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The suppression of motion artefacts from MR images is a challenging task. The pur-

pose of this paper was to develop a standalone novel technique to suppress motion

artefacts in MR images using a data-driven deep learning approach. A simulation

framework was developed to generate motion-corrupted images from motion-free

images using randomly generated motion profiles. An Inception-ResNet deep learning

network architecture was used as the encoder and was augmented with a stack of

convolution and upsampling layers to form an encoder-decoder network. The net-

work was trained on simulated motion-corrupted images to identify and suppress

those artefacts attributable to motion. The network was validated on unseen simu-

lated datasets and real-world experimental motion-corrupted in vivo brain datasets.

The trained network was able to suppress the motion artefacts in the reconstructed

images, and the mean structural similarity (SSIM) increased from 0.9058 to 0.9338.

The network was also able to suppress the motion artefacts from the real-world

experimental dataset, and the mean SSIM increased from 0.8671 to 0.9145. The

motion correction of the experimental datasets demonstrated the effectiveness of

the motion simulation generation process. The proposed method successfully

removed motion artefacts and outperformed an iterative entropy minimization

method in terms of the SSIM index and normalized root mean squared error, which

were 5–10% better for the proposed method. In conclusion, a novel, data-driven

motion correction technique has been developed that can suppress motion artefacts

from motion-corrupted MR images. The proposed technique is a standalone, post-

processing method that does not interfere with data acquisition or reconstruction

parameters, thus making it suitable for routine clinical practice.

K E YWORD S

deep learning, MR image reconstruction, MR motion correction

1 | INTRODUCTION

MRI1 is an established medical imaging modality used to produce detailed images of different tissue types. However, despite its advantages, image

acquisition times can be long, and any patient motion during scanning causes artefacts in the resultant MR images.2 Since the advent of MRI, the

removal of motion artefacts has continued to be an unresolved problem for most clinical applications. In particular, motion artefacts present

Abbreviations: CNN, convolutional neural network; EPIK, echo planar imaging with keyhole; MoCoNet, motion correction network; PROPELLER, periodically rotated overlapping parallel line

with enhanced reconstruction; SNR, signal to noise ratio; SSIM, structural similarity..
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significant difficulties when scanning paediatric, elderly, claustrophobic and stroke patients. Apart from patient discomfort, motion artefacts also

result in financial losses3 for imaging sites. A number of methods can be used to correct for motion artefacts, the most commonly used ones being

rigid motion correction techniques. These techniques can be broadly classified into three categories: navigator sequence-based approaches, exter-

nal motion detection devices and data-driven approaches.

The navigator-based approaches involve inserting k-space, or image navigators, into the imaging sequences. The navigators are inserted

within the sequence at different time points and are compared with a reference to estimate motion parameters. The parameters can subsequently

be used to perform either prospective or retrospective motion correction. The first navigator sequence to estimate in-plane linear motion was

proposed by Ehman and Felmlee4 and involves acquiring the zeroth phase encode in both the x and y directions. The phase difference between

navigators at different time points provides a measure of motion in the x and y directions. However, this technique only compensates for transla-

tion motion. An alternative technique, known as PROPELLER (periodically rotated overlapping parallel line with enhanced reconstruction),5 is a

self-navigation technique in which a number of straight lines called blades are acquired at different angles to cover the whole k-space. The acqui-

sition of blades at various angles results in the acquisition of the centre of k-space multiple times, and the points that are sampled multiple times

are used as navigators to extract rotation and translation information. A limitation of the PROPELLER technique is that it can only provide in-plane

motion parameters. This limitation is, however, not specific to PROPELLER, and is a limitation found in all 2D imaging sequences, as the through-

plane motion disrupts signals from different slices.

Another technique that enables compensation for linear motion, based on the acquisition of data on a Cartesian grid, is EPIK (echo planar

imaging with keyhole).6 EPIK is an interleaved technique that acquires the central line of k-space in each shot and therefore enables motion cor-

rection along a single axis. Application of EPIK to diffusion imaging with motion correction has been demonstrated in Reference 7. Multiple

implementations of the use of k-space navigators to estimate motion parameters in all six degrees of freedom have been developed,8-13 along

with image navigators14-17 for 3D imaging sequences. Despite the advantages afforded by EPIK, its implementation requires all navigator

sequences to be carefully designed, resulting in an inevitable increase in acquisition time and a reduction in signal to noise ratio (SNR). Constraints

are also imposed on protocol parameters, including TR/TE/TI. Recently, a novel approach for motion correction using a spherical navigator based

on a Lissajous trajectory has been demonstrated in a proof of concept study. Here, an isotropic translational accuracy of 0.2 mm and a rotation

estimate of 0.5 degrees was demonstrated. The Lissajous navigator has only modest gradient demands, covers the poles of the k-space sphere

and acquires data in approximately 5 ms.18

External device-based approaches involve an estimation of the motion using an external device, such as an optical camera, that tracks a

marker placed on the patient,19-23 or using field probes that measure the magnetic field perturbation due to motion.24,25 The major limitations of

external device techniques are that they involve additional cost and require calibration, and the use of mounting markers on the patient may cause

patient discomfort and potential patient compliance issues, making them problematic for clinical usage.

Data-driven approaches to motion correction estimate and correct motion directly from the images. Entropy focus criterion26,27 techniques

belong to the category of data-driven approaches that have been used for retrospective motion correction. These approaches correct motion

artefacts by minimizing image entropy and do not require additional navigators. However, the entropy focus criteron method relies on computa-

tionally demanding iterative algorithms.

Recently, convolutional neural networks (CNNs) have been used in MRI for image reconstruction from undersampled data28-34 and for MR

image analysis.35 The basic operation in CNNs is the convolution operation. Convolution operations are widely used in image processing applica-

tions, such as image segmentation, edge detection, image de-noising, Gaussian blurring and median filtering, to name a few. For instance, in order

to remove noise from images, a simple averaging kernel for convolution can be used, which is equivalent to low pass filtering. In these applica-

tions, the convolution kernels are hand-engineered using prior knowledge of the imaging process, noise statistics and the nature of the artefacts.

However, algorithms for such applications, including image de-noising and segmentation, are being rapidly replaced by deep learning31

approaches.

The use of CNNs to detect motion36 or to correct motion artefacts37-43 has been explored in previous studies.36-43 The concept of using a

CNN for end-to-end motion correction was first presented in our early work, published as a conference abstract.42 Similar work, including Refer-

ence 43, applied a CNN to individual patches of 2D spin echo images to correct for simulated motion artefacts. In Reference 37 a CNN was used

as a pre-processing block to improve the motion correction physics model, and in Reference 38 it was used as a regularizer for iterative model-

based motion correction. A 3D patch-based approach using a condition-generative adversarial network was proposed in Reference 40. A feasibil-

ity study of retrospective motion correction using CNNs for rigid and non-rigid motion correction in 2D imaging was presented in Reference 41.

Most of the methods37,38,41,43 applied the CNN approach to motion correction in 2D imaging; some methods38,43 applied CNNs on small patches

of 2D images; while other methods37,38 used a CNN to improve the motion-based model. Motion simulation for 3D images was also performed in

Reference 40 and the authors tested their network in both simulated and experimental datasets. However, the 3D images in Reference 40 were

from a FLASH sequence at 7 T with an extremely narrow field of view in both the sagittal and coronal views, and the motion simulation was lim-

ited to only 2–3 motion events during the scan, which may not be a realistic estimate.

The ringing, blurring and ghosting artefacts caused by motion can be suppressed with convolution operations. However, a set of convolution

kernels that can be used to remove motion artefacts may not be analytically determined due to the random nature of the motion that causes the
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artefacts. The objective of this study was to simulate motion-corrupted images and subsequently use them to train a deep learning network that

could learn appropriate convolution kernels to identify and correct for artefacts arising as a result of motion. We leverage the power of data-

driven deep learning methods to determine sets of convolution kernels that can efficiently remove artefacts arising due to motion. We focus on

the widely used 3D T1 MPRAGE images, where motion artefacts are often observed at 3 T MRI. Extensive motion simulation covering the whole

head in the three orthogonal views was performed. This paper describes the following.

1. The application of multi-resolution Inception-ResNet as an encoder that consists of different convolutional kernel sizes at each resolution scale

to capture both local and global motion artefacts.

2. A method to design and simulate realistic motion curves to capture both abrupt motion and gradual motion of the real-world scenarios.

3. Training and validation of deep learning models with a large dataset containing 1572 subjects for training and 384 subjects for validation. The

training and validation sets consisted of approximately 235 K and 57 K 2D slices respectively.

Here, we have substantially improved our previous method42 and have used a multi-resolution Inception-ResNet44 network architecture for the

suppression of motion artefacts. We also demonstrate motion suppression for both simulation and experimental datasets, which were subse-

quently compared with an iterative entropy minimization technique. The proposed method, referred to as MoCoNet (motion correction network),

is a data-driven approach based on a CNN that learns to identify and suppress motion artefacts from images retrospectively.

2 | METHODS

2.1 | Model of motion artefact in MRI

Motion during MR data acquisition manifests itself as artefacts in the reconstructed images. The nature of the artefacts found in structural scans

depends on the magnitude of the motion and the time point at which it occurred. In this work, we have neglected the motion during read-out.

Consider a movement (ie position change) that occurs at time point t during data acquisition (ie during the nth phase encoding step). The motion-

corrupted k-space can be considered as a linear combination of two partial sets of k-spaces (Figure 1C and 1L) before and after motion occur-

rence. The corresponding motion-corrupted image (Figure 1M) can then be modelled by a linear combination of motion-free images (before and

after change of position, Figure 1D, G) convolved with a sampling kernel (Figure 1E, H). Mathematically, the motion-corrupted image can be repre-

sented as

Ikm =
Xt = T

t=0

Ikt�� ht =
Xt= T

t =0

CkMtI0ð Þ�� ht ð1Þ

where Ikm is the motion-corrupted image from the kth channel, Ck is the coil sensitivity map, T is the number of times the subject moved, Ikt is the

object (after motion) at time point t, I0 is the motion-free image, Mt is the motion matrix at time t, �� is the convolution operation and ht is the

convolution kernel determined by the time point t. The individual images from multiple channels can be combined to generate a single motion

corrupted image Im as
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k =1

C*
k I

k
m

�����
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where C*
k is a conjugate of coil sensitivity and Nch is the number of channels. Inspired by the similarity between the convolutional motion model

presented in Equation (2) and a CNN, we investigated the use of a deep learning CNN to solve the motion correction problem. In order to esti-

mate the motion-free image I0 in Equation (2), the training process was applied to estimate a deep learning model that can identify and suppress

the motion artefacts.

2.2 | Deep learning network architecture

The distribution of motion artefacts within the image is both local and global. The distribution of local artefacts varied within the different brain

regions, with the cortical region of the brain having comparatively more artefacts than the mid-brain. The motion also resulted in ringing artefacts

in the whole brain including outside the brain region in the background, which we consider as global artefacts. Since the neural network needs to

learn both the global and local artefacts at multiple resolution scales, we designed a multiple resolution approach where the architecture in the
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encoder consisted of parallel paths with different convolution kernel sizes. The different kernel sizes result in a different effective field of view at

each resolution scale.

Specifically, we used Inception-ResNet V2 architecture for the encoder network, which consisted of parallel paths with different con-

volutional kernel sizes. Since the depth of the complete encoder-decoder architecture was large, we also used a residual connection,45 as this only

need to learns a residual function between the skip connected layers, resulting in faster training and convergence.44 Residual blocks are the con-

catenation connection from the last layer of the encoder to the first layer of the decoder at the same scale. The net effect of the residual connec-

tion is that the network between the residual connections only learns the residual function instead of the complete function. In the context of

MR image reconstruction, the network block between the residual connections only has to learn the difference between an artefact image and a

clean image instead of learning to reconstruct a completely clean image.

F IGURE 1 Convolution motion model, showing that the motion-corrupted image can be modelled as a linear combination of convolution of
rigidly transformed, fully sampled images (D, G) and convolution kernels (E, H). A, k-space of fully sampled image; B, k-space sampling mask
(yellow represents 1 and blue represents 0); C, partial k-space of the object; D, object of interest; E, convolution kernel determined by the
sampling mask (B); F, image formed by partial k-space; G, object of interest rotated by Δθ and translated by Δx and Δy; H, I, J-L, the same as E, F,
A-C respectively for the rotated and translated object (G); M, the motion-corrupted image
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An encoder-decoder architecture (Figure 2A) was trained for motion correction. The encoder network consisted of an Inception-ResNet V2

architecture,44 and pre-trained weights trained on the ImageNet dataset46 were used for the initialization of the encoder part of the encoder-

decoder network. The inception architecture (Figure 2B) consists of parallel convolution pathways with different convolutional kernel sizes. The

use of different kernel sizes results in different receptive fields, giving rise to multi-resolution feature maps. The decoder is made up of a series of

convolution and upsampling layers (Figure 2C); two convolutions took place before every upsampling operation. The decoder network includes

dropout layers with a dropout fraction of 0.2 after every convolution to avoid any overfitting. A stride of one was used for all the convolution

layers and a stride of two for the upsampling layers in the decoder. Skip connections (concatenation) were made between the same scale feature

maps from the encoder and decoder parts of the network. All the feature maps at a particular scale in the encoder were concatenated to the first

layer of the decoder with the same scale. The loss function used to train the network was the mean absolute error between the output image and

the target image (no motion image). The input to the network during the training was a 256 × 256 motion-corrupted image and the output was

the motion-corrected image. During the inference, the input image of arbitrary size can be first zero padded to the nearest multiple of 32 and can

be used as the input to the network.

F IGURE 2 Network architecture. A, encoder-decoder CNN architecture for motion correction. The encoder is Inception-ResNet V2

architecture and the decoder is a stack of convolution and upsampling operations. B, Inception-ResNet-A block in the encoder consisting of
parallel paths with different convolution kernel sizes. C, a block of convolution and upsampling in the decoder; six such blocks are used to form
the decoder network. D, description of the symbolic representation used in the figure. The input to the network is a 256 × 256 motion-corrupted
image and output is a clean motion-corrected image; mean absolute error was used as a loss function to train the network
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2.3 | Motion simulation

Motion simulation was performed with randomly generated 3D rigid body motion between ±5 mm of translation and ± 5� of rotation on all three

axes. The simulated motion range was consistent with a previous in vivo cohort study.47 The MPRAGE images of size 256 × 256 × 256 were used

for simulation purposes and the motion was simulated along the phase encode direction (anterior–posterior). Any motion within a single phase

encode was neglected in the simulations. The process of motion simulation is depicted in Figure 3. The 3D image was rigidly transformed based

on the six motion parameters (three translations and three rotation parameters) for each time point (phase encode). The k-space (Npe × Nfe × Nse)

corresponding to a rigidly transformed image was computed and the 1 × Nfe × Nse k-space corresponding to the current time point (phase encode)

was extracted and appended to the motion-corrupted k-space. The appending of the k-space blocks (1 × Nfe × Nse) for all phase encodes consti-

tuted the motion-corrupted k-space data (Npe × Nfe × Nse). The motion-corrupted, simulated k-space is inverse Fourier transformed to generate

motion-corrupted images. The anterior–posterior (A-P) direction was considered as phase encodes, the left–right (L-R) direction was considered

as slice encodes and the head-feet (H-F) direction was considered as frequency encodes for all the motion simulations.

Two different motion scenarios were simulated. (i) Abrupt motion, where the patient moves abruptly during the scan from time to time. We

simulated up to 16 abrupt motion events during a single MPRAGE scan; the number of motion events ranging from 0 to 16 was selected using a

uniform random number generator. An example of a motion curve is shown later in Figure 6. (ii) Gradual motion, where the patient makes gradual

movements during the scan. An example of the motion curve for gradual motion is shown later in Figure 7.

In order to generate abrupt motion curves, a random number is generated for the number of motion events ranging between 1 and 16. Then,

six motion parameters are randomly generated for each motion event, which results in an abrupt motion curve as shown later in Figure 7. For

gradual motion, curves for abrupt motion are generated and then each motion curve is passed through a Gaussian filter, resulting in smoothly

varying motion curves as shown later in Figure 6.

2.4 | Data preparation and training

3D MPRAGE datasets of 262 subjects were used to generate a training dataset, and 64 subjects were used to generate a validation dataset. Six

different random motions were simulated for each subject, thus providing 1572 subjects for training and 384 subjects for validation. In order to

generate motion-corrupted images, 3D k-space datasets of the images were distorted with a simulated 3D rigid body random motion as

described in Subsection 2.3. Both the motion-corrupted image and the motion-free images were normalized to 0.5 mean and 1/6 standard devia-

tion, so that approximately 95% of the intensity values lie between 0 and 1. After processing through the deep learning network, the output

motion-corrected image was renormalized to its initial mean and standard deviation. The CNN was trained to suppress motion artefacts from

individual 2D slices of the 3D MPRAGE dataset.

The following parameters were used for training the network in the Keras deep learning library with Tensorflow backend: Adam optimizer48

with initial learning rate = 0.0001, batch size = 4, periodic decay = 0.96 after every epoch; each epoch consists of 2500 batches, ie 2500 weights

update per epoch, and a total of 100 epochs on the NVIDIA Tesla V100 GPU. The training and validation losses are shown in Figure 4.

2.5 | Experimental data acquisition

In vivo experiments were performed on a Siemens Skyra 3 T MRI scanner (Siemens Healthineers, Erlangen, Germany) with a maximum gradient

strength of 45 mT/m and a maximum slew rate of 200 mT/m/ms. Informed consent was obtained from volunteers in accordance with the

F IGURE 3 Flow chart of
motion-corrupted data generation
process: Npe, number of phase
encodes; Nfe, number of
frequency encodes; Nse, number
of slice encodes. It consists of
rigid body transformation of a 3D

MR image based on six motion
parameters at a given time,
followed by the extraction of
1 × Nfe × Nse k-space lines, which
are appended for all time points,
resulting in Npe × Nfe × Nse

motion-corrupted k-space
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institution's human research ethics policy. For experimental validation of the proposed motion correction technique, 3D MPRAGE datasets were

acquired with TE/TR/TI = 3/2000/900 ms, matrix size = 256 × 256 × 192, resolution 1 mm isotropic, flip angle = 9�, acquisition time 8 min 32 s.

Two separate scans were performed for each volunteer: one without motion, in which the volunteers were asked to remain still, and the second

with motion, in which the volunteers were allowed to make natural movements during the scan. A total of four volunteers were scanned in this

manner. The reconstructed images from the default reconstruction pipeline of the scanner were processed with the trained MoCoNet network,

resulting in motion-corrected images. A structural similarity index (SSIM) was used as the quantitative metric for the evaluation of motion-

corrected images.

3 | RESULTS

Both the magnitude of the motion and the k-space location where motion occurred determine the severity and the appearance of the artefact in

the resulting image. For example, motion occurring in the outer k-space (ie high-frequency components) manifests as ringing in the reconstructed

image (Figure 5A-D). Motion occurring near to the centre of the k-space (ie low-frequency components) manifests as blurring (Figure 5E-H). When

the magnitude of the motion was increased while the k-space location where motion was occurring remained fixed (shown in Figure 5A-D), the

ringing increased. In contrast, when the k-space location where motion was occurring was varied and the magnitude of the motion remained fixed,

F IGURE 4 Plot of training and validation loss
for the network trained with periodic learning rate
decay and the Adam optimizer. Each epoch
consists of 2500 iterations

F IGURE 5 Simulation demonstrating the effect of a single motion event on reconstructed images. Ref, reference image. A-D, reconstructed
images as a result of increasing the magnitude of the motion at a fixed phase encode (100th) in the acquisition process. The magnitude was
increased one-, two-, four- and sixfold respectively. E-H, reconstructed images due to a fixed amount of motion at different phase encodes in the
acquisition process. The phase encodes were 90th, 100th, 110th and 120th respectively
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the blurring artefacts increased as the location of the motion in k-space moved towards the centre (shown in Figure 5E-H). From this simulation,

it can be inferred that the location of the motion in k-space largely determines the appearance of the motion artefacts (ringing or blurring) and the

magnitude of the motion largely determines the spatial distribution and severity of the motion artefacts.

Although the network was trained in the range of ±5 mm translation and ± 5� rotation, the predictions were performed on a wider range

(±8 mm and ± 8�) to test the generalization capability of the network to unseen cases. The results of the motion artefact suppression are shown

in Figures 6 and 7 for gradual motion and abrupt motion scenarios, respectively. In order to assess the performance of the deep learning method,

the results were compared with the entropy minimization method,27 which is also a post-processing based method. From Figures 6 and 7, we can

see that the ringing artefacts were more effectively suppressed with MoCoNet, compared with the entropy minimization method, and that the

SSIM indices were higher for the MoCoNet reconstructions. It is evident from the enlarged images in Figures 6 and 7 that the motion artefacts

F IGURE 6 Simulated motion-correction results for gradual motion; the plot at the top shows the simulated motion parameters, where Rx, Ry,
Rz are rotation in degrees, and Tx, Ty, Tz are translations in mm in the x, y, z directions, respectively. The x-axis represents time in terms of phase
encodes (PE) and the time would be equal to PE TR for the MPRAGE sequence. No motion, the motion-free clean image; with motion, the image
corrupted by the simulated motion; entropy, the image corrected using the entropy minimization method; MoCoNet, the image corrected using
the deep learning method; NRMSE, normalized root mean squared error
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were successfully removed using MoCoNet. In contrast, the entropy minimization method resulted in residual ringing, particularly in the abrupt

motion scenario. The entropy minimization method performed better for the gradual motion compared with the abrupt motion. However,

MoCoNet outperformed the entropy-based method in both of the motion scenarios in terms of the SSIM index and normalized root mean

squared error. Furthermore, the performance of MoCoNet was also found to be consistent in both gradual motion and abrupt motion simulations.

The consistent performance of MoCoNet highlights the fact that it is robust to both gradual and abrupt motion scenarios. The mean of the SSIM

index for the corrected images was improved from 0.9058 to 0.9338 and the mean of the normalized root mean squared error decreased from

0.1993 to 0.1336.

Figure 8 shows the performance of the motion correction with varying levels of motion on the validation dataset. Artefacts are shown to

increase from left to right. In all cases, MoCoNet was able to substantially remove the artefacts from the motion-corrupted images, resulting in

F IGURE 7 Simulated motion-correction results for abrupt motion; the plot at the top shows the simulated motion parameters, where Rx, Ry,
Rz are rotation in degrees, and Tx, Ty, Tz are translations in mm in the x, y, z directions, respectively. The x-axis represents time in terms of phase
encodes (PE) and the time would be equal to PE TR for the MPRAGE sequence. No motion, the motion free clean image; with motion, the image
corrupted by the simulated motion; entropy, the image corrected using the entropy minimization method; MoCoNet, the image corrected using
the deep learning method; NRMSE, normalized root mean squared error
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corrected images with higher SSIM and lower normalized root mean squared error. The improved delineation between white and grey matter is

clearly noticeable in the enlarged motion-corrected images (Figure 8B, C) compared with the motion-corrupted images. As shown in Figure 9,

using a paired t-test p < 0.001, which was calculated on 384 validation subjects, the SSIM statistical parameters (median, 25th, 75th and span) for

MoCoNet corrected images improved compared with the uncorrected images. Likewise, a similar trend was found to be true for normalized root

mean squared errors, with a paired t-test p < 0.001.

The proposed MoCoNet correction was also evaluated on the experimental datasets acquired as described in Subsection 2.5. The motion-

corrupted DICOM (Digital Imaging and Communications in Medicine) images were processed with MoCoNet, which suppressed the motion arte-

facts in the images. Motion-corrected images from two volunteers for all three orthogonal slices are shown in Figures 10 and 11, along with the

SSIM with respect to the no-motion image. Visual inspection of the enlarged images shows that the images corrected using the MoCoNet method

have substantially reduced motion artefacts compared with the uncorrected images. The SSIM index demonstrates the improvements in image

quality as a result of using MoCoNet. For Subject 1 the mean SSIM was increased from 0.9012 to 0.9396, and for Subject 2 it was increased from

0.8330 to 0.8895. Similarly, the mean normalized root mean squared error was decreased from 0.1021 to 0.0759 for Subject 1 and from 0.0976

to 0.0774 for Subject 2.

We also compared the computation times of the different correction methods. The entropy minimization is an iterative algorithm and thus

the computation time is large. For the image size of 256 × 256 × 150, the execution time was 12 h 46 min (46 000 s) with a CPU for the entropy

minimization method, while it was only 185 s for the MoCoNet method—a 250-fold speed-up in execution time. The implementation of MoCoNet

on a GPU Nvidia-V100 further reduced the execution time to 15 s, making its use feasible in real-time clinical applications.

F IGURE 8 Simulated motion-correction results at different levels of motion artefacts on the validation dataset, severity increasing from left
(a) to right (C): No motion, reference image without any motion artefacts; with motion, image with simulated motion artefacts; MoCoNet, images
corrected with the proposed motion correction method. The numbers below the enlarged images show the SSIM index and the numbers below
the difference images show the normalized root mean squared error

F IGURE 9 SSIM and normalized root mean squared error (NRMSE) for the motion-corrupted versus motion-corrected image: The top of the
box represents the 25th percentile; the bottom of box represents the 75th percentile; the red line represents the median. The paired t-test p
value was less than 0.001 for both SSIM and NRMSE
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4 | DISCUSSION

We have demonstrated that the motion artefacts in MR images can be modelled as a linear combination of convolution between transformed

images and convolution kernels. This convolution motion model forms the basis of using a CNN to learn a model that can correct for motion arte-

facts. Simulation results confirmed that motion at high frequency results in ringing, whereas motion at low frequency results in blurring and ghost-

ing. The encoder in MoCoNet separates the motion-corrupted images into features consisting of motion artefacts. The neuron in the decoder

network only allows the motion-free features to be integrated into the final motion-corrected images. Although the network was trained on simu-

lated motion-corrupted images without considering any spin history effect, the network was able to correct for the real motion, demonstrating

the robustness of the MoCoNet method.

Current state-of-the-art motion correction methods that rely on the image or k-space navigators interfere with the MR protocol to the detri-

ment of contrast, scan time and SNR. Other methods based on external sensors need calibration and are complex to set up.49 The method pres-

ented in this work is an innovative solution to the problem of motion during MRI acquisitions. First, unlike navigators, it requires neither the

development nor the modification of acquisition sequences or image reconstruction methods. Second, it does not interfere with MR protocol

parameters such as TR/TI/TE, scan time or contrast. Third, it does not require any external hardware devices, thus making it relatively inexpensive

to implement.

We have presented a novel method based on deep learning that is capable of removing motion artefacts from motion-corrupted MR images.

The proposed method was validated on both the simulation and the experimental datasets. We have demonstrated that the network trained with

simulated motion was able to generalize and was able to correct for the real motion that occurred during a cohort of subjects that were scanned.

Although the motion simulation model captures a wide range of realistic motion scenarios, MR signal variations that may occur due to spin wraps,

magnetic field changes and signal loss caused by motion are not modelled. This may degrade the performance of the motion suppression in a few

real motion scenarios. Integrating the Bloch equation into the motion model would lead to more accurate data generation and hence a more

robust motion suppression system. The proposed method can work independently without the need for any motion parameter acquisition setup.

Alternatively, it can also be used as a complementary method with existing motion correction setups such as navigators and external devices.

F IGURE 10 Experimental results for volunteer I, on whom two scans were performed, one with motion and one without motion: No motion,
images from the scan in which the volunteer did not move; with motion, images from the scan in which the volunteer moved randomly at his/her
own discretion; MoCoNet, images from the scan where the volunteer moved and the motion-corrupted images were subsequently corrected
using the MoCoNet network; entropy, images corrected with the entropy minimization method. The numbers below the enlarged images show
the SSIM index and the numbers below the difference images show the normalized root mean squared error
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Compared with the entropy-based technique, the MoCoNet method is significantly more effective in removing motion artefacts. However, there

are occasionally residual motion artefacts left, especially when motion occurred at low-frequency k-space locations. In order to make the motion

correction more robust, a hybrid approach of combining MoCoNet with navigators could result in a better motion correction system. It is known that

navigators are good at picking up large motion efficiently, hence in a hybrid motion correction system the images can be prospectively or retrospec-

tively corrected using navigators and the residual motion in the resulting images can be corrected with MoCoNet. Another source of residual artefact

could be the patient motion, which is widely different from the simulated motion case. Residual artefacts can also result from a different acquisition

ordering of the phase/slice encodings that can be minimized by fine-tuning the network with a dataset corresponding to the acquisition order.

5 | CONCLUSION

An efficient data-driven technique based on a CNN has been developed for MR motion correction without the need for external sensors or inter-

nal navigators. The network is based on the Inception-ResNet architecture and is fully trained using simulated motion. Here we have demon-

strated the application of the technique to 3D T1 MPRAGE experimental datasets. MoCoNet is computationally efficient and the shorter

inference time makes it practical for routine clinical practice.
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