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Abstract As an effective method for integrating the information in different forms of medical images, medical image fusion
has been commonly used in various clinical applications, such as disease diagnosis and treatment planning. However, the
existing medical image fusion methods do not effectively solve the problem of blurred boundaries between different organs,
making the fused images more difficult to understand. Therefore, to solve this problem, this paper proposes a medical image
fusion model based on multi-scale feature learning and edge enhancement. First, the receptive field is expanded using
multiple dilated convolutions with different dilate rates to enable the model to learn more discriminative multi-scale features of
the source images. Then, according to the maximum fusion strategy, the source image features are fused to obtain the fused
feature. The convolutional layer is used to reconstruct it to obtain the fused image. Further, the edge enhancement module is
introduced to enhance the edge information in the fused image to better solve the problem of blurred boundaries between
different organs in medical image fusion. The experimental results show that the results obtained by using the proposed
method are superior to comparison methods in terms of subjective visual effects and objective quantitative evaluation.
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Fig.1 Basic framework of multi-scale feature learning and edge enhancement fusion network

Fil 6 e ) 5K (L ol 91 W 3 25 T 28 412 B
51 1 5 PR A5 GF AT WA, T3
FﬁJ%—F&ML F(MM>VXMNJD
Fiij).  |Fi(ij)|<|Fi.))|
S F, HF, 4 53 75 15 4 BRI A 5 (4, j) 36
IR B A8 7
TR A4 3 X 3105 BUR AL, M F 4%
il £ B T 4 TR . I 4% T U
2 SN 46 1T/ . 5 F 2 BB B T 2 e
R AN B A IR L 4 )
S 3o A 45 BRSSO P (R A, S £ 4

(C)1994-2022 China Academic Journal Electronic Publishing PRAYE9AI1 rights reserved.

ARl 3 TR 2 R AIE i i 3 e R A R T
KR, A I 5 0 2 1 5 B B 45 3 A9 25 R A 45 &, 15
EdIR 2 Qib SNt
3.2 BB EER

G0 R E R R Z — B A B T
JE A H B IE SR A AL A, IR B AR
P, 7 B2 2 il B0 O B R AT Arb i T 5 A
SR E R B RE A8 I I PR R A 2 B TR B 4
B, DT A M2 W o (HOR BUA B0 ik 2L
T B El BR R E SCrh S R S R 2
G AN WA, IR T i PR B AR 932 W JEE | An 1] 2
e B 2Ca) i CT B 58 3R HEU ¥

http://www.cnki.net



$£59% F6H/20222 F£3 A/HAERBFEHE

#1 MFEnet45#y
Table 1  Structure of MFEnet

Module Convolutional layer Size  Number of input channels  Number of output channels  Activation layer
C1 3 1 64 Rel.U
C2 1 64 64 Rel.U
Feature extraction C3 3 64 64 ReLU
module C4 5 64 64 RelLU
C5 1 192 64 ReL.U
C6 3 64 64 RelL.U
Cc7 3 64 64 RelLU
Reconstruction module cs ; o 92 ReL.U
C9 3 32 16 RelLU
C10 3 16 1 RelL.U

K2 CNNFINSCT-PRPCNN J5 ik il 5 45 . (a) CT I E K5 (b) MR-T2¥E{%; (¢) CNN; (d) NSCT-PRPCNN
Fig. 2 Fusion results obtained by the CNN and NSCT-PAPCNN methods. (a) Source CT image; (b) source MR-T2 image;
(c) CNN; (d) NSCT-PRPCNN
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# 2 MFEnet Il Z5 A 9 5 3%
Table 2 Algorithms of MFEnet training and testing

Algorithm MFEnet training and testing algorithms

Training
Input: Training set source image I,

Output: Reconstructed image I,

1) Randomly select m source images from the training set { 10, ---,I(’”)}

2) Input m source images into the feature extraction module to generate source image features F

3) Input F into the reconstruction module to generate a reconstructed image I,

4) Use Adam optimizer to update the parameters of the feature extraction module and reconstruction module :

)

+a| v, — VI,

I,—1I,

o

Vel

5) If the number of iterations is equal to epoch, the training ends, otherwise repeat steps 1)-4)

Testing
Input: Testing set source images I, and I,

Output: Fused image I;

1) Input I, and I, into the feature extraction module to get the source image features F, and F,

2) Input I, and I, into the edge enhancement module to get the source image edge maps E, and E,

3) Input F, and F, into the fusion module and the reconstruction module to obtain the intermediate fusion image I;"

4) Combine I", E,, and E, to get the final fusion image I,
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Fig. 3 Source image samples in testing dataset
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Fig. 4 Visual comparison of the different methods. (a) Source CT image; (b) source MR-T2 image; (c) FW-Net; (d) GF;
(e) CNN; (f) NSCT; (g) NSCT-PRPCNN; (h) proposed method
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Table 3 Average value of quality evaluation index of 20 fused images

Method FMI,., SCD SSIM SL Q, Time /s
FW-Net 0.8182 0.7776 0.5108 0.0072 0. 6600 0.0199
GF 0. 8595 0.8910 0.6612 0.0167 0. 8407 0.0912

CNN 0. 8637 1.1123 0.5717 0.0134 0.7165 9.601

NSCT 0.873 0.969 0.6160 0.0155 0.7311 3.43

NSCT-PRPCNN 0.8448 1.2690 0. 6350 0.0122 0.7575 9.601

Proposed method 0. 8741 1. 2879 0.7412 0. 0069 0. 8422 0.0189
FI5 IO G S B Rl G 25 R (a) TGI8 5 3 (b) A LG R 5 3C

Fig. 5 Fusion results without and with edge reinforcement branches.

(a) Without edge reinforcement branch; (b) with edge

reinforcement branch
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Table 4  Average value of the quality evaluation index of fusion results with four different fusion rules

Fusion rule FMI, SCD SSIM SL Qy
Addition™’ 0.8728 1.1951 0.7422 0.0071 0.8116
Average' ™ 0. 8689 1.1703 0.7270 0. 0068 0.8095
Weighted average"” 0.8708 1. 2456 0.7337 0.0073 0.8119
Max value'*’ 0. 8741 1. 2879 0. 7412 0.0069 0. 8422
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Fig. 6 Fusion results obtained by the proposed method in MR-T1 and MR-T2 image fusion task. (a) Source MR-T1 image;

(b) source MR-T2 image; (¢) proposed method
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