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Fig. S1. Architecture of the Y-Net used in this study. All operations are accompanied by a

batch-normalization (BN) and ReLU.

Table S1. Chromophore properties used for generating datasets.

Chromophore Background Inclusion Contrast
15 18 1.20
HbO [uM ] 16 24 1.50
17.5 28 1.60
75 9 1.20
Hb [uM] 8 10 1.25
8.5 13.6 16
30% 45% 1.50
Water [%)] 50% 85% 170

40% 80% 2.00
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Fig. S2. Statistical results for three algorithms for SSIM.
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Fig. S3. Reconstructed images of HbO, Hb, and water in the case of three inclusions. (a) MRI images, (b)
source/detector positions around the phantom, (c)-(e) true and reconstructed images of HbO, Hb, and water,
respectively.

Table S2. Quantitative results for different methods in the case of three inclusions.

Evaluation metric Algorithm HbO Hb ‘Water
DRI 027 0.07 6.7
MSE Y-Net 2.57 0.12 933
Z-Net 0.02 0.01 0.02
DRI 12.6 11.7 13.8
PSNR (dB) Y-Net 135 205 183
Z-Net 393 36.1 44.8
DRI 049 0.62 0.62
SSIM Y-Net 0.14 0.67 0.52
Z-Net 095 0.96 0.96
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Fig. S4. Reconstructed images with 8 source-detector pairs. (a) MRI image, (b) source/detector
positions around the phantom, (c)-(e) are reconstructed images of HbO, Hb, and water,
respectively.
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Fig. S5. Reconstructed images without MRI guidance in the case of three phantom inclusions. (a) Images
recovered with a traditional reconstruction algorithm [20]; (b) Images reconstructed with the Z-Net architecture but
without MRI guidance.



