B4zt H4 o [ B2 2 P g Vol.43 No.4
- 436 - 20264 41 Chinese Journal of Medical Physics April 2026

DOI:10.3969/j.issn.1005-202X.2026.04.003 E 5% 432

ETZOXBENMEHNSRSMREGERITIE

FRAEEF R BEC, X AL, EF R, B, RO, TAOL
LR T R G i TR BE, AR KFR 1300125 2. AP R BE RN A P B2 TREBORBESERT, VT35 250 2151635 3.7
ARESURH 2 Be v TSP TR B, AR KFF 130114

[BE)] 2 AR AL (MR) A VGRS B 5087 R AW B X420915 .8, A M XS BAIEA Y T EF oM., 45l
H ATy EEMANAES T B BB ARG R A IR B RS B TR RAF IR T A RT3 M AE R B —F £
P EAERBREESEE BT 50 LSRR AR S R EH(MMFC-GAN),, iid 7|\ BARBES AR A R AL b1
Fo % o AR, EISEZ RS AWM [ EFEAG AR HF, BAESRES| FEAERETH 4, R
BF B AL R BRI AABES R T, T % 5 X AR S AR BRIk AR I R ERRS, FaR AL A AT S AR S BAR N
E PSS RAEN o BLIL, FINBEE — B F] FAUR] AL AL ) R B AR AS 0 S A A AE R AT AT SF SRR S A 04 S5 15
Be— Bt K32 I A R B R 09 2 MR LR Ao & T, 4 BraTS2020 4= ISLES2015 # 4% 4& L B9E T A 77 ik 69 A 2k
Stk R R, Ak AR 499 AZ 5 b (PSNR ) 34 4 4 24 dB, 46 T HLA £ i ik, AL % Bk 8 AR,
[ VR R RN S A BIEE B A RITH N 4 A — 51k

[FESES]R3IS [ SEkARERD A [ 32245 )1005-202X(2026)04-0436-09

Multi-branch adaptive fusion for multimodal magnetic resonance image synthesis
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Abstract: Multimodal magnetic resonance imaging provides comprehensive and essential information for clinical diagnosis
and treatment, and synthesizing missing modality images can significantly improve medical analysis. To address the
limitations of existing image synthesis methods, including fixed input modalities, suboptimal image quality, and insufficient
anatomical fidelity in synthesized images, a multi-branch modality-adaptive fusion and consistency-guided generative
adversarial network is proposed for multimodal magnetic resonance image synthesis. Within this network, efficient medical
image synthesis from arbitrary modality combinations is achieved through the incorporation of target modality labels, a zero-
image placeholder strategy, and a multi-branch encoding mechanism. Specifically, target modality labels are used to guide the
decoder to focus on desired features, a zero-image placeholder strategy is employed to address incomplete input modalities,
and a multi-branch encoding mechanism is adopted to ensure independent feature extraction and flexible cross-modality
fusion, thereby enhancing the model's adaptability to multimodal inputs and its synthesis performance. Furthermore, a
modality consistency guidance mechanism is introduced to align encoded features from different modalities in the latent
space, reinforcing cross-modal anatomical consistency and thus improving the anatomical fidelity and overall quality of
synthesized images. The effectiveness of the proposed method is validated on the BraTS2020 and ISLES2015 datasets.
Experimental results demonstrate that the synthesized images achieve a peak signal-to-noise ratio exceeding 24 dB,
outperforming the existing image synthesis methods and exhibiting superior visual quality.
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Table 1 PSNR quantitative results of comparative
methods for three-modal to single-modal image
synthesis on the BraTS2020 dataset (dB)

ViRis T, T,Gd Flair T,
PT-GAN 26.08 28.61 26.42 25.06
MM-GAN 25.89 29.18 23.85 25.41

MMFC-GAN  26.93 29.76 27.18 27.29
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SFEL 75 AR PSNR E 21N 455 (dB)
Table 2 PSNR quantitative results of comparative
methods for three—modal to single-modal image
synthesis on the ISLES2015 dataset (dB)

yikes T, DWI  Flair T,
PT-GAN 2401 2878 2873 2429
MM-GAN 23.54 2842 2716 2371

MMFC-GAN  25.69 29.25 29.32 25.58
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Figure 2 Visual comparison of different methods for three—-modal to single-modal image synthesis
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# 3 MMFC-GAN 7£ BraTS2020 #1& & 34 A5 [5] 4 5L (E 55 117 & 2 1148 45 R (PSNR/SSIM/LPIPS)
Table 3 Quantitative evaluation results of MMFC-GAN for different generation tasks on the BraTS2020 dataset (PSNR/SSIM/LPIPS)

29.15dB/0.9544/0.0815 25.61dB/0.9299/0.0958 25.98dB/0.936 1/0.080 2

25.71dB/0.944 8/0.073 6  28.45dB/0.9470/0.097 2 25.84dB/0.928 8/0.083 0

26.20dB/0.9545/0.0601 28.77dB/0.9515/0.075 1

26.76 dB/0.957 6/0.053 4 26.73 dB/0.9405/0.066 2
29.27dB/0.9553/0.069 8 26.69dB/0.9422/0.066 8

26.93dB/0.961 1/0.0510

27.18 dB/0.943 4/0.079 1

%4 MMFC-GAN 7£ ISLES2015 # 18 £ X4 A5 [ 4 iR (E 55 1217 & 2 118 25 R (PSNR/SSIM/LPIPS)
Table 4 Quantitative evaluation results of MMFC—GAN for different generation tasks on the ISLES2015 dataset (PSNR/SSIM/LPIPS)
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29.32dB/0.9396/0.0850
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Figure 3 Visualization results of MMFC-GAN for different tasks on the BraTS2020 dataset
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Figure 4 Visualization results of MMFC-GAN for different tasks on the ISLES2015 dataset
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Table 5 Results of the ablation study on the combined loss function for three—modal input to single—-modal output
on the BraTS2020 and ISLES2015 datasets
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