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Abstract: In order to address the demand for open-ended text-instruction-guided fusion in infrared - visible
image fusion tasks, this paper proposed an infrared - visible image fusion framework based on learnable fre-
quency-band decomposition and text-guided gating. Specifically, the proposed method constructed a text -
image alignment module by jointly exploiting Contrastive Language - Image Pre-training (CLIP) and the
Grounded Segment Anything Model (Grounded SAM) , which associated textual semantic priors with lo-
cal image regions. Then, a dedicated learnable frequency-band decomposition module was introduced for
bimodal feature extraction, which adaptively separated the low-frequency base representing global struc-
tures from the high-frequency details describing fine textures. Based on this decomposition, a text-aware

gated fusion module spatially regulated the feature contribution weights of the infrared and visible modali-
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ties. In addition, a multi-constraint loss function was formulated to incorporate gradient fidelity, and gat-
ing-map regularization, thereby preserving structural integrity and textual semantic consistency in the fused
results. Experimental results on the Low-Light Visible-Infrared Paired (LLVIP) dataset demonstrate
that, compared with TextFusion, the proposed method improves the text-related metrics edge preserva-
tion index plus (Qabf+ ) and Structural Similarity Index Measure plus (SSIM+ ) by 0.070 5 and
0.036 4, respectively. For common image fusion metrics, Mutual Information (MI) and Peak Signal-to-
Noise Ratio (PSNR) are improved by 1.516 4 and 1. 756 6 dB, respectively. Moreover, the proposed
method achieves a 0. 9% improvement in mean Average Precision over Intersection over Union thresholds
from 0.5 to 0. 95 (mAP®@O0. 5:0. 95) in the downstream object detection task. These results indicate that
textual instructions can effectively guide the image fusion process in practical scenarios, thereby achieving
semantically controllable infrared - visible image fusion.
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Fig. 2 Architecture of the frequency band decomposition module.
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Tab. 1 Quantitative evaluation metrics of fusion results on the TNO dataset.

ik Qabf+ SSIM+ VIF SD MI PSNR QY
DDFM 0.180 7 0.697 3 0.624 7 27.356 3 2.449 3 25.992 5 0.5118
Metafusion 0.344 7 0.601 3 0.7985 47.634 5 2.568 2 28.085 4 0.509 0
Tardal 0.389 7 0.698 0 0.824 4 41.075 3 2.8852 28.1114 0.436 6
MMDRFuse 0.3737 0.592 6 1.0193 58.558 4 2.5775 28.057 6 0.452 2
CDDFuse 0.496 1 0.694 8 0.9310 44.154 7 3.079 0 28.3155 0.503 7
LUT-Fuse 0.407 4 0.679 1 0.8530 38.106 8 3.6182 29.249 8 0.400 6
Text-if 0.553 7 0.694 3 0.987 9 46.524 0 3.2436 28.611 6 0.5025
RIS-FUSE 0.5815 0.7157 0.8918 41.396 7 3.507 1 28.963 4 0.5314
Textfusion 0.5289 0.7257 0.920 6 40.2275 3.3399 27.489 8 0.5265
Ours-o 0.5228 0.709 8 0.9431 39.802 5 3.946 8 28.555 8 0.592 1
Ours 0.5390 0.7333 1.0115 43.2212 4.276 1 29.327 3 0.6140
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Tab. 2 Quantitative evaluation metrics of fusion results on the LLVIP dataset.

ik Qabf+ SSIM+ VIF SD MI PSNR Q"
DDFM 0.069 9 0.5540 0.627 6 37.998 1 3.0012 26.214 1 0.490 1
Metafusion 0.3187 0.605 6 0.754 2 50.792 6 1.990 5 28.2458 0.494 5
Tardal 0.368 3 0.594 6 0.717 8 45.722 6 3.1333 28.567 8 0.3211
MMDRFuse 0.547 1 0.570 6 1.0129 65.391 6 3.6012 28.097 8 0.3883
CDDFuse 0.6102 0.6450 0.939 6 51.063 4 4.217 4 28.6825 0.4250
LUT-Fuse 0.4689 0.6177 0.900 7 51.259 1 4.152 0 29.7411 0.3977
Text-if 0.703 3 0.6569 1.036 1 54.358 5 3.096 8 28.2257 0.520 4
RIS-FUSE 0.7332 0.687 2 0.9613 44.529 6 2.9709 28.569 1 0.5430
Textfusion 0.5579 0.687 6 0.816 9 48.296 9 2.944 0 28.000 8 0.4690
Ours-o 0.6019 0.709 8 0.9918 44.329 2 3.936 4 29.4818 0.596 1
Ours 0.628 4 0.7240 1.064 3 49.652 2 4.460 4 29.757 4 0.6299

#3 MSRSEEEMSERNTNERER
Tab.3 Quantitative evaluation metrics of fusion results on the MSRS dataset.

Trik Qabf+ SSIM+ VIF SD MI PSNR QY
DDFM 0.1712 0.4425 0.557 8 24.3649 2.4037 26.2199 0.486 8
Metafusion 0.504 5 0.7256 0.8758 36.960 1 1.616 5 29.4879 0.446 0
Tardal 0.4408 0.5997 0.720 4 35.4726 2.6087 27.6776 0.299 2
MMDRFuse 0.563 6 0.786 2 1.054 7 55.697 4 3.2830 29.0799 0.4712
CDDFuse 0.744 0 0.814 2 1.042 5 43.0107 5.0795 31.1411 0.562 3
LUT-Fuse 0.636 3 0.786 3 0.970 1 42.198 2 3.5921 30.5939 0.5059
Text-if 0.7427 0.8207 1.0530 44.609 8 4.026 9 30.887 1 0.5630
RIS-FUSE 0.7487 0.820 2 1.0111 41.516 9 4.6406 31.2229 0.5719
Textfusion 0.5368 0.786 2 0.8538 41.882 6 3.4200 29.178 3 0.494 1
Ours-o 0.5957 0.834 6 0.9925 43.8309 4.0221 30.5909 0.560 3
Ours 0.722'1 0.8495 1.060 0 44.734 0 4.909 8 30.994 3 0.588 6
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Text: There are two people on the ground. There is a house bemde these two people
é e N Tsia

thK

(g) MMDRFuse (h) CDDFuse (i) RIS-Fuse

>

(j) Text-IF (k) TextFusion (1) Ours
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Fig.4 Qualitative comparison of our method with state-of-the-art algorithms on the TNO dataset

(g) MMDRFuse (h) CDDFuse (1) RIS-Fuse

Text: One white car is waiting for the traffic light.A man cross the road white talking on the phone.
3 « \ ! 3 » g O T—

(W) Text IF

(k) TextFusion

5 LLVIPEHa4E LA )y ik 5 4% i o o 5500 % L i il 25 21

Fig. 5 Qualitative comparison of the proposed method with state-of-the-art algorithms on the LLVIP dataset
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Text: A person walking on the sidewalk.

(b) Visible

(i) RIS-Fuse

(g) MMDRFuse (h) CDDFuse
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Text:There are some cars.
v

Text:There is a man surrounded by many pedestrians.
AR ] i
\ N * ™ J

(a) Fused image (b) Base

(c) Detail

(e) DDFM

() Text-IF

(k) TextFusion

K6 MSRS ¥l bAR 7 ik 55 4 Bl So i 500 X L il 5 45 2R
Fig. 6 Qualitative comparison of the proposed method with state-of-the-art algorithms on the MSRS dataset

(1) Ours

Hor, Base 43 3¢ F 2 B bR FAK 52 53 A Fl
HE AR LE R WE L, Detail 43 3¢ 3 2 e B AR % )
T S0 B AN A 0 R, Mean 2 7% =5 AR A0 1] 42 0 1y
B 25 A 45 S, Fused image % /R i 2l & 45 1,
Fusion Heatmap %7 @l & J5 B9 # A

Bl 7dml LA i, 4 % A “There are some

K7 LLVIP s L3R %7 KA
Fig. 7 Heatmap of textual differences on the LLVIP dataset
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Tab. 4 Objective detection metrics and parameter counts on the LLVIP dataset.

RS p R F1 mAP@50 mAP@50-95
DDFM 0. 848 0.787 0.816 0. 850 0.492
Metafusion 0.863 0.812 0.837 0.872 0.507
Tardal 0. 920 0.828 0.872 0. 881 0.582
MMDRFuse 0.908 0.798 0.850 0. 856 0.576
CDDFuse 0.927 0.873 0. 899 0.926 0. 587
LUT-Fuse 0.916 0. 887 0.901 0.924 0.592
Text-if 0.946 0. 870 0.906 0.927 0.590
RIS-FUSE 0.950 0.850 0.897 0.922 0. 580
Textfusion 0.923 0.871 0. 896 0.928 0. 585
Ours 0.925 0. 887 0.905 0.932 0.59%4

There are some pedestrians on the sidewalk

oy B b G
(h) CDDFuse (i) RISFuse

(g) MMDRFuse

K8 LLVIP#di e FARTr ik 5 45 Fh Sl it 301k X L oy B b A6 00 T 400 Al 45 2R

Fig. 8 Visual comparison of object detection results on the LLVIP dataset
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Tab.5 Model complexity and computational efficiency comparison on the LLVIP dataset

Method Size Parameters/M FLOPs/G Time/ms
DDFM 192X 256 552. 81 167. 066K 8 562.196
MetaF usion 1 024X 1280 2.253 2. 126K 324.735
TarDAL 1024 X1 280 0.297 776.409 943. 396
MMDRFuse 1024X1 280 0.000 43 0. 283 83. 267
CDDFuse 1024X1 280 1.188 4. 674K 1212.533
LUT-Fuse 1024 X1 280 0.007 8 20.678 58.871
Text-1F 1024X1 280 63.8+63. 4 12. 948K 1428.753
RIS-Fuse 1024 X1 280 0.476+63.7 1. 355K 8274.26
TextFusion 1024 X1 280 0.074+63.4 177.417 787.947
Ours 1024X1 280 0.227+63.4 119. 504 268.215

MEER T LLE A SCMZHE 1 024X 1 280
I3 PR T B FLOPs Jy 119. 504 G, - 44 4 B i} 7]
J 268. 215 ms. A Text-IF,RIS-Fuse Fll Text-
Fusion iX 2841 5 77 ¥, 2 3C U7 6 B AR T
ot R R PR A R B L X B AR SO AR ST
SCATE SUE BUE AR T BRI E TR . 5
TCSCA 7 5 A] L, A% ST Wk Y 4 BB () 2 IR T
MetaFusion, TarDAL il CDDFuse, f 4k LUT-
Fuse fl MMDRFuse 7£ 2 4 i .FLOPs 5¥ #fi: #
JE 7 TS R AH T AR AR SO S

25 LTI AR SO R R AL 2 AR X
PR Z AR T 8B b o AL R BRMEAE T
HEINT SCAS G AT 2 B S R A AN T
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TG SCA K AR T Al S R O 55 58 R AR Y AT %
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mAP@50-95 1 2 & H 48 b i 47 43 B 2 50, 45 2R
R 6 FrR . 45 RFRW, 58 B A AE Qabl+,
VIF, MI fl mAP@50-95 |- B 45 f A1 45 S , 13 W)
SR BA RGO EMEN . BAEERE,
R %) M 05, Qabf+ , VIF, MI #il
mAP@50-95 ¥ Ik T 5 B A5 AU | 150 W] 32 2 il 55 4
W R A IS N R BIRR ) . R BRI 4 ST,
PSNR 5 T 58 #E R A0yl 2> 1 Jy 350 415 28 Ak 4 ok
BIR R i 22, (HH Qabf+ , VIF Al MI B & fik
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Tab. 6 Results of ablation studies on the LI VIP dataset

N B mAP@
7k Qabf+ SSIM+  VIF SD PSNR Q™ P R mAP50
50-95
w/o LQMF(9) 0.5963 0.7281 0.9231 46.4165 3.7592 28.3306 0.5967 0.9230 0.8730 0.9320 0.5620

w/o LQMF (L)
w/o LQMF (H)
w/o TAGF

w/o text

0.6186 0.7351 0.9987 39.4656 4.0727 29.8008 0.6199 0.9400 0.8730 0.9330 0.5520
0.5098 0.7230 0.9134 37.2258 3.4492 29.9812 0.6233 0.9230 0.9000 0.9310 0.5550
0.6141 0.7210 0.9096 48.2031 3.7793 29.9011 0.5766 0.9090 0.9090 0.9310 0.5490
0.6019 0.7098 0.9918 44.3292 3.9364 29.4818 0.5961 0.9590 0.8730 0.9410 0.5690

Ours 0.6284 0.7240 1.0643 49.6522 4.4604 29.7574 0.6299 0.9250 0.8870 0.9320 0.5940
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Tab.7 Ablation study of different loss functions on the LLVIP dataset

; s mAP@

RS Qabf+ SSIM+  VIF SD MI PSNR Q™ P R mAP50 0.9

50-91

w/o L, 0.6159 0.7228 0.8106 35.9867 2.7405 28.8699 0.5395 0.9310 0.9060 0.9440 0.5860
W/0 Ly 0.5968 0.7271 0.8518 38.6041 3.5346 29.5688 0.5626 0.9030 0.8890 0.9290 0.5620
w/0 L. 0.6153 0.7195 0.9955 38.4368 4.6750 30.4419 0.6767 0.9340 0.8770 0.9310 0.5530
w/oL, 0.6261 0.7278 1.0153 43.0077 3.9836 29.9743 0.6265 0.9140 0.8790 0.9230 0.5540
Ours  0.6284 0.7240 1.0643 49.6522 4.4604 29.7574 0.6299 0.9250 0.8370 0.9320 0.5940
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AR S X IR 0 SCAS 4 A IR Bl i 1 46 -1l L
I R Rl A 5 2R B T — 3 0] 2 3 4T 4
fift 55 SCA B T 1T 18 O] P 41 4 50T WOl
B A HESL , B A 70 40 42 0 SOA T AR 56 O $2 T
Fill 5 45 R H AR BE R B 5 409 R R . AR SCHE
SCA -G 57 5 Rl A A S — # A GE i CLIP
5 Grounded SAM P [] 14 7 Xf 55 455 e, 4 SCAS 1
SO W 558 1) RIAGJR 8 DX 3k, S 80T i B 1) 3 X
FENL S A AR AR AE B L AME TR
Ja AR Ay R, B IS Ay B FRAE 42 JR) 45 K8 IR
AL RS 55 20 R A0 S B ) AR AR Y . o — A 4R
HE SCA SR 1] 4 il B B A 2 [R) 4k B N A

NHFRW TR A . SER, 85 A 2 4Rk
PRE, i SOk B 45 0 57 R M S SR IE L — Bk
S A5 R R, AR S A LLVIP £ ds 4k
mAP50 Fl mAP@50-95 43 %l ik #] 0.932 0 F
0. 594 0, HAREAS [F] SCA 7= Az AN ) il G 25 SR (5]
AR B SCAR BB A 205 Tl & A i R L S B
1E B ORI AR A RO o

EERE AR
MER LT EMEIEE B LFH;
B Z . E IR BRI SN, LR
R R AR B AT SRR ORI R R & F R
FEF T,



5512 4 MU, 55 <18 SCRT AR Y2140 5 0T W6 R il & 1967
S Lk - general unsupervised image fusion network based on

. memory unit [J7. Information Fusion, 2023, 92:
(1] #m#hk, FEL, T8, F. KA S5IEL

[3]

REFBEAXE RG] ¥ HE e,
2025, 33(2): 282-297.

YANG Y C, LIJL, LIY, etal. Multiscale seman-
tic injective fusion of nighttime infrared and visible
[J]. Opt. Precision Eng. , 2025, 33(2) : 282-297.
(in Chinese)

LIUJY, WUGY, LIU Z, et al. Infrared and visi-
ble image fusion: from data compatibility to task
adaption[J]. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 2025, 47 (4) : 2349-
2369.

WANG R C, ZHOU Z F, LIS H, et al. Advances
and challenges in infrared-visible image fusion: a
comprehensive review of techniques and applications
[7]. 2025, 59
(1): 18.

&, AR, #stE, F . Rk RES LR
GRS S R RAT] ¥ A E LA,
2024, 32(7): 1101-1110.

LONG Z L, DENG Y M, XIE J, e al. Infrared

and visible images fusion based on improved multi-

Artificial Intelligence Review,

scale structural fusion [J]. Opz
2024, 32(7): 1101-1110. (in Chinese)

EmE, FE=, &R, F. AT HMSD 5%t
PCNN I LLAN G Al WO R R & [T]. b5 #H%E T
2, 2025, 33(9): 1481-1495.

REN P B, LETH Y, DANG J W, ez al. Infrared
and visible image fusion based on HMSD and im-
proved PCNN[J]. Opt. Precision Eng. , 2025, 33
(9): 1481-1495. (in Chinese)

LIH, WU X J. DenseFuse: a fusion approach to in-

Precision Eng. ,

frared and visible images[J]. IEEE Transactions on
Image Processing, 2019, 28(5) : 2614-2623.
MAJY, TANG L F, FANF, e/ al. SwinFusion:
cross-domain long-range learning for general image
fusion via swin transformer[J]. IEEE/CAA Jour-
nal of Automatica Sinica, 2022, 9(7): 1200-1217.
LIU J Y, FAN X, HUANG Z B, et al. Target-
aware dual adversarial learning and a multi-scenario
multi-modality benchmark to fuse infrared and visi-
ble for object detection[ C]. 2022 IEEE/CVF Con-
ference on Computer Vision and Pattern Recogni-
tion (CVPR). June 18-24, 2022, New Orleans,
LA, USA. IEEE, 2022: 5792-5801.

CHENG C Y, XU T Y, WU X J. MUFusion: a

[10]

[11]

[12]

[13]

[16]

[17]

80-92.

ZHAO 7Z X, BAT H W, ZHU Y Z,
DDFM: denoising diffusion model for multi-modal-
ity image fusion [C]. 2023 IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV).
October 1-6, 2023, Paris, France. IEEE, 2024 .
8048-8059.

YIX P, ZHANG Y B, XIANGX Y, etal. LUT-

Fuse: towards extremely fast infrared and visible

et al.

image fusion via distillation to learnable look-up ta-
bles [C]. 2025 IEEE/CVF International Confer-
ence on Computer Vision (ICCV). October 19-
25, 2025, Honolulu, HI, USA. 1EEE, 2026:
14559-14568.

A, I, BEE. TR EE M
o S st EGRE A [T]. Rfh 5 25, 2025,
40(12): 1840-1852.

ZHAO Y, YANG W G, GAO C Y. Infrared and
visible image fusion based on global dual-group at-
tention[J]. Chinese Journal of Liquid Crystals and
Displays, 2025, 40(12) : 1840-1852. (in Chinese)
B AR, FEAF, AL HARE LRI L
Sh AT O B R R & [J/OL). & & 5 2R,
2025,1-12.

TAO Y, LUO Y, ZHAO F. Target semantic hi-
erarchy driven infrared and visible image fusion[J/
OL]. Chinese Journal of Liquid Crystals and Dis-
plays, 2025, 1-12.

WANG Y H, MIAO L J, ZHOU Z Q, et al. Infra-
red and visible image fusion with language-driven loss
in CLIP embedding space [C]. Proceedings of the
33rd ACM International Conference on Multimedia.
Dublin Ireland. ACM, 2025: 1443-1451.

YI X P, XU H, ZHANG H, et al. Text-IF: Le-
veraging semantic text guidance for degradation-
aware and interactive image fusion [C]. 2024
IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). June 16-22, 2024,
Seattle, WA, USA. 1EEE, 2024: 27016-27025.
CHENG CY, XUTY, WUXI, eal. TextFu-
sion: Unveiling the power of textual semantics for
controllable image fusion[J]. Information Fusion,
2025, 117: 102790.

WANG Z Y, ZHANG J Z, SONG H'Y, et al.
Highlight what you want: weakly-supervised in-

stance-level controllable infrared-visible image fu-



1968

e

K TR

34 %

[19]

[20]

[23]

sion[C]. 2025 IEEE/CVF International Confer-
ence on Computer Vision (ICCV). October 19-
25, 2025, Honolulu, HI, USA. 1EEE, 2026:
12637-12647.

LIUS L, ZENG Z Y, REN T H, et al. Ground-
ing DINO: marrying DINO with grounded pre-
training for open-set object detection[ CJ. Comput-
er Vision - ECCV 2024. Cham: Springer,
2025: 38-55.

KIRILLOV A, MINTUN E, RAVI N, et al.
Segment anything[C]. 2023 IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV).
October 1-6, 2023, Paris, France. 1IEEE, 2024 .
3992-4003.

JNAXY,ZHUC, LIM Z, et al. LLVIP: A visi-
ble-infrared paired dataset for low-light vision[ C].
2021 IEEE/CVF International Conference on
Computer Vision Workshops (ICCVW). October
11-17, 2021, Montreal, BC, Canada. 1EEE,
2021: 3489-3497.

TOET A. The TNO Multiband Image Data Col-
lection[ J]. Data in Brief, 2017, 15: 249-251.
TANG L F, YUANIJ T, ZHANG H, et al. PIA-
Fusion: a progressive infrared and visible image fu-
sion network based on illumination aware [J]. In-
formation Fusion, 2022, 83: 79-92.

ZHAO W D, XIE S G, ZHAO F, et al. MetaFu-

sion: infrared and visible image fusion via meta-fea-

ture embedding from object detection [C]. 2023

BIEE .

WA (1970—) , 5, B IR VT /R I
N R BOR WA R0, 2013 48
T ORI AR R 2 R AR A
2016-2017 4 & P K27 3H AL 5 0T
TRV, TENFERRH
NLE eSS B RR b 5
K A 1/

an@hrbust. edu. cn

E-mail: liuchangyu-

[26]

[27]

IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). June 17-24, 2023,
Vancouver, BC, Canada. TEEE, 2023: 13955-
13965.

DENG Y L, XU T Y, CHENG C Y, et al.
MMDRFuse: distilled mini-model with dynamic re-
fresh for multi-modality image fusion[ C]. Proceed-
ings of the 32nd ACM International Conference on
Multimedia. Melbourne VIC Australia. ACM,
2024 : 7326-7335.

ZHAO 7Z X, BAT H W, ZHANG J S, et al.
CDDFuse:
decomposition for multi-modality
[C]. 2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). June
17-24, 2023, Vancouver, BC, Canada. TEEE,
2023: 5906-5916.

JBRYE R, R, F BT IRIE T B R
GG RI] FEBE AL F R, 2023, 28
(1): 3-36.

TANG L F, ZHANG H, XU H, er al. Deep

correlation-driven dual-branch feature

image fusion

learning-based image fusion: a survey[J]. Journal
of Image and Graphics, 2023, 28(1) : 3-36. (in
Chinese)

LI X, WANG J, CHEN W W, er al. Infrared and
visible image fusion based on text-image core-se-
mantic alignment and interaction [J]. Digital Sig-

nal Processing, 2025, 163: 105203.

EEE

BEZR(2001—),5% JTF LHEA M
T WFFE A, 2024 4 F VT PG BHEL K
SERAS 2 2, B T R U B
TR, FEMNFEGHE . E-mail:
2420600038@stu. hrbust. edu



