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Text-DiFuse: An Interactive Multi-Modal Image Fusion
Framework based on Text-modulated Diffusion Model
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> Introduction

Multi-modal Image Fusion

Combine the important information contained in multi-modal images of the same scene to generate a fused
Image that can describe the scene content more comprehensively and accurately, thereby helping people or
machines better understand the scene and complete decisions.

Medical Image
Fusion

If=F(I4,17)

Infrared and Visible
Image Fusion




» Challenges & Motivations

O Composite Degradation Challenge

Current methods falter in scenes with degradation,
especially composite degradation, which we refer to as
the composite degradation challenge. Essentially,
current methods prioritize multi-modal information
integration without considering effective information
restoration from degradation. As a result, the fused
images still show a considerable degree of degradation,

even obscuring valuable scene details.

O Under-Customization Objects Limitation

L2

Insufficient attention to

pedestrians

Existing fusion methods fail to account for the
specificity of objects in the scene (e.g.,
applying  the
indiscriminately to both foreground and background.
This
customization objects limitation, is

pedestrians,

vehicles), same  fusion rules

lack of differentiation, termed the under-
unreasonable
and may compromise the delineation of crucial objects.



» Method

O Explicitly Couples Information Fusion and Diffusion

X —I[X|2]
q(Xe|Xe-q, [X]92])

(O e O O

-~ .
S i m ==

Po (X 1|Xt [X]2])

Z+—I[{X, Y}|.Q]

B . P6(ZiaZ,, {X riien
# 4 .r'»"v‘,

pe(Yt 1|Yt Y|~Q
Y‘—[YI.Q] _______________

CT)

-

| s ey B2y
| DDFM (ICCV 2023) Ours (Text-DiFuse) y

Voll €r — €9(s¢, Q(S), ) I* +ADg1 (q(S¢-1lSt, So;Q(S))”PG (St—1|5t;ﬂ(5))), t>1

Voll €, — €g(s¢, Q(s), ) I” —Alogpg(sols1, Q(s)), t =1



» Method
O Text-Controlled Fusion Re-Modulation Strategy
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Multi-modal images
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> Results

MSRS DataSet Havard Medicine Dataset

Methods ENT AGT SDf SCDf VIFT [ENT AGT SDf SCDT VIFf

RFN-Nest (InF’'21) 5.89 1.84 2603 141 0.63 534 407  63.65 1.58 0.43
GANMCcC (TIM21) 6.03 1.91 2558 1.37 0.65 538 513 55.00 1.11 0.43
SDNet (IICV’21) 490 233 1635 0.91 0.49 556 622 46.64 0.48 0.38
U2Fusion (TPAMI'22) | 5.19 246 2482 1.21 0.52 522 6.08 53.20 1.03 0.41
TarDAL (CVPR’22) 330 2.04 1852 0.63 0.15 566 3513 4194 1.12 0.18
DeFusion (ECCV'22) | 622 231 3234 1.36 0.75 496 447 5545 0.93 0.48
LRRNet (TPAMI'23) 589 2119 2664 075 0.52 534 539 4589 0.59 0.40
DDFM (ICCV’23) 5.81 2.65 2498 1.37 0.62 500 504 6353 1.59 0.48
MRES (CVPR’24) 6.91 2.67  40.95 1.23 0.75 7.24 441 70.75 1.33 0.41
Ours (Text-DiFuse) 7.08 331 4744 1.44 0.76 644 731 80.19 1.69 0.49

MSRS Datasel Havard Medicine Dataset

Methods ENT AGT SDT SCD7 VIFT | ENT AGT SDT SCDT VIFT

RFN-Nest | 6.43 223 2717 1.38 0.60 | 572 411 7746  1.64 0.35
GANMcC | 6.25 2.06  24.55 1.31 0.57 580 528 6637 1.19 0.31
SDNet 5.84 299  20.26 1.08 0.52 5.91 6.00  060.83 1.15 0.30
CLIP-LIT | U2Fusion | 6.55  3.55 29.08 1.32 0.58 568  6.09 71.59 1.56 0.32
SDAP TarDAL 529 442 2522 1.00 0.35 6.11 481  36.54 0.69 0.23
AWB DeFusion | 6.31 207 2552 1.16 0.59 6.08 427 67.77 1.38 0.35
LRRNet 6.55 268 31.19 1.13 0.54 586 523 6291 1.34 0.21
DDFM 6.39 243 2640 1.16 0.60 570 448 7740 1.64 0.35
MRES 6.84 286 3228 1.28 0.58 718 419 87.53 1.50 0.31
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Ours (Text-DiFuse) 7.08 331 47.44 1.44 0.76 6.44 713  80.19 1.69 0.49

Source Image 1 Source Image 2 TarDAL DeFusion LRRNet DDFM MRFS Ours



> Results

 Text Re-Modulation Verification

MDRNet GMNet
|
|
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Text: please highlight
Pedestrian

Text: please highlight
{Bike, Pedestrian,
Color cone....}

Text: please highlight
Bike
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Base Fusion result _residual Modulated Fusion result) | Base Fusion result - residual - Modulated Fusion result Bae Lo Modulated Fusion result
Segmentation Source Background Car Person  Bike Curve Car Stop Cuardrail Colorcone Bump | mloU
MENet RGB-T 96.26 60.95 5344 4314 2294 0.44 0.00 18.80 23.47 | 36.49
FEANet RGB-T 98.00 87.41  70.30 62.74 45.33 29.80 0.00 29.07 48.95 | 55.28
EGFNet RGB-T 08.01 87.84 T71.12  61.08 46.48 22,10 6.64 55.35 47.12 | 54.76
CMX-B2 RGB-T 97.39 84.23 67.12 5693 4l1.11 39.56 18.94 48.84 5442 | 58.31
GMNet RGB-T 98.00 86.46  73.05 61.72 43.96 42.25 14.52 48.70 47.72 | 57.34
MDRNet RGB-T 97.90 87.07 69.81 60.87 47.80 34.18 8.21 50.18 5498 | 56.78
IR 97.79 84.80  70.73  56.29 41.94 24.15 7.60 3591 48.64 | 51.99
SeoNext-Base VI _ 97.93 88.20 6242 63.67 3534 36.95 5.77 51.20 47.74 | 54.37
= ' Our basis 98.11 88.66 70.00 64.30 43.07 30.25 11.95 55.14 56.27 | 57.53
Our modulatable 08.18 88.32 7223  65.02 44.79 33.11 13.76 56.32 5597 58.63




> Results

Generalization Evaluation

Source Image 1 Source Image 2 TarDAL DeFusion LRRNet DDFM

AR NN

v A% VI Vil
Model I: removing FCM with using maximum rule
Model 11: removing FCM with using addition rule
Model I11: removing FCM with using mean rule
Model 1V: removing FCM with using variance-based rule

VIII (Ours)

Methods LLVIP Dataset RoadScene Dataset
ENT AGT SDT SCDT VIFT | ENT AGT SDT SCDT VIFT
RFN-Nest 6.37 224 26.66 1.63 0.73 7.37 2.62  46.77 1.66 0.58
GANMCcC 6.24 2.09 27.02 1.59 0.65 7.24 3.58  43.68 1.39 0.57
SDNet 6.00 2774 23.05 1.24 0.62 7.18 486  40.63 1.16 0.66
U2Fusion 5.52 2.69  21.12 1.32 0.61 7.32 492 4399 1.49 0.66
TarDAL 3.85 259 23.05 0.92 0.22 7.35 11.84 5230 0.97 0.47
DeFusion 6.46 236 29.48 1.48 0.82 6.97 2.85 3596 0.98 0.59
LRRNet 5.67 2.28 19.49 1.06 0.57 7.19 3.55  44.01 1.47 0.58
DDFM 646 351 30.64 1.72 0.70 7.30 3.63 44.19 1.57 0.65
MREFS 700 234 4090 1.67 0.86 7.18 2770 46.57 1.20 0.52
Ours (Text-DiFuse) | 7.08 399 41.78 1.73 0.87 7.46 296  52.84 1.67 0.66
Tndex Dill. Lt Lgrad FCM EN_ AGT SDT SCDT  VIFT
T A S 4 Xmax | 371 190 2566 130 049
II v v v X/add 6.08 199 20.14 1.11 0.58
i v v v X/mean 560 149 20.71 1.15 0.56
v v v v Xlvariance | 591 190 2759 0091 0.46
\Y% v v X v 6.20 275 3378 142 0.73
VI v X v v 6.67 325 4560 143 0.76
VII  X/AE v v v 6.37 226 3748 142 0.69
VIII v v v v 7.08 331 4744 1.44 0.76
v" Model V: removing L4
v' Model VI: removing L,
v" Model VII: removing diffusion with using AE route
v

Model VII1: our full model



» Conclusion & Contribution

« We propose a novel explicit coupling paradigm of information fusion and
diffusion, solving the composite degradation challenge in the task of multi-modal
Image fusion.

« A text-controlled fusion re-modulation strategy is designed, allowing users to
customize fusion rules with language to enhance the salience of objects of interest.
This interactively improves the visual quality and semantic attributes of fused images.

e Our Text-DiFuse demonstrates the advantages over state-of-the-art methods Iin terms

of degradation robustness, generalization ability, and semantic properties.
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