 4 Modules ablation of MSFT

Jrik PR/% NPR/% SR/% Params/M FLOPs/G

Baseline(J:£k) 69.6 659 555  85.6 54.8
CFM 703 66.1 557 2556 82.0
AFEM 712 672 566 945 60.5
CFM+AFEM ~ 72.0  67.7 57.0 2644 87.6
T L AR 5 5 e e 2R

F 2 XI5 7 2 AAB B, BT S5 50 ok 40 TIE s
YO o HEA T Al A A . TEATH RS L, H
BT B ARG 72X, R G AR B R X, B
2 A5 S AR O — 3

TSR T LA . v LLE W, JTCie
Ty = ARl A B — BB A AR 2 R B R i 3 L X
JE KA Transformer AR 548 Z XA R 48— 471k
SRALFE i CFM O H v — 3B 405 B TRl G
T B B BRAG  AIRAS o eAh , SEERIA RS T A
Hhar SOMPERE R R N ] LA TR IR A
S OUT PR S B BRI X I TR
23 B SRy AR AR AR , AN F T CFEM X Jey S 4 AIF 119 il A
PRI A R & 1 ) 23 SR SR IO AL 6 R (5 B2 4
B

®5 CFMBpIR&ARIILE
Table 5 Comparison of the fusion approach to CFM

a7 = =% PR/% NPR/% SR/%
AR N 70.6 66.6 56.1
e te N 70.5 66.6 56.1
R+ 2R X - 70.3 66.6 56.0
TR+ % X B N 72.0 67.7 57.0

ML TR & TR RS S, N = Feor 8 AR
=01 325544

R TR B e A7 B TS0 AT
WEARRZHmAMNERR. RoMFTER TN
CFM Fll AFEM 252 Je ibEse . 1 EF Y CFM Y
HZAESE 120, BRI 2P 8 2 A B RAAIG, [ 5
THELL ORI N R R B AT T & M4
TR)Z, PR IHTE 1 )22 il 6 Jed AR AR X P R 1 4 T A Ry
W . R I 280 2 it 2 S 80 pE T I, X &
R B BRI, Jm SRR 8 T e A8 Ry A 4 1 4
JRFFAE | 28 R 2 e IR oK R )2 R AR AT SR

MESEATIRIE, SR AR IR A FH DS 3 AT 5 A SR AR
e 52 4= Ry FR AR 38 , DTS2 Wi R R 45

H1 T AFEM B 7EH G F AR R a5 B, ANl
0 TS R R AR BT SRR A R AR
HEGES N TR, 5 CFMARTRE, i3 2 125
W FEWERE T M, 0 PO B I 22 il 20 A6
SRS EURRBS T T 00— SR RS RS
{r B AL Z AR R B RS RV AT A &k . O TR
F¢ MSFT 75 T X 5 25 ol 4 IR A9 B B R B, R T 17
— RSB SCE , N3 8 I o ffE ] LasHeR A4 M
AR PR BB RS RRIE B 0. LR 45 SRR W], Tk
SEAT RS B RE  #02  EUR BR R e E TR,
A] DL R A i B PR BE R R TE L o LR 2
MSFT #J7 T X5 4 R AR BEAT R, T A] DB 6
A US4 U R ) S I WIS/ 203 7S 2Tk
TR X LA O 255 0 A0 A ) e e B 8 A o
ik f A B BL it — 25 T AT SER A AR IE R I, 2L
R ER TR RE 52 BB

*6 CFMIEBAKEH
Table 6 Inserting layers of the CFM

CFM JZ%k PR/% NPR/% SR/%
4,7,10 69.8 65.8 55.7
1,4,7,10 72.0 67.7 57.0
1,4,7,10,12 70.3 66.5 55.9

TE LR RR A S R A2 2R

%*7 AFEMEAME#
Table 7 Inserting layers of the AFEM

AFEM 2% PR/% NPR/% SR/%
4,7,10 72.0 67.7 57.0
1,4,7,10 71.3 67.3 56.7
1.4,7,10,12 70.4 66.5 56.1

T L PR 5 8 R AL 2

R8 HETERMEEE
Table 8 Modal defects experiments

BRI PR/% NPR/% SR/%
J 72.0 67.7 57.0
RGB 45.9 41.9 37.6
TIR 58.2 54.5 47.0

T L PSR S S R A2 2R
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L. BN N ROAY) AR B ER A5
HRE PR E 7 28 1 @A AR A B b 330 R AR
T2 7 n] WO T B R AR5 B, B e E T A
T 2 S EARAE A AR LT AN . I MSET Y 4
AR T AN RRAE BB A BRER 2R . DA BB
BR 45 R BUE T AR SC7 1k BE S T8 (e 2t R R AR S
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Fig. 5 Comparison of tracking results on LasHeR dataset

4 &
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=0 X 2 W Bl 2l TRk S R SOR %R
R AR RS B IEAE AR B B R AN (] 9 il 75 5
W A 3 SRR AR, A RCHE TE T R R MR . B At CFM
bR T S o L S (1SR = T & 4N i i = S W
[ B35 1 T AFEM K @il & 4 R FRAE | i — 20 4 i
THIA AL S . 7F LasHeR .RGBT210 1 RGBT234

b HEAT Y S G 25 SR R W MSFT E BUAS 48 4 1 19 125
PERE . 4 Bl SC 56 35 B MSFT B % A S0k 1 52 W
% ER RGBTz AR 3 R R S 4 R RRAE
fill 5o

ARG 1 A7 A — 2wy BR AV, SRRk &R 1l
S NS REHORE T Bz A e R R .
G AHIEFE i FH patch 4t J5 A RHEAE R Jo i (5 B 1
VR G TR BT RGN RAE A BB X
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