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I Infrared and visible image fusion

* Infrared and visible images:
v" infrared images: discriminative thermal radiations & ignoring illumination.
v’ visible images: textural details & high spatial resolution.

Infrared & Visible images Fusion image

* Fusion images:
v" highlight radiation information (brightness and contrast)
v’ detailed texture information (gradients and edges)
v’ a clear, complete and accurate description of the targets



I Challenge & Solution

Vanilla Fusion Architectures |

®: Fusion Module
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I Our CDDFuwse :
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* Challenges:  CDDFuse:
v’ interpreting the working mechanism v' adding correlation restrictions
v’ extracting cross-modal features v" dual-branch Transformer-CNN exactor

v’ loss of high-frequency information v INN block in detail encoder
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I CDDFuse: Workflow

(a) Training Stage |
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(a) Training Stage |
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I Qualitative comparison CVPR
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Infrared Visible DIDFuse U2Fusion SDNet

RFNet TatDAL DeFusion ReCoNet CDDFuse (Ours)

Infrared Visible ) DIDFuse U2Fusion SDNet

Visual comparison for “FLIR 04602” and “00706N" in
infrared-visible image fusion.
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MRI RFNet DeFusion ReCoNet CDDFuse (Ours) 3B B oD oD

EMFusion CDDFuse* (Ours)

@i R AR
W @ W

CC: 0.997 CC: 0.117

Visual comparison for “MRI-PET-16" Visualization of the decomposed
in medical image fusion. features.
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Quantitative results of the IVF task. Quantitative results of the MIF task.
Dataset: MSRS Infrared-Visible Fusion Dataset [57] Dataset: MRI-CT Medical Image Fusion
EN SD SF MI SCD VIF Qbaf SSIM EN SD SE MI SCD VIF Q4B/F §SIM
DID [88] 4.27 3149 10.15 161 1.11 031 020 024 TarD [35] 475 61.14 2838 194 081 032 035 06l
U2F[70] 5.37 2552 907 140 124 054 042 077 RFN([72] 5.30 5295 3342 198 058 033 052 049
SDN[82] 525 1735 867 1.19 099 050 038 072 DeF [32] 4.63 6638 21.56 220 112 047 044 129

ReC[19] 441 6696 20.16 203 1.24 040 0.42 1.29

REN [72] 556 24.09 1198 130 1.13 051 043 0.83 CDDFuse 483 8859 3383 224 174 050 059 131
TarD [35] 5.28 25.22 598 149 071 042 0.18 047 AR A8 5098 254 AR08 095037046049
DeF [32] 646 37.63 860 216 135 077 054 094 SDN[82] 5.02 6007 2941 214 097 038 047 051
ReC[19] 6.61 4324 977 216 144 071 050 0.85 EMF [69] 4.76 7276 2256 234 132 056  0.49 1.31
CDDFuse 6.70 4338 11.56 347 1.62 1.05 0.69 1.00 CDDFuse* 4.88 79.17 38.14 261 141 061 068 134
Dataset: TNO Infrared-Visible Fusion Dataset [59] Dataset: MRI-PET Medical Image Fusion

EN SD SF MI SCD VIF Qbaf SSIM EN  SD SF MI SCD VIF Q@Q4B/F SSIM
DID [88] 6.97 45.12 1259 170 171 060 040 0.81 TarD [35] 3.81 57.65 2365 136 146 057 058  0.68
U2F[70] 6.83 3455 11.52 137 171 058 044 099 REN[72] 477 5057 2911 1.53 096 039 052 042
SDN [82] 6.64 3266 1205 152 149 056 044 1.00 DeF[32] 417 6465 2235 174 148 058 056 145

ReC[19] 3.66 6525 21.72 151 149 044 0.51 1.40
REN[72] 683 3450 1571 120 167 051 039 092 CDDFuse 4.24 81.72 28.04 1.87 1.82 0.66 0.65 1.46

TarD [35]  6.84 4563 868 186 152 053 032 088 TURETI0] 373 5507 3327 169 17040704930

DeF[32] 695 3841 821 178 164 060 041 096 SDN[82] 3.83 6140 3197 171 140 047 057 146
ReC[19] 7.10 4485 873 178 170 057 039 0.83 EMF [69] 4.21 5680 2601 182 131 062 067 1.47
CDDFuse 7.12 46.00 13.15 219 176 077 054 1.03 CDDFuse* 4.23 7073 29.57 2.03 169 071 071 149
Dataset: RoadScene Infrared-Visible Fusion Dataset [71] Dataset: MRI-SPECT Medical Image Fusion

EN SD SF MI SCD VIF Qbaf SSIM EN  SD SF MI SCD VIF Q@Q4B/F SSIM
DID[88] 7.43 5158 14.66 2.11 170 058 0.48 0.86 TarD [35] 3.66 5346 18,50 144 090 0.64 0.52 0.36
U2F[70] 7.09 38.12 1325 187 170 0.60 0.51 0.97 REN [73] 4.39 4401 2377 160 072 045 038 2-27
SDN[82] 7.14 4020 1370 221 149 060 051 099 DeF[32] 3813665 1545 180 127061 056 146

ReC[19] 322 60.07 1740 150 147 046 0.54 1.40
REN[72] 721 4125 1619 1.68 173 054 045 0.90 CDDFuse 391 71.82 20.68 1.89 1.92 0.66 0.69 1.44

TarD [35] 7.17 47.44 10.83 214 155 054 040 0.88 TR0 347 3507 1958 T 68 138048 08T TAl
DeF [32] 7.23 4444 1022 225 1.69 0.63 048 0.89 SDN [82] 3.43 4962 2220 1.69 1.09 055 0.66 1.48
ReC[19] 7.36 52.54 10.78 218 174 059 043 0388 EMF [69] 3.74 5193 17.14 1.88 1.12 071 074 149

CDDFuse 7.44 54.67 1636 230 181 0.69 0.52 0.98 CDDFuse* 390 5831 2087 249 135 0097 0.78 1.48




I Quantitative comparison

Results of the multi-modal detection.

Table 3. AP@0.5(%) values for MM detection on M?FD dataset.
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Results of the multi-modal segmentation.
Table 4. IoU(%) values for MM segmentation on MSRS dataset.

VANCOUVER CANADA

Bus Car Lam Mot Peo Tru mAP@0.5

IR 78.75 88.69 70.17 6342 80.91 65.77 74.62

VI 7829 90.73 86.35 69.33 7053 7091 77.69
DID 79.65 9251 84.70 68.72 79.61 68.78 78.99
U2F 79.15 9229 87.61 66.75 80.67 71.37 79.64
SDN 8144 9233 84.14 67.37 7935 69.29 78.99
RFEN 78.15 9194 8495 7280 7941 69.04 79.38
TarD 81.33 94.76 87.13 69.34 81.52 68.65 80.45
DeF 8294 9249 87.78 6945 80.82 71.44 80.82
ReC 78.92 91.79 8741 6934 7941 69.98 79.48
Ours 82.60 92.54 86.88 71.62 81.60 71.53 81.13

Infrared

Visible

DIDFuse

U2Fusion

SDNet

Models Unl Car Per Bik Cur CS GD CC Bu mlOU
VI 90.5 75.6 454 594 372 51.0 464 435 502 554
IR 84.7 67.8 564 518 34.6 393 422 40.2 484 51.7
DID [88] 97.2 783 58.7 609 362 529 624 440 557 60.7
U2F [70] 97.5 823 634 62.6 403 526 519 448 595 61.7
SDN [82] 973 784 625 61.7 357 493 524 422 529 59.2
REN [72] 973 787 60.6 613 363 494 456 457 480 58.1
TarD [35] 97.1 79.1 554 59.0 336 494 549 426 535 583
DeF[32] 97.5 82.6 61.1 626 404 515 481 479 548 60.7
ReC[19] 974 81.0 599 614 41.0 513 544 474 559 6l1.1
Ours 977 84.6 642 651 439 538 61.7 50.6 573 643

Infrared Visible DIDFuse U2Fusion

Infrared Image Visible Image

RFNet

Fused Image

" -.

TarDAL

DeFusion

ReCoNet

CDDFuse (Ours) Ground Truth
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I Take-home message CVPR<

Infrared and visible image fusion

VANCOUVER, CANADA

* Image Fusion:

v" Highlight thermal radiation (infrared)

v’ Detailed texture information (visible)

v’ Clear and accurate representation (fused)
* Challenges:

v’ Interpreting the working mechanism

v’ Extracting cross-modal features

v’ Loss of high-frequency information
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Thanks For Listening!

https://github.com/Zhaozixiang1228/GDSR-DCTNet
zixiangzhao@stu.xjtu.edu.cn
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