F£60%5 FE2H/2023F 1 B/t EREFEHRE it

It Bl St FFIHE

v

BT 2 RO 22 Tl BRI &% 11 26 R AR % i i BTk
FEE, B

AR R F e . N DB RESBE, V0% M AT 210023

FE IR B T IR A T 0 R G Bk v A AE R AR AR R B oA — B AU B /N R RSS2 AR
Sl PR T — R AR T S R LRI 2 ROE S S R M 4 1 £ BB RGM AR . Hk, Wl — R 2 R)E S REH
R 30 A AN 7] (7 5 238 o A FR A SRR 52 W, AT 4 BB PG P i 2 IUBEARAE . A 7 22 RUBE A A AR BR g | ATE
FHLE, Be A TG0 M e S AL P IR S R G VERE o BT ER LG I 4 A REAE B I R AR Rl R R TR A 3
T4, H R AR 3R BB 43 2 th 22 RO 25 T A BT A B . AH DG S I 25 AL R W], B4R SRk 5 A B T R B 2 o I B A
WHEA —E Mgy RS I I UE 7 B3 22 R 25 1 46 UL S R o £k 0 2% 119 R AF £ J0CRR 7 , 318 w8 RS Rl & T
KR RBRELE,; ZRERGRG; ZRE; SER; RESY; HEJHLH

FESES TP391 XHkFRERS A DOI: 10.3788/LOP212488

Multi-Scale Dilated Convolutional Neural Network Based
Multi-Focus Image Fusion Algorithm

Yin Haitao, Zhou Wei
College of Automation and College of Artificial Intelligence, Nanjing University of Posts and

Telecommunications, Nanjing 210023, Jiangsu, China

Abstract According to the issues of single-scale image feature extraction, small receptive field, and cannot highlighting
salient features in existing deep learning based image fusion algorithms, this paper proposes a multi-scale dilated
convolution network with attention mechanism for multi-focus image fusion. First, a multi-scale dilated convolution block
(MDB) is proposed. The MDB with different dilation rates can provide different receptive fields, and consequently it can
extract the multi-scale features. Moreover, the attention mechanism is introduced into the MDB, which can adaptively
select the salient features and improve the performance further. The proposed fusion network consists of three parts,
including feature extraction, feature fusion, and image reconstruction. Specifically, the feature extraction part is composed
of several MDBs. The experimental results demonstrate that the proposed method is competitive to some existing deep
learning based methods. Some ablation studies also verify that the MDB can enhance the ability of feature extraction and
improve the image fusion quality.
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E 7 Nz EEB RS 455 (a) (D) IR ; (¢) NSCT;(d) SR;(e) IMF;
(f) MWGF;(g) CNN; (h) DeepFuse; (i) DenseFuse-ADD; (j) DenseFuse-1.1; (k) IFCNN-MAX; (1) MDF-Net
Fig. 7 Fused results of “chi dren” image. (a)(b) Source images; (c) NSCT; (d) SR; (e) IMF; (f) MWGF; (g) CNN; (h) DeepFuse;
i) DenseFuse-ADD; (j) DenseFuse-L1; (k) IFCNN-MAX; (1) MDF-Net
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(f) MWGF;(g) CNN;(h) DeepFuse; (i) DenseFuse-ADD;(j) DenseFuse-1.1; (k) IFCNN-MAX; (1) MDF-Net
Fig. 8 Fusion results of “monkey” image. (a)(b) Source images; (c) NSCT; (d) SR; (e) IMF; (f) MWGF; (g) CNN; (h) DeepFuse;
(i) DenseFuse-ADD; (j) DenseFuse-1.1; (k) IFCNN-MAX; (1) MDF-Net
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Fig. 9 Fusion results of “gymnasium” image. (a)(b) Source images; (¢) NSCT; (d) SR; (e) IMF; (f) MWGF; (g) CNN; (h) DeepFuse;
(i) DenseFuse-ADD; (j) DenseFuse-1.1; (k) IFCNN-MAX; (1) MDF-Net
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(f) MWGF;(g) CNN; (h) DeepFuse; (i) DenseFuse-ADD; (j) DenseFuse-1.1; (k) IFCNN-MAX; (1) MDF-Net
Fig. 10 Fusion results of “statue” image. (a)(b) Source images; (c) NSCT; (d) SR; (e) IMF; (f) MWGF; (g) CNN; (h) DeepFuse;
(i) DenseFuse-ADD; (j) DenseFuse-11; (k) IFCNN-MAX; (I) MDF-Net
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Table 1  Indexes values of various fusion algorithms on Table 5 Ablation experiment on number of dilated convolution
“gymnasium”  image branches in MDB

Algorithm AG SF VIF QYT #Branch AG SF VIF Qv

NSCT 6.2530 18.7075 0.9100 0.6685 2 6. 7490 18. 5700 0.9035 0.7484

SR 6.2463 18.8690 0.9156 0.7096 3 6.8243 18.7955 0.9169 0.7446

IMF 6.2806 18.7851 0.8795 0.6973 4 6. 9957 19.2976 0. 9437 0. 7488

MWGF 6.0492 17.4456  0.8422  0.6906 5 6.9094  18.9495  0.9301 0.7403
CNN 6. 1795 18.5287 09268 0.7165 “64-128-256" . Sy T B iF 45 iF 8 1 2 B % 1A AL
DeepFuse 4.1720  10.9647 0.7062 0.5375 P L T EC A LR 6 T 34 MDB KL He 45 4iF 3 58 2 80
DenseFuse-ADD  4.5071  12.0923 0.8049 0.6110 PB4 5 CH “64-64-647 “128-128-1287 Fl “256-256-
DenseFuse-1.1 4.4546 11.8492  0.7844 0.6084 2567, 64 H T A R AT i i 5 MDE-Net 78
IFCNN-MAX 6.4207 18.9627 0.9421 0.6876 AR F O R de kR . M 6 T L FE H . MDF-
MDF-Net  6.4541 19.3478 0.9424  0.7098  Net th (i 3/ MDB {45 fF 3 12 5% % % “64-128-256"

22 KRGS Lytro B 48 T AP ¥ 48 bR
Table 2 Average indexes values of various fusion algorithms on

Lytro dataset

Algorithm AG SF VIF Qv
NSCT 6.8506 18.8012 0.9187 0.7168

SR 6.8328 18.9940  0.9309 0. 7437

IMF 6.9688 19.2298 0.9319 0.7406
MWGF 6.8446 19.0156  0.9308 0.7437
CNN 6.8814 19.0005 0.9373 0.7555
DeepFuse 4.0751 10.4187 0.6613 0.4860
DenseFuse-ADD 4.4676  11.5175 0.7727 0.5806
DenseFuse-L1 ~ 4.3616 11.0373 0.7510  0.5587
IFCNN-MAX 6.8742 18.9718 0.9327 0.7105
MDF-Net 6.9957 19.2976 0.9437 0.7488

3 MDF-Net A [ 48 44 1) 2 WL 48 b5 25
Table 3 Indexes results of different variants of MDF-Net

Variants of MDF-Net AG SF VIF QT
Without-Dilated 6.8088 18.8046 0.9132 0.7485

Without-SE 6.9459 19.1778 0.9372 0.7472
Without-Cat 6.8248 18.8041 0.9213 0.7468
MDF-Net 6.9957 19.2976 0.9437 0.7488

K4 LT MDB YR RS 56

Table 4 Ablation experiment on number of MDB modules

#MDB AG SF VIF QM
1 6.7833 18.7125 0.9217 0. 7465
2 6.9219 19.0769 0.9334 0.7473
3 6. 9957 19. 2976 0. 9437 0. 7488
4 6.7643 18. 6264 0.9125 0.7443
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Table 6 Ablation experiment on number of feature channels in

MDB
#Channel AG SF VIF QT
64-64-64 6.8616  18.8961  0.9269  0.7457

128-128-128 6.8891  18.9124  0.9235  0.7455

256-256-256 6.8319  18.8076  0.9294  0.7401

64-128-256 6.9957  19.2976  0.9437  0.7488
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