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Commercially Available Deep-learning-reconstruction of MR
Imaging of the Knee at 1.5T Has Higher Image Quality Than

Conventionally-reconstructed Imaging at 3T: A Normal Volunteer
Study

Hiroyuki Akai1,2, Koichiro Yasaka2,3, Haruto Sugawara1, Taku Tajima2,4,
Masaaki Akahane2, Naoki Yoshioka2, Kuni Ohtomo5, Osamu Abe3,

and Shigeru Kiryu2*

Purpose: This study aimed to evaluate whether the image quality of 1.5T magnetic resonance imaging
(MRI) of the knee is equal to or higher than that of 3T MRI by applying deep learning reconstruction
(DLR).
Methods: Proton density-weighted images of the right knee of 27 healthy volunteers were obtained by 3T
and 1.5T MRI scanners using similar imaging parameters (21 for high resolution image and 6 for normal
resolution image). Commercially available DLR was applied to the 1.5T images to obtain 1.5T/DLR images.
The 3T and 1.5T/DLR images were compared subjectively for visibility of structures, image noise, artifacts,
and overall diagnostic acceptability and objectively. One-way ANOVA and Friedman tests were used for
the statistical analyses.
Results: For the high resolution images, all of the anatomical structures, except for bone, were depicted
significantly better on the 1.5T/DLR compared with 3T images. Image noise scored statistically lower and
overall diagnostic acceptability scored higher on the 1.5T/DLR images. The contrast between lateral
meniscus and articular cartilage of the 1.5T/DLR images was significantly higher (5.89 ± 1.30 vs. 4.34
± 0.87, P < 0.001), and also the contrast between medial meniscus and articular cartilage of the 1.5T/DLR
images was significantly higher (5.12 ± 0.93 vs. 3.87 ± 0.56, P < 0.001). Similar image quality improve-
ment by DLR was observed for the normal resolution images.
Conclusion: The 1.5T/DLR images can achieve less noise, more precise visualization of the meniscus and
ligaments, and higher overall image quality compared with the 3T images acquired using a similar
protocol.
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Introduction

Although 1.5T MRI has been the standard modality for knee
imaging, 3T MRI has the advantage of a higher SNR.1 Many
studies have shown that 3T MRI results in comparable or
higher performance in visualizing anatomical structures and
detecting cartilage or meniscal lesions compared with 1.5T
MRI.2–6 Nevertheless, 3T scanners have potential drawbacks
such as increased chemical shift and susceptibility artifacts,1

and also, the 3T scanners are usually more expensive than the
1.5T scanners. Also, some patients cannot undergo MR ima-
ging using a 3T scanner due to intra-body devices. Therefore,
there is a strong need to improve the images obtained by
1.5T MRI.

The advance of image reconstruction technique on knee
MRI had been mainly focused on the accelerated acquisition,
and various techniques have been applied. Parallel imaging
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was firstly used for this purpose,7 but the disadvantages
included a reduced SNR, aliasing, and reconstruction
artifacts.8 Compressed sensing was also employed to this
end,9 although some disadvantages, including image blurring
and long post-processing time, were experienced.

In the last decade, deep learning has become increasingly
popular and has been used in many applications, such as
image processing, speech recognition, and natural language
processing.10 In the field of diagnostic radiology, deep learn-
ing has been successfully applied to image segmentation,11

lesion detection,12,13 lesion evaluation,14,15 and recently to
image reconstruction. Deep learning reconstruction (DLR), a
new denoising algorithm based on deep learning, is now
available from CT and MRI vendors.16 The algorithm
reduces image noise and improves the image quality in
head MRI of phantoms and healthy volunteers.17

We hypothesized that use of a 1.5T MRI scanner and a
DLR (Advanced Intelligent Clear IQ Engine) obtain can
produce images of the knee as clear as those obtained by
3T MRI. Therefore, we compared the objective and subjec-
tive image qualities of 1.5T/DLR images with 3T images of
healthy volunteers. Also, in order to show the image quality
improvement by the DLR clearly, image quality of 1.5T
image was compared as well.

Materials and Methods

This study was approved by the International University of
Health and Welfare Chiba District Ethics Review Committee
(20-Nr-059). The written informed consent was obtained
from all subjects. All experiments were performed in accor-
dance with the relevant guidelines and regulations. Twenty-
one healthy volunteers (17 men and 4 women; mean age±
standard deviation [SD], 44.7± 10.9 years) were enrolled in
the study (high resolution imaging setting test). Additional
six healthy volunteers (6 men; mean age± SD, 42.2± 10.1
years) were assigned to testing with normal resolution image.

MRI examination
All volunteers underwent 3T (Vantage Galan; Canon
Medical Systems, Tochigi, Japan) and 1.5T MRI (Vantage
Orian; Canon Medical Systems) on the same day using the
16-channel knee coil (16ch Tx/Rx Knee SPEEDER; Canon
Medical Systems) and a proton density-weighted image of
the right knee was obtained in the coronal plane. The interval
between the two scans was less than 15 mins, and similar
imaging parameters were used (TR: 2300 ms, TE: 36 ms,
number of averages: 1, echo train length: 7 for 1.5T and 8
for 3T, flip angle: 90°, pixel bandwidth: 244 Hz for 1.5T and
488 Hz for 3T, FOV: 150 mm, acquisition matrix: 320 × 256,
acceleration factor SPEEDER: 2). To suppress chemical shift
artifacts, we apply different bandwidths on 1.5T and 3T,
respectively. For the high resolution image, slice thickness
was 1 mm, spacing between slices was 1.2 mm, and 40 slices
were scanned in a scan time of 2 min 14 sec. For the normal

resolution image, slice thickness was 3 mm, spacing between
slices was 0.6 mm, and 20 slices were scanned in a scan time
of 67 sec.

DLR technique
The DLR technique used in the present study was implemen-
ted using a commercially available system, the Advanced
Intelligent Clear IQ Engine (AiCE; Canon Medical
Systems), as with a former paper.17 The technique (AiCE)
is based on a convolutional neural network (CNN), imple-
mented using the Chainer neural network framework, with-
out skipping of the connections featured in the residual
neural networks and composed of one feature extraction
(convolutional) layer, 22 feature conversion (convolutional)
layers, and one image generation (deconvolutional) layer
(Fig. 1). The convolution algorithm using 7 × 7 discrete
cosine transform (DCT) divides the image data into a zero-
frequency component and other high-frequency components
at the feature extraction layer. The zero-frequency compo-
nent follows a separate collateral path, and this process
allows us to maintain the image contrast regardless of the
scan type. Meanwhile, the other 48 high-frequency compo-
nents are processed as feature maps in the 22 subsequent
feature conversion layers. Through this process, DLR can
learn parameters to remove noise and restore the lost detailed
structure. In each layer, a soft-shrinkage activation function
is used to obtain adaptive denoising at various noise levels.18

Finally, in the image generation layer, deconvolution using a
7 × 7 inverse DCT kernel is conducted for the feature extrac-
tion path data, and the low-pass-filtered image from the zero-
frequency component path is added.

The abovementioned CNN was trained using data from
150 knee MRI examinations acquired from healthy volun-
teers. All images were acquired on a 3T MRI scanner
(Vantage Galan 3T ZGO; Canon Medical Systems). The
high signal-to-noise ground-truth images of T1-weighted
imaging (WI), T2WI, fluid attenuated inversion recovery,
T2*WI, and proton density-WI were acquired using 10 aver-
aged repetitions with in-plane rigid registration. Next, pairs
of high signal-to-noise ground-truth images and noisy input
images, which were obtained by adding Gaussian noise with
amplitude between 0% and 20% of the maximum intensity of
the ground-truth image, were inputted into the deep learning
system to create a model for denoising the MR images. The
training data pairs were augmented through horizontal and
vertical flip, and also each pair was divided into nine patches
to obtain 32400 training image pairs. Since the training was
done using the high-frequency components of various con-
trasts as described above, the MR contrast that DLR can
denoise is flexible.

Deep learning was performed using a computer with an
NVIDIA Quadro P6000 (Nvidia, Santa Clara, CA, USA)
graphics processing unit. Through the training, the threshold
coefficient in the soft-shrinkage activation function in all the
layers of the CNN and 3 × 3 convolution kernels in the
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feature conversion layers were optimized. These parameters
were determined by minimizing a loss function based on
mean square error. The Adam iterative stochastic optimiza-
tion method was used as an optimizer with a learning rate of
0.0001. The CNN has trained 400 epochs with batch size 8,
and the total training time was approximately 40 hours.

We used the DLR technique to process the 1.5T MR
images and created 1.5T/DLR images.

Subjective evaluation of image quality
Two board-certified radiologists with 12 and 8 years of
experience performed subjective assessments of the image
quality. They were blinded to the image acquisition method
and independently assessed the subjective image quality. The
data sets (all 40 coronal images per subject) were analysed in
random order to reduce recall bias. Subjective image analysis
was assessed in terms of visibility of the structures (anterior
cruciate ligament [ACL], medial collateral ligament [MCL],
medial meniscus [MM], lateral meniscus [LM], articular
cartilage of the medial femoral condyle [MC], articular car-
tilage of the lateral femoral condyle [LC], and bone), image
noise, artifact, and overall diagnostic acceptability. All of
these factors were scored on five-point scales, as shown in
Table 1.

Objective evaluation of image quality
For objective evaluation of image contrast, we evaluated the
signal ratios of the meniscus and the articular cartilage of the

femoral condyle at the medial and lateral sides. We set a
manual ROI covering the entire area of articular cartilage of
the femoral condyle and tibial condyle at the slice which the
cartilage showed maximum thickness (Fig. 2a). For the ROI
of meniscus, a ROI covering the entire meniscus at the
middle body was set (Fig. 2b). The averaged signal intensity
of the articular cartilage of the femoral condyle and tibial
condyle was recorded as the mean signal intensity of the
articular cartilage. Contrast was calculated by dividing the
mean signal intensity of the articular cartilage by that of the
meniscus.

In order to calculate the degree of image quality improve-
ment by the DLR, we calculated peak SNR (PSNR) using
1.5TMR images as the reference image and 1.5T/DLR images
as the test image. We used ImageJ software (National
Institutes of Health, Bethesda, MD, USA) for the quantitative
image analysis, and the ROIs were placed by a board-certified
radiologist with 18 years of experience.

The abovementioned objective image analysis was also
conducted for the normal resolution images.

Statistical analysis
All results are expressed as means± SD. Since the
Kolmogorov-Smirnov test showed the normality of the con-
tinuous variable data, among group differences of the image
contrast were compared using one-way ANOVA with
Bonferroni post hoc testing. For the subjective image quality,
among group differences were compared using the Friedman

Fig. 1 Schematic of the architec-
ture of the DLR algorithm. DLR,
deep learning reconstruction.

Table 1 Scales used for subjective image quality analysis

Grade Visibility Noise Artifact Overall

1 Not visible Unacceptable noise Unacceptable artifact Unacceptable

2 Mostly not visible or blurred Strong noise but still diagnostic Strong artifact but still diagnostic Average

3 Mostly visible but partially blurred Acceptable noise Acceptable artifact Fair

4 Subtle heterogeneity or blurring Minimal noise Minimal artifact Very good

5 Homogeneous internal intensity
with sharp edge

No noise No artifact Excellent
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test with Bonferroni post hoc testing. Values of P < 0.05 were
considered to indicate statistical significance. To evaluate
interobserver agreement, we performed Cohen’s weighted
kappa analysis (quadratic weights), and agreement was cate-
gorized according to the Cohen’s kappa values as follows:
0–0.20 (poor), 0.21–0.40 (fair), 0.41–0.60 (moderate), 0.61–
0.80 (good), and 0.81–1.00 (excellent). Since this analysis
will not show the true agreement if the data are highly
imbalanced,19 the concordance rate was recorded in such
cases. All statistical analyses were performed using R
(version 4.0.5; The R Foundation for Statistical Computing
Vienna, Austria).

Results

Deep learning reconstruction was successfully applied to
the 1.5T MRI images, and no apparent reconstruction
failure image was observed in the 1.5T/DLR images.
Representative 1.5T, 1.5T/DLR and 3T images are
shown in Figs. 3 and 4.

Subjective analysis of image quality
The results of the subjective analysis are shown in Table 2.
Both observers visualized all anatomical structures, except
for MC and bone, better on the 1.5T/DLR images than 3T
images, with a statistically significant difference (all P <
0.05). For the MC, both observers scored better for
1.5T/DLR image, statistical difference was only observed
in one observer (P = 0.002 and P = 0.20). Visualization of
bone was similar between the two image types (P > 0.05).
The level of artifact was also not significantly different. Both
observers gave statistically higher scores for image noise (i.e.
lower noise) and higher scores for overall diagnostic accept-
ability on the 1.5T/DLR images compared with the 3T
images (both P < 0.05). The subjective image scores of
1.5T image were similar to or lower compared to 3T image

in all items, and the difference between 1.5T and 1.5T/DLR
images was generally more obvious compared to the differ-
ence between 1.5T/DLR and 3T images.

Cohen’s kappa analysis revealed interobserver agree-
ments of moderate for the visibility of structures (ACL:
0.53, MCL: 0.52, MM: 0.53, LM: 0.50, MC: 0.51, LC:
0.49) and excellent for noise (0.87) and overall image
quality (0.81). Additionally, the concordance rate was
high for visibility of bone (0.89) and artifact (0.94).

Objective analysis of image quality
The contrast between LM and articular cartilage of lat-
eral condyles was 5.89± 1.30 in the 1.5T/DLR image
and was higher compared to 1.5T image (3.83± 0.68)
and 3T image (4.34± 0.87) with statistically significant
difference (both P < 0.05). Also, the contrast between
MM and articular cartilage of medial condyles was
5.12± 0.93 in the 1.5T/DLR image and was higher
compared to 1.5T image (3.46± 0.40) and 3T image
(3.87± 0.56) with statistically significant difference
(both P < 0.05). PSNR of 1.5T/DLR image compared to
1.5T image was 29.6± 1.53 dB, suggesting a successful
denoise by the DLR.

Normal resolution image analysis
Representative images are shown in Fig. 5. The contrast
between LM and articular cartilage of lateral condyles was
10.8± 1.76 in the 1.5T/DLR image and was higher com-
pared to 1.5T image (5.84± 0.35) and 3T image (7.37±
1.17). Also, the contrast between MM and articular cartilage
of medial condyles was 8.34± 1.24 in the 1.5T/DLR image
and was higher compared to 1.5T image (5.60± 0.61) and
3T image (6.82± 0.81). PSNR of 1.5T/DLR image com-
pared to 1.5T image was 37.5± 0.49 dB, suggesting a
higher level of denoise achieved in the high resolution
images.

Fig. 2 An example of the ROIs used
for subjective analysis of the 1.5T/
DLR image quality. (a) Articular car-
tilage of the lateral femoral condyle.
(b) Middle body of the lateral menis-
cus. DLR, deep learning reconstruc-
tion.
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Discussion

In this study, we showed excellent improvement in image
quality by adding DLR to MRI. In the subjective analysis,
small (e.g. MM and LM) and large structures (e.g. ACL and
MCL) were delineated more clearly on 1.5T/DLR images
compared with 3T images, while bone visibility showed no
difference. Image noise was significantly lower on
1.5T/DLR images, and the level of artifact was comparable
between 1.5T/DLR and 3T images, resulting in higher over-
all image quality with 1.5T/DLR. The objective image ana-
lysis revealed higher SNR and contrast on 1.5T/DLR
compared with 3T images.

For the application of DLR in knee MRI, past studies
have focused mainly on the technical aspects and more
rapid knee MRI scanning.20 Hammernik et al. successfully
reconstructed four-fold accelerated knee MR images using
variational network reconstruction.21 Quan et al. proposed a
modified fully residual convolutional auto-encoder and
generative adversarial network, which showed superior
image quality of the reconstructed image, even for data

with an extremely low sampling rate (as low as 10%).22

Super-resolution is another area of DLR currently being
investigated. Chaudhari et al. implemented a 3D CNN
called DeepResolve, which was capable of resolving high-
resolution thin-sliced knee MR images from lower-resolu-
tion thicker-sliced images.23

There has been much less research on the clinical applica-
tion of DLR in kneeMRI; only one study has achieved a 5 min
comprehensive examination of the knee without compromis-
ing image quality or diagnostic accuracy.24 In that study,
Recht et al. performed 406 consecutive knee examinations
using a 3TMRI scanner and then evaluated interchangeability.
They found a high degree of interchangeability between stan-
dard images and deep-learning-based accelerated images.

Our study is unique in that we aimed to improve the
quality of 1.5T MRI of the knee using DLR. We showed
that 1.5T/DLR images were superior to 3T images both
qualitatively and quantitatively. In the quantitative analysis,
we assessed the contrast of the articular cartilage and menis-
cus at the both medial and lateral sides. Both features were
improved by 1.5T/DLR imaging, suggesting that articular

Fig. 3 Representative MR images from a 60 year-old healthy male volunteer. The 1.5T/DLR image (b) showed less noise compared with the
1.5T image (a) and the 3T image (c). Note the clear visualization of the meniscus (white arrow), which scored higher on the 1.5T/DLR image
(the two readers assigned a score of 5 for the 1.5T/DLR image and 4 for the both 1.5T and 3T images). DLR, deep learning reconstruction.

Fig. 4 Representative MR images from a 40 year-old healthy male volunteer. The 1.5T/DLR image (b) showed less noise and clearer
visualization of articular cartilage (black arrow) compared with the 1.5T image (a) and the 3T image (c). DLR, deep learning reconstruction.
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cartilage can be evaluated more effectively using 1.5T/DLR
than 3T imaging. This is important since a recent meta-
analysis study showed greater diagnostic accuracy of 3T
MRI over 1.5T MRI, but only for articular cartilage lesions.6

In this study, although we assessed the efficacy of DLR in
knee imaging, 1.5T MR image with DLR may be able to
provide images equivalent to or superior to 3T in other
musculoskeletal areas, especially those with high suscept-
ibility to artifact induced by air, such as the fingers or toes.
Also, although we did not apply the DLR to 3T knee MR

images, it is expected to show high quality images since the
network is already successfully applied to 3T images in other
areas as the brain, cardiac, and female pelvic MRI.16,17,25

As described in the result section, we did not encounter
reconstruction errors caused by our deep learning technique.
The subtracted image before and after applying the recon-
struction shows that DLR mainly suppresses noise with
Gaussian distribution (See Supplementary Fig. 1 online).
Therefore, the DLR may mostly remove the white noise
and not delete the internal structures or lesions.

Table 2 Results of subjective image quality analysis

ACL MCL MM LM MC LC Bone Noise Artifact Overall

Reader 1

1.5T
[1/2/3/4/5]

3.33 (0.47)
[0/0/14/
7/0]

4.00 (0.31)
[0/0/1/
19/1]

3.86 (0.47)
[0/0/4/
16/1]

3.95 (0.37)
[0/0/2/
18/1]

2.29 (0.45)
[0/15/6/
0/0]

2.95 (0.21)
[0/1/20/
0/0]

3.95 (0.21)
[0/0/1/
20/0]

2.57 (0.49)
[0/9/12/
0/0]

4.86 (0.64)
[0/1/0/
0/20]

2.52 (0.50)
[0/10/11/

0/0]

1.5T with
DLR
[1/2/3/4/5]

4.38 (0.79)
[0/0/4/
5/12]

4.76 (0.61)
[0/0/2/
1/18]

4.62 (0.65)
[0/0/2/
4/15]

4.81 (0.50)
[0/0/1/
2/18]

3.29 (0.55)
[0/1/13/
7/0]

3.67 (0.56)
[0/1/

5/15/0]

3.95 (0.21)
[0/0/1/
20/0]

3.95 (0.21)
[0/0/1/
20/0]

4.86 (0.47)
[0/0/1/
1/19]

3.90 (0.29)
[0/0/2/
19/0]

3T
[1/2/3/4/5]

3.67 (0.47)
[0/0/7/
14/0]

3.95 (0.58)
[0/0/4/
15/3]

3.95 (0.58)
[0/0/4/
15/3]

4.14 (0.47)
[0/0/1/
16/4]

2.48 (0.50)
[0/11/10/

0/0]

2.95 (0.37)
[0/2/

18/1/0]

3.95 (0.21)
[0/0/1/
20/0]

3.00 (0.00)
[0/0/21/
0/0]

4.95 (0.21)
[0/0/0/
1/20]

3.00 (0.31)
[0/1/

19/1/0]

P-value 0.009 0.001 0.002 0.003 0.002 < 0.001 1.00 < 0.001 1.00 < 0.001

Reader 2

1.5T
[1/2/3/4/5]

3.48 (0.50)
[0/0/11/
10/0]

3.76 (0.43)
[0/0/5/
16/0]

3.19 (0.50)
[0/1/15/
5/0]

3.62 (0.49)
[0/0/8/
13/0]

2.14 (0.35)
[0/18/3/
0/0]

2.67 (0.47)
[0/7/14/
0/0]

4.00 (0.00)
[0/0/0/
21/0]

2.33 (0.47)
[0/14/7/
0/0]

4.95 (0.21)
[0/0/0/
1/20]

2.33 (0.47)
[0/14/7/
0/0]

1.5T with
DLR
[1/2/3/4/5]

4.24 (0.53)
[0/0/1/
14/6]

4.71 (0.45)
[0/0/0/
6/15]

4.90 (0.29)
[0/0/0/
2/19]

4.86 (0.35)
[0/0/0/
3/18]

3.14 (0.56)
[0/2/14/
5/0]

3.81 (0.39)
[0/0/4/
17/0]

4.10 (0.29)
[0/0/0/
19/2]

4.00 (0.00)
[0/0/0/
21/0]

5.00 (0.00)
[0/0/0/
0/21]

4.00 (0.00)
[0/0/0/
21/0]

3T
[1/2/3/4/5]

3.76 (0.43)
[0/0/5/
16/0]

3.95 (0.21)
[0/0/1/
20/0]

3.71 (0.45)
[0/0/6/
15/0]

3.90 (0.29)
[0/0/2/
19/0]

2.86 (0.35)
[0/4/16/
1/0]

3.24 (0.53)
[0/1/14/
6/0]

4.00 (0.00)
[0/0/0/
21/0]

3.00 (0.00)
[0/0/21/
0/0]

4.95 (0.21)
[0/0/0/
1/20]

3.00 (0.00)
[0/0/

21/0/0]

P-value 0.006 < 0.001 < 0.001 < 0.001 0.20 0.015 1.00 < 0.001 1.00 < 0.001

All variables are expressed as mean(standard deviation). Numbers in brackets represent number of cases with each score. P-values in the
comparison of 1.5T/DLR and 3T images are shown, and items with statistical significant difference are written in bold. ACL, anterior cruciate
ligament; DLR, deep learning reconstruction; LC, articular cartilage of the lateral femoral condyle; LM, lateral meniscus; MC, articular cartilage of
the medial femoral condyle; MCL, medial collateral ligament; MM, medial meniscus.

Fig. 5. Representative MR images of normal resolution images. The 1.5T/DLR image (b) showed less noise compared with the 1.5T image
(a) and the 3T image (c). DLR, deep learning reconstruction.
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There are several limitations to this study. First, we recruited
volunteers at a single institution. As selection bias may have
been introduced in our recruitment, our results cannot be gen-
eralized. Second, we assessed only proton density-weighted
images since it is reported that the image is optimal for
detecting meniscal lesions.26 DLR is reported to be useful
in processing various imaging sequences such as T1- and
T2-weighted images, fluid-attenuated inversion recovery
images, MR cholangiopancreatographic images, and MR
coronary angiography.17,25,27 Thus, we believe that DLR can
effectively process other knee MRI sequences as well. Third,
although the deep learning reconstruction mainly removes
Gaussian noise, 1.5T/DLR image showed different impression
on internal structures (especially bone) in some cases. This
might be due to the over-fitting of the DLR, although the
usefulness of the DLR remains due to their clear visualization
of other structures as meniscus and articular cartilage, which
are the main targets of knee MRI. Finally, we did not evaluate
the detectability of disease. Since DLR significantly improved
image quality, we assume that images obtained using DLR
would facilitate detection of abnormalities by radiologists,
resulting in an improved diagnostic ability. However, further
investigations are needed to confirm this assumption.

Conclusion

DLR improved knee MRI significantly, and 1.5T/DLR images
were associated with less noise, better visualization of the
meniscus and ligaments, and higher overall image quality com-
pared with 3T images obtained using a similar protocol.
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Supplementary Fig. 1
Subtraction result of the original knee MRI image and
post-DLR knee image. The histogram analysis of the
subtracted image shows that the image follows a
Gaussian distribution.
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