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a b s t r a c t

When using aggressive undersampling, it is difficult to recover the high quality image with reliably fine
features. In this paper, we propose an enhanced recursive residual network (ERRN) that improves the
basic recursive residual network with a high-frequency feature guidance, an error-correction unit and
dense connections. The feature guidance is designed to predict the underlying anatomy based on image
a priori learned from the label data, playing a complementary role to the residual learning. The ERRN is
adapted for two important applications: compressed sensing (CS) MRI and super resolution (SR) MRI,
while an application-specific error-correction unit is added into the framework, i.e. data consistency
for CS-MRI and back projection for SR-MRI due to their different sampling schemes. Our proposed net-
work was evaluated using a real-valued brain dataset, a complex-valued knee dataset, pathological brain
data and in vivo rat brain data with different undersampling masks and rates. Experimental results
demonstrated that ERRN presented superior reconstructions at all cases with distinctly restored struc-
tural features and highest image quality metrics compared to both the state-of-the-art convolutional
neural networks and the conventional optimization-based methods, particularly for the undersampling
rate over 5-fold. Thus, an excellent framework design can endow the network with a flexible architecture,
fewer parameters, outstanding performances for various undersampling schemes, and reduced overfit-
ting in generalization, which will facilitate real-time reconstruction on MRI scanners.

� 2019 Elsevier Inc. All rights reserved.
1. Introduction

Magnetic resonance imaging (MRI) is a non-invasive diagnostic
technique providing computerized images of internal body tissues.
Because of its excellent contrast in soft tissues, MRI is used widely
to assess brain diseases, cardiac function, angiography and so on.
However, its long acquisition time causes discomfort to patients
and thus hinders the time-critical applications. The image quality
in MRI scanning may also be corrupted by various artifacts and
subject movements. In this case, compressed sensing (CS) and par-
allel imaging are commonly utilized to accelerate MRI. CS approach
exploits image sparsity to reconstruct high quality images from the
undersampled k-space data [1], so as to reduce the acquisition
time. On the other side, super resolution (SR) technique is used
as a post processing to assist the fast and ultrafast imaging [2],
e.g. in cardiac and fetal MRI [3]. Although zero-filling in k-space
for CS-MRI or Bicubic interpolation in the spatial domain for SR-
MRI can improve the apparent image resolution in easy ways, they
introduce no additional information in terms of contrast. The zero-
filling inevitably results in low quality observations with aliasing
artifacts proportional to the acceleration rate. Therefore, how to
recover the high quality image with reliably tissue structures and
increased SNR from undersampled measurements is a difficult
problem in undersampled MR image reconstruction.

In the past few decades, many optimization-based algorithms
have been proposed combining with various regularization con-
straints, e.g. total variation (TV) [4], sparse a priori in a certain
transform domain or a dictionary [5,6]. These methods perform
better than interpolation methods, but their reconstructed images
will deteriorate at aggressive undersampling rates, especially over
5-fold. In optimization-based methods, a nonlinear reconstruction
algorithm should balance the consistency with acquired data in k-
space against the sparsity in transform domain. In addition, it is a
challenging issue to determine the appropriate regularization and
the transform domain, and these methods generally suffer
from time-consuming iterations, thus restricting their clinical
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applications. Recently, the development of modern GPUs has made
it feasible to use deep convolutional neural network (CNN) in the
computer processing. CNN can integrate millions of parameters
and multiple layers into a complicated network architecture,
which has attained the state-of-the-art performance in many
applications, such as object classification [7] and recognition
[8,9], image segmentation [10] and restoration [11]. In particular,
deep CNNs have been developed for image reconstructions and
obtained outstanding performances [12]. CNN was initially
adopted to learn an end-to-end mapping between low quality
inputs and labels with 3 convolutional layers [13]. Subsequently,
a deep framework of 20 convolutional layers has been designed
to exploit the contextual information over larger receptive field
[14]. In the following, researchers proposed a recursive CNN to
deepen the network without increasing the parameter number
[15]. Meanwhile, residual learning was explored to facilitate the
network training [8] and utilized in generator adversarial nets
(GAN) [16].

Motivated by the great success in natural images, CNN-based
methods become an interesting topic in the biomedical imaging
due to its significant potential for clinical application [17]. Through
some modifications in aspects of loss function, network input, con-
volution dimension, anatomy priors and so on, existing CNN
frameworks were applied to single- or multi-modality MRI recon-
structions. At early stage, CNN-based CS-MRI directly learned the
mapping between zero-filling inputs and the corresponding fully-
sampled data [18]. Afterwards, a deep ADMM-net reformulated
the algorithm of alternating direction method of multipliers
(ADMM) for an increased computation speed [19]. To allow fast
and high quality reconstruction of clinical accelerated multi-coil
MRI data, a variational network was proposed that combined the
mathematical structure of variational models with deep learning
[20]. Meanwhile, data consistency has been exploited in a deep
cascade CNN framework, referred as DC-CNN hereinafter [21]. In
addition, the well-known U-net is a popular architecture in medi-
cal image reconstruction problems [22,23,24]. GAN employing the
deep generator and discriminator networks [25] also presented
outstanding performance in CS-MRI [26,27,28]. Moreover, the
residual learning was used in SR-MRI reconstruction [29,30,31],
and a regularized network incorporating anatomical prior has been
proposed for the cardiac image enhancement [32]. The attractive
AUTOMAP (automated transform by manifold approximation) suc-
ceeded in learning reconstruction transforms for various MRI
acquisition strategies, including both Cartesian and non-Cartesian
samplings, using the same network architecture and hyper-
parameters, nevertheless the training demands huge memory allo-
cation [33].

In this paper, we aim to improve general performance by intro-
ducing physically meaningful components to the network. Differ-
ing from networks designed for a single task, we also intend to
enable a network framework to be adapted for two important
applications: CS-MRI and SR-MRI. Here, we propose an enhanced
recursive residual network (ERRN) for undersampled MR image
reconstruction in CS and SR. Our ERRN framework is based on a
recursive residual network and enhanced with a set of user-
designed functional modules, i.e. a high-frequency feature guid-
ance, an error-correction unit and improved dense connections.
The feature guidance is designed to emphasize underlying anatom-
ical structures using predefined convolutional kernels. As for the
error-correction unit, data consistency in k-space is adapted to ful-
fill data fidelity for CS-MRI, whereas back projection in spatial
domain is utilized for SR-MRI. In addition, dense connections
encourage features propagating to the latter layers in the deep net-
work. ERRN was evaluated using a real-valued brain dataset, a
complex-valued knee dataset, clinical brain tumor data and
in vivo rat brain data. It achieved superior performances on differ-
ent CS sampling patterns at rates 10%, 20% and 30%, as well as for
SR at sampling scales 2 � 2, 3 � 3 and 4 � 4. Compared to other
normal networks, the success of ERRN has demonstrated that a
sophisticated architecture enhanced by functional modules is more
powerful and adaptive for diverse applications, while fewer net-
work parameters also can reduce overfitting in the generalization.

2. Theory

In this section, the mathematical model of undersampled MRI
reconstruction is introduced and then the network loss function
is derived.

2.1. Mathematical model

The MRI undersampling acquisition is generally formulated as
Y ¼ FuX, where X 2 CM is the fully-sampled reference image of sizeffiffiffiffiffi
M

p � ffiffiffiffiffi
M

p
, and Y 2 CM is the undersampled observation in k-space

where missing data is padded by zero. The linear operator Fu is
defined as Fu ¼ DF, where F denotes the Fourier transform and D
is a binary mask denoting the k-space undersampling scheme
where the sampled index is indicated by one. In spite of different
undersampling schemes, MRI reconstruction aims to recover high
quality images with accurate and faithful anatomical structures
from undersampled measurements. In optimization-based meth-

ods, reconstructed image bX can be solved using the mathematical
model as

X̂ ¼ argmin
X

jjFuX� Yjj22 þ c �U Xð Þ ð1Þ

where the first term is to calculate the data fidelity and the second
term is a regularization constraint weighted by parameter c. The
constraint may be based on the intensity information, prediction
models, edge-based or patch-based operators, e.g. total variation
[1], sparse coding [6], non-local similarity [34,35], nearest neigh-
bors or other constraints.

2.2. Network loss function

However, CNN is capable to integrate feature learning, nonlin-
ear mapping and image reconstruction into a direct end-to-end
network. To determine the mapping function from Y to X, it is
essential to learn the optimal value of network parameters denoted
as H, which can be implemented by minimizing a loss function in
network training. Given the training dataset containing Ytf g and
Xtf g, with t ¼ 1; � � � ; T, denoting the sample number, the loss func-
tion is defined as an optimization objective

L Hð Þ ¼
XT
t¼1

jjFuX̂t � Ytjj2 þ c1 �U X̂t

� �
þ c2 � jjX̂t � Xtjj2 ð2Þ

where the first term is to measure data fidelity and the second one
means a regularization constraint, while the last plays a role of
error-correction. Once the mapping relationship is learned from
the network training, network parameters H are determined, and

then we can attain the reconstructed result bX corresponding to
the network input Y. How to represent these terms using convolu-
tional layers in a sophisticated network is our main research inter-
est in this work [36,37].

3. Methods

In this section, the basic architecture of our recursive residual
network is described firstly. Then, we propose the enhanced recur-
sive residual network (ERRN) to solve undersampled image recon-
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structions in CS-MRI and SR-MRI, in which the basic network will
be enhanced by a high-frequency feature guidance, an error-
correction unit and improved dense connections. Particularly, the
error-correction unit is adapted for different reconstruction tasks,
i.e. data consistency for CS-MRI and back projection for SR-MRI.

3.1. Basic recursive residual network

3.1.1. Network architecture
The recursive residual network used for image reconstruction is

motivated by the work in [37] and [38]. The basic architecture of
our recursive residual network is illustrated in Fig. 1. It consists
of three subnetworks: an embedding net, an inference net and a
reconstruction net [15]. The embedding net is created to extract
structural features from network inputs, in which the zero-filling
image is denoted as Xu ¼ FHY, where FH is the inverse Fourier
transform. The network processes complex-valued data with two
separate channels for real and imaginary components respectively,
or just single channel for real-valued one. The inference net is
stacked by a set of parameter-shared residual blocks where train-
ing is executed in a multi-supervision strategy. In this way, feature
maps generated by each residual block are convolved and then
summed up with the feedforward in the reconstruction net. Conse-

quently, the intermediate prediction bXi of each block is involved in

the final reconstruction defined by bX ¼ Pn
i¼1xi

bXi, where xi is the
averaging weight and n is the number of residual blocks. The recur-
sive residual block is rendered in light blue and denoted with RBi in
Fig. 1c. For the sake of concision, we format the weighted averaging
part as Multi-Supervision and will omit its detail in the following
ERRN architectures.

3.1.2. Recursive residual blocks
Rather than learning unreferenced functions, a residual block

learns the residual function with reference to the layer inputs,
which can effectively mitigate the training difficulty in deep net-
works [8]. In general, deep networks with more convolutional lay-
ers may have better performance, but the substantially increased
parameters require more memory. Therefore, we explore the
recursive learning [15,39] to construct a deep inference net, which
is consistent with the iterative operation in optimization-based
methods. In this case, all residual blocks share the same parame-
Fig. 1. Basic recursive residual network. The constitution of a residual block is depicted in
PreActConv: pre-activation convolutional layer. EltSum: elementwise summation.
ters and thus more residual blocks will not cause additional
parameters. More elucidation of the relationship between recur-
sive residual network and sub-band based image reconstruction
method [38] is provided in supplementary material with Fig. S1.

Our residual block is composed of two pre-activation convolu-
tional layers and one skip connection between the input and the
output, as depicted in Fig. 1b. The pre-activation performs activa-
tion functions before the convolutional layer, including batch nor-
malization (BN) [40] and rectified linear unit (ReLU) [41] as
depicted in Fig. 1a, which could well preserve the negative infor-
mation for the reconstruction task [39]. Denoting the input and
output of i th residual block as Bi-1 and Bi, the residual block can
be formulated as

Bi ¼ f RB Bi�1ð Þ þ Bi�1 ¼ W2
RB s W1

RB s Bi�1ð Þð Þ
� �� �

þ Bi�1;

i ¼ 1;2; � � � ;n ð3Þ

where f RB �ð Þ is the residual function, W1
RB and W2

RB represent the
weights, and s denotes activation functions. The bias term is omit-
ted here for simplicity.

3.2. ERRN for CS-MRI

3.2.1. High-frequency feature guidance
High-frequency information in k-space often contains impor-

tant structures that are prone to be corrupted but hard to recover.
We address this by putting more effort to reconstruct those details,
i.e. adding a functional module of feature guidance into the recon-
struction net, which is a constraint penalizing the deviation from
guiding features.

Four filters along horizontal, vertical and diagonal directions are
created to extract high-frequency features as shown in Fig. 2. For

the zero-filling image, feature maps are detected by Xh
u ¼ G� Xu

with G denoting the directional filters, while guiding features are

extracted from the reference image as Xh ¼ G� X. The low quality
images and their high-frequency features are concatenated as net-

work inputs in the form of [Xu;X
h
u]. We extract high-frequency fea-

tures from the real and imaginary parts, respectively. In the ERRN
framework shown in Fig. 3, feature guidance module is outlined by
a dashed border, where feature maps Fr1i flow into the FeaRecon

layer to learn the underlying anatomy under the guidance of Xh.
(a) and (b). Embed, Resconv and Recon in (c) are pre-activation convolutional layers.



Fig. 2. Directional filters G and their corresponding high-frequency feature maps extracted from different images. Reference: fully-sampled image, ERRN_Nofea: ERRN
framework without feature guidance. ERRN: our proposed network. The feature maps are bXh

10, learned from the 10th residual block, and their NRMSE values are relative to Xh ,
noted in percent format. PSNR/MSSIM are provided with reconstructed images.

Fig. 3. ERRN network architecture for CS-MRI. (a) DC_Embed block, (b) ERRN framework. Data consistency is adopted in embedding and reconstruction nets as noted in dark
blue. The dashed border outlines the high-frequency feature guidance in yellow blocks. Colored curves denote dense connections. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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The learned features bXh

i are fed back to the main framework and

are concatenated into Fr1i; bXh

i

� �
.

In Fig. 2, the effect of feature guidance is demonstrated in CS-
MRI using the variable-density random sampling at rate 10%
[42], while the corresponding demonstration in SR-MRI is arranged

in our supplementary material with Fig. S2. Taking Xh as reference,
tissue structures recovered by ERRN are closer to the ground truth
than those of ERRN_NoFea (without feature guidance), as noted by
red arrows. Quantitatively, feature maps of the ERRN result
present smaller NRMSE (normalized root mean squared error).
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PSNR/MSSIM values of the reconstructed images further indicate
that ERRN outperforms ERRN_NoFea obviously, with
31.97 dB/0.9284 verse 31.19 dB/0.8758.

3.2.2. Improved dense connections
As the network depth growing, the hierarchical features of pre-

vious layers would get lost in the latter, while the problem of van-
ishing gradients will hamper the network training. To address this
problem, ResNet [8] and U-net [10] use the skip connection to cre-
ate a shortcut connection between any two layers. As the extreme
case of skip connection, the dense connection connects each layer
to all forward layers, which can greatly alleviate the gradients van-
ishing problem and strengthen the feature propagation [9]. Dense
connections have been utilized by means of using 1 � 1 convolu-
tional layer as a gate unit to learn block weights [12] or concate-
nating feature maps of preceding layers with parameters growing
exponentially [43]. Here, we introduce dense connections to the
inference net as delineated by colorful curves in Fig. 3. This helps
ERRN to maintain propagation of the output features of every
residual block, and thus facilitates the gradients flow and the com-
plicated structures learning. It is worth mentioning that, consider-
ing the recursive learning strategy, our dense connections only
assign a trainable scalar weight lj to feature maps of the previous
block Bj, and the weighted average is fed forward to the current

block. Hence, the input of each residual block bBi is rewritten as

B̂i ¼
Xi

j¼0

ljBj; j ¼ 0;1; � � � i; i ¼ 1;2; � � �n� 1 ð4Þ
3.2.3. Data consistency in ERRN
CS-MRI has been successfully applied to scan acceleration and

image enhancement, which relies on the undersampling acquisi-
tion protocol by Cartesian [1] or non-Cartesian [44] sampling tra-
jectories to achieve incoherent artifacts in a certain transform
domain. So far, various undersampling schemes have been pro-
posed for MRI acquisition. In this paper, we focus on non-
Cartesian sampling which is available for high acceleration rates
over � 5. Since the system bias would accumulate when signals
flow across the deep network, we introduce a functional module
of error-correction into ERRN framework. In CS-MRI application,
we employ data consistency to design the error-correction unit.
Data consistency is adopted in embedding and reconstruction nets,

as noted by dark blue in Fig. 3. Given bXint i as the intermediate pre-
diction of each residual block, its corresponding value in k-space

can be expressed as bY int i ¼ FbXint i. Then, the output of Data Consis-
tency layer is written as

X̂i ¼ f DC X̂int i;Y
� �

¼ FH Ŷint i kð Þ þ kY kð Þ
1þ k

ð5Þ

where k represents the k-space index, and k is a positive constant.
Thereby, ERRN implements a linear fitting between network predic-
tions and original measurements, taking k to adjust the weight. The
parameter k is related to imaging noise level, i.e. smaller value for
stronger noise, and it is determined in training.

3.2.4. Framework implementation
The network architecture of ERRN for CS-MRI is depicted in

Fig. 3 and its implementation is outlined in Algorithm 1. We build
our training objective function based on a linear loss combination

of the high-frequency feature guidance bXh

i , the prediction of each

residual block bXi and the final reconstruction bX. The loss function
of ERRN is formulated into
L Hð Þ ¼
XT

t¼1
k Xt �

Xn

i¼1
xiX̂

t

i k2 þ
XT

t¼1

Xn

i¼1
k Xt � X̂

t

i k2
þ
XT

t¼1

Xn

i¼1
k Xht � X̂

ht

i k
2

ð6Þ
where T denotes the number of training samples and n is the num-
ber of residual blocks. Our network is trained based on the opti-
mization approach in [45].

Algorithm 1. ERRN for CS-MRI Reconstruction
1: Input Y, Xuand Xh
u, setting lj in (4) as 1/j and the weightxi

as 1/n, other parameters are initialized following MSRA in
[46].

Embedding net
2: Extract features from the input data with DC_Embed and

HREmbedbXemb ¼ f DC f emb Xu;Xh
u

h i� �
;Y

� �
; Femb ¼ Wemb s bXemb

� �� �
Inference net
3: Calculate input and output of each residual block using (3)

and (4).
Reconstruction net
4: Feature maps generated from Bi are convolved in ResConv1:
Fr1i ¼ f r1 Bið Þ ¼ Wr1 s Bið Þð Þ
5: Learn the underlying anatomy using the feature guidance

FeaRecon:

bXh
i ¼ f frc Fr1ið Þ ¼ Wfrc s Fr1ið Þð Þ

6: Concatenation Fr1i; bXh
i

� �
is convolved in ResConv2:

Fr2i ¼ f r2 Fr1i; bXh
i

� �� �
¼ Wr2 s Fr1i; bXh

i

� �� �� �
7: Connect with embedding net by a skip connection EltSum:
Fsum ¼ Femb þ Fr2i
8: The intermediate prediction of ith residual block Recon:bXint i ¼ f rc Fsumð Þ ¼ Wrc s Fsumð Þð Þ
9: Update the prediction with Data Consistency:bXi ¼ f DC bXint i;Y

� �
10: Final reconstruction using Multi-Supervision:bX ¼ Pn

i¼1xi
bXi
3.3. ERRN extending to SR-MRI

Independent from any sequence or hardware improvements,
SR-MRI offers another possibility when the acquired data is not
sufficient to characterize small but clinically significant structures.
From the k-space perspective, CS is an interpolation problem
whereas SR is an extrapolation one. Nonetheless, SR is actually
considered as a post-acquisition processing, whose measurements
are low resolution (LR) images in the spatial domain rather than
undersampled k-space data. However, both CS-MRI and SR-MRI
intend to learn an end-to-end nonlinear mapping from low quality
observations to high quality reference images, and thus it is possi-
ble to extend ERRN framework into SR-MRI application. In
optimization-based reconstructions, the image reconstruction can
be solved using a mathematical model consisting of data fidelity
and regularization terms, which may be in different domains. Here,
we apply ERRN to SR-MRI reconstruction using back projection
based error-correction instead of the data consistency for CS-
MRI. Back projection is a well-known SR algorithm [47] that
iteratively calculates the reconstruction error between the LR



Fig. 4. ERRN network architecture for SR-MRI. (a) Up-BP block with the sampling rate S � S; (b) BackProjection block; (c) ERRN framework. The components of inference net
and feature guidance are same with those for CS-MRI in Fig. 3.

1 http://old.mridata.org/fullysampled/knees.
2 https://www.med.upenn.edu/sbia/brats2018/data.html.
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observation and its prediction, then projects the error back to
refine the high resolution (HR) estimation. Inspired by the network
in [36], we explore back projection in ERRN using mutually con-
nected up- and down-sampling layers to learn the nonlinear rela-
tion between LR and HR images.

The ERRN framework modified for SR-MRI is presented in Fig. 4,
which primary components are identical to that for CS-MRI in
Fig. 3 except the error-correction module that is constituted by
Up-BP block in embedding net and BackProjection block in recon-
struction net. The back projection in Up-BP is executed using the
following procedure: (1) upsampling the LR feature maps Femb by
deconvolutional layer DeConv 1/S; (2) downsampling the upscaled
HR feature maps Fup through the convolutional layer Conv S, with
sampling scale S � S; (3) upsampling the residual error
FeLR ¼ Fdn � Femb in the LR feature space using another deconvolu-
tional layer; (4) outputting the HR feature maps with
FHR ¼ Fuer þ Fup. The elementwise summation Fsum ¼ Fr2i þ FHR is
input to BackProjection with the following procedure: (1) down-
sampling the HR feature maps Fsum with the convolutional layer
and getting FdBP; (2) upsampling the residual error FeBP in the LR
feature space into FuBP using the deconvolutional layer; (3) out-
putting the HR feature maps as FHBP ¼ FuBP þ Fsum.

4. Experiment

4.1. MRI acquisition

ERRN performance was evaluated using a real-valued human
brain dataset and a public complex-valued knee database [48].
To assess the overfitting problem of our ERRN network in general-
ization, e.g. in case of different sequence parameters, hardware
imperfections, pathology, etc., pathological brain tumor data [49]
and prospectively undersampled rat brain data were used to vali-
date its generalization performance. The real-valued brain dataset
contains 16 scans of 8 healthy adults acquired at different time
using a 7T Philips Healthcare MRI equipped with a 32-channel
head receive coil at the F. M. Kirby Research Center. The study
was approved by the local IRB and written informed consent was
obtained from the volunteers. For each scan, a T1-weighted
sequence MPRAGE (magnetization prepared rapid gradient echo)
was used with FOV = 220 mm � 220 mm � 110 mm, matrix
size = 224 � 224 � 110, TR = 4 ms, TE = 2 ms, and flip angle = 7�.
The MPRAGE sequence is characterized by excellent contrast
between gray matter and white matter but, at high field, is ham-
pered by B1 inhomogeneity issues and, when using high resolution,
by relatively low SNR and long scan time [50]. The public complex-
valued knee dataset1 contains 20 subjects acquired by fast spin echo
sequence using a 3T GE MR750 whole body scanner. This dataset has
been used in [27,28], and its detailed description is available in [48].
Some imaging parameters are FOV = 160 mm � 160 mm � 153 mm,
matrix size = 320 � 320 � 256 and flip angle = 90�. The pathological
data was obtained from BRATS 2018 (2018 Brain Tumor Image Seg-
mentation Benchmark database)2. The BRATS dataset contains multi-
institutional pre-operative multi-parametric MRI scans of 210 cases
of glioblastoma, including T1-weighted, T1-weighted contrast-
enhanced Gadolinium (T1Gd), T2-weighted and T2-weighted FLAIR
clinical protocols. We used T1Gd images as testing data, with isotro-
pic voxel size = 1 mm, matrix size = 240 � 240 � 155, and more
acquisition information in [49]. The acquisition parameters for
in vivo rat brain imaging is in our supplementary material.

4.2. Training

The real-valued brain data was preprocessed into magnitude
images in the range of [0, 1]. We randomly selected 9 scans to gen-
erate the training data, while the remaining was grouped into 2
scans and 5 scans for validation and testing, respectively. For the
real-valued brain dataset, 2D axial slices were used in training
and testing. Following the experimental setup of knee data in

http://old.mridata.org/fullysampled/knees
https://www.med.upenn.edu/sbia/brats2018/data.htm
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[27], we selected out 10 sagittal slices in the middle of each case
and then divided them into 2 sets, i.e. 100 slices for training and
other 100 slices for testing. Each image was then rotated in 90�
increments combined with a horizontal flip, to augment the data-
set into 8 variants. The training data was not cropped into patches
in CS-MRI application because the data consistency is operated in
k-space. In SR-MRI, images were split into patches of size
68 � 68 comparable to the receptive field of ERRN.

In ERRN network, the number of residual blocks was optimized
to be n = 10 in the experiment. The convolutional layers had a ker-
nel size of 3 � 3 and the channel number of 64, and the kernel size
of deconvolutional layers was defined as 2S�mod S;2ð Þð Þ�
2S�mod S;2ð Þð Þ in back projection blocks, with S indicating the
sampling scale S � S. The convolutional kernel weights were ini-

tialized using the normal distribution N 0;
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2=kn2 � chn

q� �
, where

kn denotes the kernel size and chn is the channel number. More
detailed information about parameters setting is available in
[46]. The learning rate was initialized to be 10�4 with minibatches
of size 16. The network was trained separately for different under-
sampling schemes and rates with 100 epochs over 40 h per model
on the Tensorflow [51] deep learning framework using ADAM opti-
mizer [52]. The computing system is equipped with an Intel Xeon
E5-2620 CPU, one 12 GB NVIDIA Pascal Titan X GPU, and 64 GB
RAM.
4.3. Evaluation

In the first step, we evaluated the ERRN performance on CS-MRI
reconstruction using undersampling patterns of radial [27] and
variable-density random [42], at sampling rates of 10%, 20% and
30%, equal to acceleration factors of �10, �5 and � 3.3. The fully-
sampled data was employed for the network label in training
and the reference in result evaluation. Except for one case of
prospectively undersampled rat brain data in our supplementary
material, the undersampled data was generated from the fully-
sampled data using various sampling schemes. Our ERRN was
compared to conventional methods of sparsity-based TV [1] and
non-local based PANO [34], and neural networks of U-net [23]
and DC-CNN [21]. In addition, the zero-filling image was used to
illustrate the undersampled image quality, artifacts severity and
their structural characteristics. The conventional methods were
implemented using their open source codes, while regularization
parameters were set to be 106 and the predefined inner loop
improvement tolerance was assigned as 0.05 following [34].
U-net and DC-CNN networks were all operated on the Tensorflow
using the framework specifications in [23] and [21]. Reconstructed
results were quantitatively assessed in terms of PSNR (peak signal-
to-noise ratio) and MSSIM (mean structure similarity index map)
[53]. With respect to the reference image, PSNR is calculated as
10log10 (1/MSE), while MSSIM is a normalized parameter propor-
tional to the structure similarity of two images. Higher PSNR and
MSSIM scores mean better reconstruction.
Table 1
Comparison in network architectures used in experiments (S denotes the scale factor).

Network Depth Kernel size
CS-MRI U-net 23 3 � 3/2 � 2

DC-CNN 25 3 � 3
ERRN 27 3 � 3

SR-MRI SRCNN 3 9 � 9/5 � 5
VDSR 20 3 � 3
ERRN 31 3 � 3
Moreover, we demonstrated the ERRN performance on SR-MRI
using the real-valued brain data. The undersampled images were
synthesized by blurring fully-sampled data using Gaussian kernels
of size 3 � 3, 5 � 5 and 7 � 7 with standard deviation r = 0.8, 1.0,
1.6, and then downsampled at scales of 2 � 2, 3 � 3 and 4 � 4,
respectively. ERRN was compared to conventional methods of
LRTV based on low-rank and total variation [4] and ScSR based
on sparse coding [5], and CNN-based methods of SRCNN [13] and
VDSR [14]. The codes of LRTV and ScSR methods came from public
resources, and their regularization parameters were determined to
be 0.01 and 0.15, respectively. The dictionary size in ScSR was
assigned as 1024 to maximize its presentation power. SRCNN
and VDSR networks were implemented using their published codes
in Caffe [54]. All networks were trained with the same training
dataset and optimized by the ADAM optimizer for 100 epochs.
According to a set of experiments at sampling rate 10%, the CS-
MRI reconstruction time of ERRN (62.6 ms, GPU) was comparable
to those of U-net (61.9 ms, GPU) and DC-CNN (36.4 ms, GPU).
Meanwhile, the SR-MRI reconstruction time of ERRN (64.3 ms,
GPU) was also comparable to those of VDSR (25.8 ms, GPU) at sam-
pling scale 4 � 4. The reconstruction time was an average for all
brain images in the testing data running with the same environ-
ment. By means of multi-supervision, ERRN executes the interme-
diate prediction for each residual block and then weighted
averages them in the final reconstruction. Therefore, ERRN is some-
what time consuming compared to DC-CNN in spite of similar
depths.
4.4. Network architecture

Table 1 lists architecture parameters of all networks used in our
experiments. In CS-MRI reconstruction, the DC-CNN network cas-
cades 5 subnetworks of each containing 5 layers, which depth is
comparable to ERRN but the number of network parameters is
more than 3 times that of ERRN. In contrast, the network of U-
net has 23 convolutional layers and 31,024,384 parameters, far
more than 165,952 in ERRN. As for the ERRN in SR-MRI, its depth
is increased to 31 layers and the number of network parameters
varies with the sampling scale S � S due to the usage of back pro-
jection blocks. In contrast, SRCNN contains only 3 convolutional
layers and thus has fewest network parameters. VDSR equipped
with 20 layers has 664,704 parameters, while ERRN has 356,288
at S = 4. Overall, ERRN has fewer network parameters than other
networks of comparable depths.
5. Results

The ERRN framework was first analyzed to validate the optimal
number of residual blocks and effects of three functional modules.
Then, ERRN performance on undersampled reconstructions was
mainly investigated in CS-MRI, followed with its extension in SR-
MRI.
Channels Parameters
//1 � 1 2/64/128/256/512/1024 31,024,384

2/64 564,480
64/8/2 165,952

64/32/1 57,184
64/1 664,704
64/4/1 274,368 S = 2

294,848 S = 3
356,288 S = 4



Fig. 5. ERRN network architecture analysis in CS-MRI reconstruction on brain validation data using 10% random sampling. The optimal number of residual blocks (a) and the
effect of each functional module (b) are validated by PSNR-epoch and MSSIM-epoch curves. (c) Reconstruction results of modified ERRNs compared to the reference image.
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5.1. Network architecture analysis

We analyzed ERRN framework using performance curves in
terms of PSNR-epoch and MSSIM-epoch averaged in validation
data. The optimal number of residual blocks is determined for
ERRN in Fig. 5a, while the enhancements of feature guidance, dense
connections and data consistency are verified in Fig. 5b and c. Since
an aggressive undersampling rate over 5-fold is usually challeng-
ing, Fig. 5 illustrates the performance curves of 10% random sam-
pling on real-valued brain CS-MRI reconstruction. In general, the
effects of functional modules at different sampling patterns
and sampling rates are consistent in undersampled MRI recon-
structions. Corresponding evaluations of SR-MRI are given in
Fig. S3.
5.1.1. Number of residual blocks
To validate how ERRN can benefit from the increased depth, we

tested the number of residual blocks in ERRN network, denoted as
ERRN (RB5/10/15) for n = 5, 10 and 15. In Fig. 5a, performance
curves gradually converge after 50 epochs, and ERRN (RB10)
indeed boosts the reconstruction compared to ERRN (RB5),
whereas ERRN (RB15) performs worse than ERRN (RB10). There-
fore, we determined to set n = 10 for ERRN in experiments. The test
result in ERRN indicates that recursive learning may limit the opti-
mal depth of residual networks. Although as the network becomes
deeper, it can cover a larger receptive field that could obtain
more information and then improve the network performance.
Nevertheless, we think the sensitivity of network performance to
the number of blocks depends on the specific network architecture.

5.1.2. Effects of functional modules
We also analyzed the effects of three functional modules by

comparing ERRN with its corresponding modifications of ERRN_-
NoDense, ERRN_NoFea and ERRN_NoDC, in which a single module
was removed from ERRN network for a clear evaluation. Fig. 5b
illustrates their PSNR-epoch and MSSIM-epoch curves, while
Fig. 5c shows reconstructed images. Three functional modules
are all proved to have noticeable impacts on CS-MRI reconstruction
results. Among them, the improvement of data consistency is the
most significant, for ERRN_NoDC exhibits 1 dB decrease in PSNR
and 0.05 in MSSIM. Meanwhile, fine structures in the ERRN_NoFea
result still lack clarity. Interestingly, we can observe that the fea-
ture guidance produces a more obvious increase in MSSIM than
the increase of PSNR, which agrees with our purpose that feature
guidance is designed to learn high-frequency features so that ERRN
can achieve sharper contrast. Lastly, the perfomance curves of
ERRN_NoDense cannot converge within 100 epochs, which means
that dense connections could benefit ERRN with a stable
convergence.

5.2. CS-MRI reconstruction

In this section, results on real-valued brain data and complex-
valued knee data were generated from the network trained by
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the corresponding dataset. In order to assess the generalization
capability of ERRN network, we reconstructed pathological brain
images by directly employing the network parameters trained
from the healthy real-valued brain experiment without transfer
learning, which can be called as a zero-shot inference problem
[26]. In addition, we also acquired prospectively accelerated data
of in vivo rat brain and performed its reconstruction experiment
using the ERRN network trained from the knee data in axial slices.
The reconstruction results of prospectively undersampled data are
presented in Fig. S9 in our supplementary material.
5.2.1. Results on real-valued brain data
Figs. 6 and 7 show real-valued brain testing results in a repre-

sentative axial slice using radial and random samplings at rates
10% and 20%, associated with image PSNR and MSSIM values,
zooming views and absolute difference maps. The reconstructions
at sampling rate 30% are provided in Figs. S4 and S5, and we also
illustrate the results at rate 10% in coronal and sagittal views in
Fig. S6. All results demonstrate the excellent performance of ERRN
across varying sampling schemes.

In Fig. 6, the zero-filling image of radial sampling at rate 10%
represents severe blurring and streaking artifacts, whereas moder-
ate at rate 20%. For the sampling rate 10%, the conventional
method TV presents obvious washing effects and fails to obtain a
reasonable reconstruction. The PANO result appears slightly better
but suffers from noticeable edges blurring and structures missing.
In contrast, results of CNN-based methods are improved qualita-
tively and quantitatively. However, the U-net reconstruction
remains unclear and noisy, inferior to other two networks. In the
DC-CNN result, tissue structures are recovered better than the
U-net but some fine features are lost, as indicated by the arrow
Fig. 6. CS-MRI reconstructions on real-valued brain images using radial sampling at ra
sampling masks. The second to last columns are results of different methods, with zo
remarkable distinctions. (For interpretation of the references to colour in this figure leg
in zooming views. ERRN reconstruction can recover the finest
details and the sharpest contrast, with the least undersampling
artifact and the highest PSNR/MSSIM scores. Besides, there are
smallest errors in the difference map of ERRN. As for sampling rate
20%, the performances of all methods are coherent with those of
rate 10%, but the reconstructed images have higher quality.

In Fig. 7, each method show better reconstructions in random
sampling than the corresponding results of radial sampling in
Fig. 6, with accurate tissue structures and increased quantitative
scores. In particular, ERRN reconstructions are perceptually identi-
cal to the reference image, with no obvious error in difference
maps. Table 2 lists the averaged PSNR and MSSIM of all testing
images at various sampling rates and sampling masks. ERRN
always achieves the best performance and has the highest scores
of the image quality metrics. For instance, the ERRN result at sam-
pling rate 10% has increased PSNR by 3 dB than conventional
method PANO, while about 0.2 in MSSIM. Even for state-of-the-
art networks, ERRN outperforms DC-CNN and U-net at different
sampling rates with higher PSNR and MSSIM scores.
5.2.2. Results on complex-valued knee data
Fig. 8 illustrates reconstructed magnitude and phase images of

knee data using 10% radial sampling, associated with zooming
views and absolute difference maps of magnitude images. Similar
to the real-valued brain experiments, radial sampling results in
serious streaking artifacts, especially for the phase image. Conven-
tional methods of TV and PANO are not able to gain convincing
reconstructions at such aggressive undersampling rate, whereas
U-net even performs worse than PANO. However, ERRN and DC-
CNN methods can suppress most artifacts in magnitude and phase
images, but DC-CNN results are still a bit blurred at edges and
tes 10% and 20%. The first column shows the fully-sampled reference image and
oming views and absolute difference maps. The red arrow indicates the region of
end, the reader is referred to the web version of this article.)



Fig. 7. CS-MRI reconstructions on real-valued brain images using random sampling at rates 10% and 20%. The first column shows the fully-sampled reference image and
sampling masks. The second to last columns are results of different methods, with zooming views and absolute difference maps. The red arrow indicates the region of
remarkable distinctions. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Quantitative comparison of CS-MRI reconstructions on real-valued brain data in terms of PSNR (dB, top raw) and MSSIM (bottom raw).

Method 10% 20% 30%

Radial Random Radial Random Radial Random

Zero-filling 18.51 ± 0.51 19.79 ± 0.55 21.83 ± 0.52 21.44 ± 0.51 24.39 ± 0.62 23.31 ± 0.53
0.3042 ± 0.0154 0.3665 ± 0.0169 0.4350 ± 0.0182 0.4211 ± 0.0181 0.5127 ± 0.0203 0.4800 ± 0.0195

TV 21.27 ± 0.64 26.07 ± 0.9752 26.72 ± 1.11 29.32 ± 1.14 31.32 ± 1.22 33.13 ± 1.28
0.4423 ± 0.0195 0.6515 ± 0.0292 0.6635 ± 0.0304 0.7335 ± 0.0261 0.8236 ± 0.0292 0.8287 ± 0.0249

PANO 23.61 ± 1.08 29.46 ± 1.28 29.69 ± 1.34 34.10 ± 1.34 33.72 ± 1.28 38.16 ± 1.32
0.6222 ± 0.0385 0.7857 ± 0.0268 0.8196 ± 0.0340 0.9055 ± 0.0196 0.9022 ± 0.0208 0.9492 ± 0.0116

U-net 24.71 ± 1.39 30.08 ± 1.25 30.17 ± 1.44 32.89 ± 1.32 33.42 ± 1.32 36.37 ± 1.35
0.6454 ± 0.0434 0.8621 ± 0.0270 0.8067 ± 0.0292 0.8537 ± 0.0214 0.8769 ± 0.0211 0.9068 ± 0.0162

DC-CNN 26.56 ± 1.45 31.87 ± 1.40 32.17 ± 1.44 35.02 ± 1.35 36.92 ± 1.34 39.72 ± 1.31
0.7888 ± 0.0345 0.8847 ± 0.0164 0.9240 ± 0.0116 0.9269 ± 0.0101 0.9663 ± 0.0046 0.9614 ± 0.0066

ERRN 26.88 ± 1.58 32.28 ± 1.45 32.95 ± 1.54 36.90 ± 1.50 37.31 ± 1.37 41.45 ± 1.45
0.8016 ± 0.0325 0.9286 ± 0.0133 0.9397 ± 0.0101 0.9708 ± 0.0061 0.9759 ± 0.0040 0.9876 ± 0.0028
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somewhat over-smoothed as shown in zooming views. In addition,
errors in the difference map of DC-CNN are more obvious over tis-
sue boundaries. ERRN also can obtain outstanding performances in
other cases, e.g., results of 10% random sampling in Fig. S7 where
ERRN magnitude result presents an excellent similarity with the
reference image.

Table 3 lists the quantitative comparison on the magnitude and
phase results of two sampling patterns at rate 10%. All evaluation
values are the average of all testing images. These quantitative
evaluations are consistent with the figure results, and obviously
ERRN achieves the best PSNR and MSSIM scores. As demonstrated
in real-valued brain data, the reconstructions here on random sam-
pling surpass radial sampling for the magnitude image, which is in
agreement with the results in real-valued brain experiment. On the
other side, magnitude images have higher quality than phase
images in both the zero-filling and other reconstruction results.
That is because the phase data is naturally more sensitive to imag-
ing perturbations and noise. Moreover, the real and imaginary
components of complex-valued data are processed in separate net-
work channels in our experiment, and any small bias in the imag-
inary part may be amplified in the phase calculation.

5.2.3. Results on pathological brain tumor data
In Fig. 9, the results of pathological data are reconstructed using

the ERRN network trained on healthy real-valued brain data, and
no pathological image was used for network training. We ran-



Fig. 8. CS-MRI reconstructions on complex-valued knee data using radial sampling at rate 10%. The first column shows reference images, and the second to last columns are
results of different methods. From the top to bottom are magnitude and phase images with zooming views and absolute difference maps.

Table 3
Quantitative comparison of CS-MRI reconstructions on complex-valued knee data at sampling rate 10% in terms of PSNR (dB, top raw) and MSSIM (bottom raw).

Method Radial sampling Random sampling

Magnitude Phase Magnitude Phase

Zero-filling 27.48 ± 0.97 20.15 ± 1.31 28.69 ± 0.98 18.79 ± 1.17
0.6619 ± 0.0367 0.6695 ± 0.0513 0.7034 ± 0.0356 0.6463 ± 0.0553

TV 30.87 ± 1.28 22.28 ± 1.39 33.09 ± 1.37 22.40 ± 1.31
0.7850 ± 0.0308 0.7052 ± 0.0494 0.8377 ± 0.0265 0.7162 ± 0.0504

PANO 31.27 ± 1.34 22.63 ± 1.37 33.70 ± 1.41 22.95 ± 1.29
0.7998 ± 0.0307 0.7191 ± 0.0464 0.8542 ± 0.0241 0.7347 ± 0.0463

U-net 29.21 ± 1.11 21.68 ± 1.33 31.68 ± 1.21 21.46 ± 1.30
0.7142 ± 0.0351 0.6891 ± 0.0506 0.7910 ± 0.0300 0.6966 ± 0.0510

DC-CNN 31.45 ± 1.34 22.73 ± 1.30 34.08 ± 1.48 23.26 ± 1.32
0.8097 ± 0.0275 0.7112 ± 0.0488 0.8665 ± 0.0223 0.7313 ± 0.0470

ERRN 31.96 ± 1.49 23.23 ± 1.37 34.57 ± 1.59 23.61 ± 1.36
0.8245 ± 0.0290 0.7306 ± 0.0460 0.8788 ± 0.0232 0.7472 ± 0.0450
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domly selected 15 cases with glioblastoma from the database, and
in each case tested on 40 T1Gd images with lesion information in
axial slices. Fig. 9 shows ERRN reconstructions on the pathological
data accompanied with absolute difference maps and zooming
views of the tumor region. For radial and random samplings at
rates 20% and 30%, ERRN achieves faithful reconstructions and
retains clear pathological patterns, i.e. the morphology of brain
tumors is exactly restored without any distortion or any syntheti-
zation. As for the rate 10%, ERRN performs well in random sam-
pling, while the result of radial sampling is acceptable but could
be further improved, which is in agreement with the previous
demonstration that CS-MRI reconstruction on 10% radial sampling
is more difficult. Table S1 in our supplementary material lists PSNR
and MSSIM scores averaged in all pathological reconstructions on
different sampling rates and sampling patterns. This experiment
indicates that our proposed ERRN can reduce the overfitting prob-
lem in network generalization.

5.3. SR-MRI reconstruction

Fig. 10 displays SR-MRI reconstructions at downsampling scales
3 � 3 and 4 � 4 on real-valued brain images, and results at scale
2 � 2 are arranged as Fig. S8 in supplementary material. We can
see that the CNN-based methods have remarkable improvements
over the conventional methods, yielding higher image contrast,
SNR and resolution, simultaneously. Compared to the simple



Fig. 9. CS-MRI reconstructions on the pathological brain image. The reference image is in the left. First three columns are results of radial sampling while right three columns
are random sampling results. From top to bottom are zero-filling images and ERRN results, accompanied with zooming views and absolute difference maps.

Fig. 10. SR-MRI reconstructions on real-valued brain data at scales 4 � 4 and 3 � 3 with zooming views and absolute difference maps. The first column contains the reference
image and undersampled low resolution images. From the second to last columns are the results of different methods.
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Table 4
Quantitative comparison of SR-MRI reconstructions on real-valued brain data in
terms of PSNR (dB, top raw) and MSSIM (bottom raw).

Method 2 � 2 3 � 3 4 � 4

Zero-filling 25.50 ± 1.06 21.87 ± 0.97 20.05 ± 0.91
0.8245 ± 0.0297 0.6992 ± 0.0342 0.6095 ± 0.0401

LRTV 25.19 ± 1.03 22.25 ± 0.95 20.69 ± 0.89
0.9141 ± 0.0180 0.8395 ± 0.0343 0.7709 ± 0.0414

ScSR 26.07 ± 1.09 22.38 ± 0.98 20.97 ± 0.90
0.9343 ± 0.0137 0.8444 ± 0.0323 0.7736 ± 0.0428

SRCNN 27.99 ± 1.21 23.99 ± 1.18 22.07 ± 1.01
0.9445 ± 0.0128 0.8693 ± 0.0313 0.7990 ± 0.0438

VDSR 29.53 ± 1.20 25.97 ± 1.36 24.09 ± 1.38
0.9556 ± 0.0108 0.9012 ± 0.0267 0.8501 ± 0.0398

ERRN 31.18 ± 1.23 27.04 ± 1.43 26.12 ± 1.29
0.9657 ± 0.0091 0.9192 ± 0.0239 0.8904 ± 0.0308
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SRCNN, the deep networks of VDSR and ERRN achieve better per-
formances, but our proposed ERRN obtains the best PSNR and
MSSIM values. Especially as the downsampling scale growing, the
low resolution image becomes so severely corrupted that the con-
ventional methods and SRCNN fail to restore an effective recon-
struction. In contrast, ERRN is always able to generate an
excellent restoration both perceptually and quantitatively. In par-
ticular, tissue structures in the ERRN results are closest to the ref-
erence, e.g. the boundaries between gray matter, white matter and
cerebrospinal fluid, the contours of cerebral gyri and blood vessels.
The cortex gyrus noted by the red arrow is well recovered in our
network results, whereas remains blurred in other methods.
Table 4 lists the mean values of PSNR and MSSIM in real-valued
brain testing data. The PSNR at scale 4 � 4 increases from
20.97 dB in ScSR to 26.12 dB in ERRN, while MSSIM rises from
0.77 to 0.89. Compared to VDSR, ERRN gains an increase of 1 dB-
2 dB in PSNR and 0.01–0.04 in MSSIM at scales of 2 � 2 to 4 � 4.
Although VDSR also exploits the residual learning in a feed forward
architecture, ERRN surpasses it by a noticeable margin due to the
error-correction and feature guidance modules.

6. Discussion

Theoretical works have already justified the relationship
between convolutional networks and conventional method
[13,17,33,55], which provide solid support for CNN-based method
development. In this work, we focus on how to build a powerful
network that enables outstanding performance in undersampled
MRI reconstructions especially for aggressive undersampling rates.
Thus, a deep network named as ERRN is proposed and demon-
strated in CS-MRI and SR-MRI applications with various data and
datasets. Constituted by three subnets, ERRN framework has a flex-
ible architecture to incorporate functional modules. The network
input is firstly preprocessed in the embedding net, and then signals
flow to the inference net which learns residual information with a
group of recursive residual blocks. The theoretical basis of recur-
sive residual network for image reconstruction is elaborated in
supplementary material. Attributing to recursive learning,
parameter-shared residual blocks can boost network performance
through enlarging the receptive field without adding new parame-
ters. Besides, dense connections are introduced to the inference net
to strengthen information flow. Compared to concatenating feature
maps at each node, the scalar weights learned in network training
are used to improve the dense connections in ERRN to prevent
parameters explosion.

To fully exploit the image morphology, we developed a high-
frequency feature guidance based on a priori extracted from label
data with four directional filters. The feature guidance module is
added into the reconstruction net and utilized to predict the under-
lying anatomy, playing a complementary role to the residual learn-
ing. As demonstrated in Figs. 2 and 5, ERRN benefits from this
functional module with improved structure sharpness, even if
the undersampled image severely suffers from various artifacts
and blurring. For example, DC-CNN also employs residual blocks
and data consistency in the network, but compared to DC-CNN,
ERRN has significant improvements on MSSIM and image visual-
ization thanks to the feature guidance. Here, the directional filters
were created to detect structural features along different orienta-
tions, whereas there could be other options according to image
characteristics. Overall, the feature guidance can effectively con-
strain the reconstructed image in the solution space and strive to
reflect accurate tissue structures.

Inspired by data fidelity term used in optimization-based meth-
ods, we enhance our network with an application-specific error-
correction unit, which is inserted into the embedding and recon-
struction nets. The error-correction unit can correct the intermedi-
ate prediction of each residual block RBi by retaining the useful
information in undersampled data, and its effect has been vali-
dated to be significant for ERRN performance. In CS-MRI applica-
tion, we implemented the data consistency operation as
expressed in Eq. (5), which executes a linear fitting between the
network predictions and original measurements in k-space, with
the weighting parameter k learned from training. Supposing an
infinite weight for k, the reconstruction result is equal to the orig-
inal measurement for the acquired index, while the unacquired
one is determined by ERRN network. Combined with dense con-
nections and error-correction unit, the prediction of each recursive
residual block in ERRN is somewhat analogous to the conventional
iteration in optimization-based methods, but is more advanced
and powerful. More insights can be seen in [20].

CS-MRI and SR-MRI are ill-posed inverse problems which need
to reconstruct high quality images from low quality measurements.
CNN-based approaches can solve these inverse problems by learn-
ing an end-to-end mapping from low quality observations to high
quality label dataset [17,42]. For optimization-based reconstruc-
tions, the data fidelity term in mathematical models may have dif-
ferent forms according to the specific sampling strategy, whereas
regularization constraints are often based on similar techniques,
e.g. total variation, sparse a priori, neighbor embedding, etc. Hence,
if we make some adjustments to the data fidelity module, ERRN
framework is able to be adapted for both CS-MRI and SR-MRI appli-
cations. In this case, an adaptive error-correction unit is created to
introduce physically meaningful data fidelity operations, i.e. data
consistency for CS-MRI and back projection for SR-MRI as shown
in Figs. 3 and 4, respectively. Meanwhile, the network input also
depends on the specific application. Overall, a flexible architecture
enables the network a good potential for application extension.

Considering that the raw data acquired in MRI is normally
complex-valued whereas real-valued magnitude images are widely
used in research and clinical applications, ERRN was evaluated on
real- valued brain data and complex-valued knee data, i.e. two
organs with different structural complexity. Our experiments
focused on the CS-MRI reconstruction at sample rates 10% and
20%, because those are hard to deal with using optimization-based
methods. In views of various undersampling schemes, we used
radial and random patterns in our CS-MRI experiments, for they
are appropriate to conduct aggressive undersampling rates. In addi-
tion, CS-MRI results on sampling rate 30% and most of SR-MRI
related contents are provided in supplementary material. For
complex-valued data, ERRN network processes the real and imagi-
nary components in two separate channels both using real-valued
convolutional kernels. However, the work in [56] developed a com-
plex fully convolutional neural network for MR image reconstruc-
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tion by introducing complex convolution and demonstrated its
improved perceptual quality and recovery of anatomical structures
in contrast to its real-valued counterparts. We think the complex
convolutional kernels would be helpful when the data to be solved
is complex-valued, and thus we would like to have some attempts
on it in future.

Normally, when training data are not sufficient or lack of fully-
sampled reference for the task, the supervised learning paradigm
may break down to train a reliable model. Moreover, the model
trained using a certain dataset often lacks the ability to generalize
to other conditions. Although transfer learning can leverage the
existing network parameters and then fine tunes them using a
small specific dataset, improving network generalization capability
offers another solution. To assess the ERRN performance in gener-
alization, we applied the network trained by healthy real-valued
brain dataset to reconstruct pathological brain images directly,
without any transfer learning. Furthermore, we also acquired one
case of prospectively Cartesian undersampled imaging of in vivo
rat brain and then implemented its reconstruction by ERRN net-
work trained from human knee dataset, as shown in Fig. S9. These
two experimental results demonstrated that our ERRN network
can effectively reduce the overfitting problem and generalize well
because of the functional modules and fewer parameters.

In this work, we have proved that more control on the ‘‘black
box” operation of deep learning is meaningful to design an effec-
tive application-specific network to avoid overfitting and achieve
superior performance. However, there are usually certain balances
between the network depth and its performance, as well as net-
work overfitting and its parameters number, in framework devel-
opment. If we arrange more residual blocks in ERRN without
recursive learning, the reconstruction may be better, whereas the
number of network parameters will increase and the generaliza-
tion capability will decrease. When determining the optimal num-
ber of residual blocks, we can see in Fig. 5 that ERRN (RB10) indeed
boosts the reconstruction compared to ERRN (RB5), whereas ERRN
(RB15) performs worse than ERRN (RB10). It reveals that the cur-
rent usage of recursive residual blocks has limit in training a dee-
per network. To address this issue, we have explored to arrange
recursive residual blocks into the cascade style as [12] and [21],
but that might lead to the sacrifice of generalization and beyond
the scope of this paper.

Our experimental results show that the proposed ERRN can
achieve promising results for 2D image reconstruction using 2D
convolutional kernels. However, some MRI data acquired using
3D imaging sequence have to be processed with 3D convolutional
network, e.g. quantitative susceptibility mapping. Although trans-
lating a 2D network into a 3D model has challenges in computa-
tional complexity, memory allocation and convergence stability,
etc., it has already been well developed and widely applied
[31,57,58]. Considering that parallel imaging becomes a standard
feature on most MRI scanners, high quality reconstruction of
undersampled multi-channel MR data is one of research interests
in MRI deep learning. In the first step, coil sensitivity maps are
required to be precomputed. The measured raw data of each chan-
nel, coil sensitivity maps, and zero-filling initializations should all
be fed into the network as in [20]. Therefore, the realistic size of
network input becomes much larger inevitably. In this case, an
easy way is to add a concatenation layer in the embedding net of
ERRN, while the feature guidance module and error-correction unit
are updated with the coil-sensitivity weighted data.

7. Conclusion

Motivated by the outstanding performance of deep learning, we
propose a network ERRN for undersampled MR image reconstruc-
tion. The ERRN is based on a recursive residual network and
enhanced by a set of user-designed functional modules, i.e. feature
guidance, error-correction unit and improved dense connections.
Experimental results demonstrated that ERRN can achieve excel-
lent performances in both CS-MRI and SR-MRI applications, with
highest PSNR and MSSIM scores and distinctly restored anatomical
structures compared to conventional optimization-based methods
and other convolutional neural networks. Using both retrospec-
tively and prospectively undersampled data with various sampling
schemes, we also demonstrated the good performance of ERRN on
reducing the overfitting problem in generalization, e.g. preserva-
tion of unique pathologies that are not included in the training
dataset.
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