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RGB-T Salient Object Detection: A Survey
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Abstract: In addition to RGB images, thermal IR images can be used to extract salient information, which is
crucial for salient object detection. With the development and popularization of IR sensing equipment, thermal
IR images have become readily available, and RGB-T salient object detection has become a popular research
topic. However, there is currently a lack of comprehensive surveys on the existing methods. First, we briefly
introduce machine learning-based RGB-T salient object detection methods and then focus on two types of
deep learning methods based on CNNs and vision transformers. Subsequently, relevant datasets and evaluation
metrics are introduced, and both qualitative and quantitative comparative analyses are conducted on
representative methods using these datasets. Finally, challenges and future development directions for RGB-T
salient object detection are summarized and discussed.
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Fig.1 Classification of RGB-T salient object detection
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Fig.3 Different quality inputs and their salient prediction
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A RBERE TELL VT821 N, i iikisainN
AR A ERT RGB UG RS RN 2R3z 19, Tu 5

SR TN, e 5 g T VT1000051A1 VT5000024,
RGB-T &35 1 H bl ) 845 4245 21 T MoK 9™
78, VT821. VT1000 A1 VT5000 /%y H 1 7
() RGB-T W35 1% H bRl 55 FI B S . % 1 2
R T IX 3N HIRERIMERE R

#* 1 RGB-T &k HArer il o 4
Table1 The RGB-T salient object detection datasets

Name Year Scales Camera equipment  Disadvantage
FLIR A310 1. Simple scenes that lack complexity and variety.
VT821 2018 821 SONY TD é073 2. The camera uses different parameters when capturing RGB and thermal images.
3. Additional whitespace is introduced when aligning images.
VT1000 2019 1000 ELIR SC620 1. Ther'e are poter?tlal errors nt:lS the |m'ages .are aligned manually.
2. Limited scenario complexity and diversity.
FLIR T640. . . .
VT5000 2020 5000 FLIR T610 1. Images are affected by thermal crossover, making detection challenging.

2.2 ERRITHN R

YUIE KL B0, RGB-T 2 H ARk PR
mhzk. F il AP 4B 1% 25 (Mean Absolute Error,
MAE) £ - IIPFIER . BEAh, RGB-T R#F1EH
FRASIEI N T S I (S-measure) A1 E I 5 (E-measure)
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PR SLAR P TR] ) 2 A AR AL, I EL RIS Re 8% 17k 25 1)
fR5E R, S PR E SUA:

S, = AxS, +(1-4)S, 1)

e SO R, TP R g A AR A
So NXT SR E R, HTMBEERSGHAUYE, Ay

2) ENE (E-measure) [T, E 2 — Rl sl A
B0 R H AR IFE RS BESE 1 3R 1 3E M. 1) 4 SR A e

FRAME, Mo SChnh
Eem :ﬁg;ﬂ:m(x’y) (2)

X h fw o AR R B s BRI RE s FM PR S
& X RIS (foreground map) ,  EIKS I3 1 H A% .

3 SR

AR BT R oy T AT T e A 'L
B, BEEEMMEIR RGB-T & M H ARSI &
Ko RFRAT 2.2 WA LAE F Y
febr, 78 VT821. VT1000 A1 VT5000 % 4E b5t A
AREMER RGB-T 31 HARGI LT T &
B E VLA
3.1 EHTHEFIM RGB-T SE MM 5 ERTEE

BT HLES 2 S 7k e s i s R ansk 2
TN BT RPEHE AR, R IR TR LN
fabr LR g RA R TE, EARE T — AN BARIK
S, HATMALG R 4 55 4, 55D Fic. ME
AT DUE Y, SR TALES 25 ST IR 7 VR Re s Kot e Ar
R EVE BARXIE, (HAAAE RIAR B RA . e 55
), IEWTRTSCRTIR, BT TRHMER R BR 1, X2
J7iE R — Sl s AR TP I S5 R R 147D
X AR R E R (55 2~61T) - H
BEAT O, RFAE A SRECH T RGB-T &2 M H Ak AL
FRKEL,

F 2 ETHEYIN RGB-T B3 M H ARk 7kt

Table 2 Quantitative comparison of machine learning-based RGB-T salient object detection methods
Algorithms VT821 VT1000 VT5000

) F1 Et MAE| St F?1 Et MAE| St F1 Et MAE|
MTMRI 0.725 0.662 0.815 0.108 0.706  0.715 0.836  0.119 0.680 0595 0.795 0.114
N3S-NIR[ 0.723  0.734  0.859 0.140 0.726  0.717 0.827 0.145 0.652 0575 0.780 0.168
LTCRIY 0.762 0.737 0.854 0.088 0.799 0.794 0.872 0.084
MGFL!2 0.782 0.725 0.841 0.071 0.820 0.801 0.882 0.066 0.751 0.661 0.817 0.085

Note: 1 indicates that the larger the indicator, the better, and | indicates that the smaller the indicator, the better. Bold and underline indicate

optimal and sub-optimal results, respectively.
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Fig.4 Visual comparison of RGB-T salient object detection methods

3.2 ETREFIMNAELR W7 AR E R . daRrh s T &, BT VIT 75

ASCRFETIREE S 2IH RGB-T B MEHARKI VA8 JUA Ho s 4R 19 PF o i A b RS 70 #40 T3 -
T34y 9T CNN 77V FIEE T VIT IO RE CNN D7, XA REAS 28 T VAT Jiid 4 57 K At
ATSEIRXT L, 32 3 7R 72T CNN 7 EMZE T VIT - #iRI 2 R EARE T CNN SREUR) SRR AE A 2 5
6



FaTH F1W Vol.47 No.l
202541 H ARG RGB-T E3E M H Anh il R Jan. 2025

ZMEREE. B4 CGF 6~13 5D wHAL T #5 A
AARNEMEETIRE )5, BN ERR GR 1
7« ZH GE217) L I0R GE31T) K
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(5 VR AR REA ROt A7 T AT (R 25 H AR, X B
EIE 7 VIT R ARG 2/ R UE 2. 84,
W5 3. 4 ATHR, R S AT T ] H7
NIRRT UREE S I 1 RGB-T W3 HARKN 77 ik
SRS, AHAETDN IR R OL R 54T) » A
TN BADX 7 3t A5 FH SOUASE 28 R AL 2 S 25 14 5 Wi 9000 45

(55 6. 95 . MAHh, K& RGB EIGAMI TR AL
M T IR AT, EARIEEE 2 AT AR, A iy
IR ARG st 2 i RS F AR A RSB . 56
5 AT RS, KER 0 5 AR R AT RS e 1L
e B HARL . sk b, AR iR 2 A
RGB-T &3 1k H sl PN I BT AT (R R S FAE 55

HIIE A BR L . B BB R R R, DA SRR
U HE 2 W, 9 i B 2 o 1080p 1 G K 24
200 M3 BETBIAEATSS N T 8/ 4 i
A, BESEEANEGIEE A GRS (224
X224, 256X256 %5) , {EMZAEESE fEdt bR
FEM T SR e, (BIXFES ATl &k —
G R Ak, BUA W7 S e ARSI B TN
R Z IR REE R AN R (5 S, (HIX AN n ik G kb 5|
AN TR Ak, CNN R T A TH SRR sz 7 1
LB RZRMALZE, XD 7 A
HRER.

B Bk EAAN, HET RGB-T f35 1 H AR IE
MilEE LA Bhlk: OB ER RGB BRI &1
A a5 B, R (38 1 17) RGB
KGR At R e g (. QU E R, M RFTR
POTE A RE TG R, BUA 7 5ok i
EAREEHbR. QFIREIRE. AN RGB-T &
N H bR I B0 5 P AR E A AR SE IR (B 247
FVE B R (B8 3~447) Fi#, Xz S
i L TE IR A 21 IE A ) 0 25

# 3 HETIRESN RGB-T &3 H AR ik e & i
Table 3 Quantitative comparison of deep learning-based RGB-T salient object detection methods
VT821 VT1000 VT5000
Methods  Algorithms Backbone
St Ft Et MAE| St F{ Et MAE| St Ft Ef MAE]|
FMCFI8l VGG16 0.760 0.640 0.796 0.080 0.873 0.823 0.921 0.037 0.814 0.734 0.864 0.055
SGDL VGG19 0.765 0.730 0.847 0.085 0.787 0.764 0.856 0.090 0.750 0.672 0.824 0.089
ADFNetl?4 VGG16 0.810 0.716 0.842 0.077 0.910 0.847 0.921 0.034 0.863 0.778 0.891 0.048
MIDDI?2 VGG16 0.871 0.804 0.895 0.045 0.915 0.882 0.933 0.027 0.867 0.801 0.897 0.043
CGFNetl?l VGG16 0.881 0.845 0.912 0.038 0.923 0.906 0.944 0.023 0.883 0.851 0.922 0.035
bCaNS(:j- CGMDRNEt?® Res2Net-50 0.894 0.840 0.920 0.035 0.931 0.893 0.940 0.020 0.896 0.846 0.928 0.032
TNetl27] ResNet-50 0.898 0.841 0.919 0.030 0.928 0.889 0.937 0.021 0.894 0.847 0.927 0.033
MIA DPD[®]  ResNet-50 0.844 0.850 0.070 0.924 0.926 0.025 0.879 0.893 0.040
MMNetl2] ResNet-50 0.875 0.798 0.893 0.040 0.917 0.863 0.924 0.027 0.864 0.785 0.890 0.043
CAVERDB ResNet-50 0.891 0.839 0.919 0.033 0.935 0.903 0.945 0.018 0.891 0.842 0.930 0.032
CSRNet!3! ESPNet’v2 0.885 0.830 0.908 0.038 0.918 0.877 0.925 0.024 0.868 0.810 0.905 0.042
SwinNet[39] Swin transformer 0.904 0.847 0.926 0.030 0.938 0.896 0.947 0.018 0.912 0.865 0.942 0.026
ViT-based HRTransNetl3] HRFormer 0.906 0.853 0.929 0.026 0.938 0.900 0.945 0.017 0.912 0.871 0.945 0.025
MITF-Netl3¢  PVT’v2 0.905 0.853 0.927 0.027 0.938 0.906 0.949 0.016 0.910 0.870 0.943 0.025

Note: 1 indicates that the larger the indicator, the better, and | indicates that the smaller the indicator, the better. Bold and underline indicate

optimal and sub-optimal results, respectively.
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Fig.5 The challenges faced by RGB-T salient object detection
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