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[Abstract]

Deep Learning Reconstruction (DLR) has become available; however, its characteristics remain largely unclear. In this
study, we used a phantom to compare the image characteristics of DLR with those of conventional methods. Quantitative
evaluations were performed using the Variance of Laplacian (VL), Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index (SSIM), and Scale-Invariant Feature Transform (SIFT). The results demonstrated that DLR outperformed conven-
tional methods in terms of VL and PSNR, and it maintained image quality even at high reduction factors. These findings
suggest that DLR enables rapid imaging while preserving image quality.
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Table 1 MRI scan parameters
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Sequence 2D TSE 2D TSE
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Fig.1 ROI setting for SNR calculation using the
subtraction method.

(a) Original image (b) Subtraction Image
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Fig.2 (a) T.-weighted MR image of a head phantom
reconstructed using DLR (reduction factor=2).
(b) To-weighted MR image of a head phantom
reconstructed using CS (reduction factor=2).
(c) T.-weighted MR image of a head phantom
reconstructed using SENSE (reduction
factor=2).
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Fig.3 Box plots represent SNR measurements
for Deep Learning Reconstruction (DLR),
Compressed Sensing (CS), and SENSE.
Each method was tested with a reduction
factor of 2 and repeated five times. The
central line in each box plot represents
the median, and the whiskers indicate the
interquartile range. Significant differences
were observed between DLR and CS, and
between CS and SENSE (p < 0.05). In this
study, * indicates p < 0.05, ** indicates
p <0.01, and ™ indicates p < 0.001.
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Fig.4 Box plots of Variance of Laplacian for T2-
weighted MR images (DLR, CS, SENSE;
reduction factor = 2, n = 10). Significant
differences were observed between DLR
and CS, and between CS and SENSE
(p <0.01, paired t-test).
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Fig.5 Representative images reconstructed using DLR with varying reduction factors.
The effect of acceleration on image quality can be visually assessed.

(a) R=1.0, (b) R=2.0, (c) R=3.0, (d) R=4.3, (e) R=5.0, (f) R=6.0.

Fig.6 Representative images reconstructed using CS with varying reduction factors.
The effect of acceleration on image quality can be visually assessed.

(@) R=1.0, (b) R=2.0, (c) R=3.0, (d) R=4.3, (e) R=5.0, () R=6.0.
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Fig.7 Comparison of PSNR among different
reduction factors. PSNR values were
calculated using a reference image.
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Fig.8 Structural Similarity Index (SSIM)
comparison among different reduction
factors. SSIM values were calculated using
a reference image.

260

240

Method
® cs
® DLR

N
N}
S

SIFT_Matches
°
)
)

N
=3
1S3

180 °

2 4 6
Reduction Factor

Fig.9 Comparison of SIFT keypoints among
different reduction factors. The number
of SIFT keypoints was counted for each
reduction factor.
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