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Abstract
Deep learning (DL) models are highly research-oriented field in image compressive sensing in the recent studies. In compres-
sive sensing theory, a signal is efficiently reconstructed from very small and limited number of measurements. Block-based 
compressive sensing is most promising and lenient compressive sensing (CS) approach mostly used to process large-sized 
videos and images: exploit low computational complexity and requires less memory. In block-based compressive sensing, 
a number of deep models are needed to train with each corresponding to different sampling rate. Compressive sensing per-
formance is highly degraded through allocating low sampling rates to various blocks within same image or video frames. 
In this work, we proposed multi-rate method using deep neural networks for block-based compressive sensing of magnetic 
resonance images with performance that greatly outperforms existing state-of-the-art methods. The proposed approach is 
capable in smart allocation of exclusive sampling rate for each block within image, based on the image information and 
removing blocking artifacts in reconstructed MRI images. Each image block is separately sampled and reconstructed with 
different sampling rate and reassembled into a single image based on inter-correlation between blocks, to remove blocking 
artifacts. The proposed method surpasses the current state-of-the-arts in terms of reconstruction speed, reconstruction error, 
low computational complexity, and certain evaluation metrics such as peak signal-to-noise ratio (PSNR), structural similarity 
(SSIM), feature similarity (FSIM), and relative l2-norm error (RLNE).

Keywords Compressive sensing · Block-based compressive sensing · Medical resonance imaging · Deep learning models · 
Image reconstruction

Introduction

Medical imaging plays a key role in diagnosis process and 
considered a most research-oriented field in clinical set-up. 
Medical resonance imaging is an important imaging modal-
ity offers better resolution with clear contrast to reveal the 
inside anatomy. Magnetic resonance imaging has been 
applied for the diagnosis of many diseases and considered 
non-invasive, having higher soft-tissue contrast. However, 

MRI is slow imaging modality and due to other limita-
tions of scanning system and Nyquist sampling formula, 
MRI scanners take long time in acquiring k-space data and 
diagnosing diseases [1]. Due to lengthy scanning time, the 
patient heart beat and respiratory functions can cause streak-
ing artifacts which often leads to degrade the image quality 
and misdiagnosis. In recent studies, the main aim is to accel-
erate the sampling speed and eliminating the artifacts. Under 
sampling data in k-space are a possible way to accelerate 
the acquisition process; however, under-sampling process 
in k-space violates the Nyquist–Shannon formula which in 
result generates aliasing artifacts in the resultant image. The 
main challenge associated with the above discussed limita-
tion is to find out an appropriate algorithm that is able to 
reconstruct fully uncorrupted image considering the under-
sampling regime and prior information of image.

Compressive sensing (CS) is one of the hottest and 
emerging areas in medical image processing especially in 
MRI. Compressive sensing is mathematical tools that focus 
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on the reconstruction of image or signal from very fewer 
number of data points and able to recover original signal 
with sampling rate lower than Nyquist rate [2]. Optimiza-
tion techniques are used to reconstruct signal from its linear 
domains. Compressive sensing has extensive application in 
magnetic resonance imaging [3], sensor networks [4], radar 
imaging system [5], and camera positioning system [6]. 
Deep learning-based compressive sensing techniques have 
shown an enhanced performance and reduced computational 
complexity [7]. Compressive sensing using block-based 
idea is a lightweight method, efficiently deal with medical 
images having high resolution and high dimension. In block-
based compressive sensing, an image is divided into mul-
tiple patches for the efficient processing which minimizes 
the computational complexity. The reconstruction method 
uses the prior information to enhance the overall features 
and streak of recovered image. The improved performance 
of deep model is based on the allocation of the sampling 
rate for each block and removing the blocking artifacts [8] 
from the whole model. Correlation between blocks is used 
to reconstruct a single model from images blocks with dif-
ferent sampling rate. A block-based CS approach is used to 
remove the blocking artifact phenomena after reassembling 
the reconstructed blocks into full image. An image is parti-
tioned into many small patches in block-based compressive 
sensing; these patches are then sampled and each patch is 
reconstructed separately. Usually, an image is not fully con-
sisting of meaningful information, so block-based division of 
the whole image is more beneficial for utilizing the sensing 
resources. The advantages of the block-based compressive 
sensing [9] over the existing techniques are:

Low cost sampling.
Lightweight reconstruction.
Ability to assign sensing resources in more adaptive man-
ner.

Deep learning models have been very successful at han-
dling many real-time problems in the recent literature. Con-
volutional neural network (CNN) efficiently and effectively 
solves problems and existing limitation in image classifica-
tion task [10], human detection [11], and image segmen-
tation [12]. Recently, deep learning architectures replace 
conventional and traditional approaches and capable of 
extracting many useful features from images and videos 
to construct abstract demonstration. CNNs have shown an 
enhanced performance in both reconstruction and computa-
tional speed [13] in super-resolution problems than sparsity-
based techniques [14].

Several deep learning-based compressive sensing meth-
ods [15–19] have been proposed in the literature which has 
performed significantly faster and more accurate in recon-
struction than traditional CS reconstruction algorithm. Fully 

connected layer in deep neural networks imitates the com-
pressive sensing sampling, and thus, deep models have the 
ability to mutually reform the sampling matrix and CS pro-
cess, eventually improve the reconstruction quality of over-
all recovered image. Machine learning and deep learning-
based compressive sensing models are designed in such a 
way to enhance the learning abilities of the whole system to 
improve the reconstruction parameters; however, blocking 
artifacts still exist in several deep neural networks [16, 18, 
19], especially when the model is trained with various low 
sampling rates. Ignoring structural intuition of CS algorithm 
and training deep neural network as black box often lead 
to achieve reduce reconstruction accuracy. In the literature, 
there has been only introductory work done on DL-based 
compressive sensing, the employment of DL in compressive 
sensing yet need to fully explore. Our current approach is 
needed to address the above-mentioned problems of real-
time MRI. Furthermore, it takes advantage of deep net-
works’ speed and learning capabilities while maintaining 
the benefits of previous algorithms, thus accelerating the 
real-time MRI scanner speed and eliminating the blocking 
artifacts.

In this work, a multi-rate method using deep neural net-
works is proposed for block-based compressive sensing of 
MR images. Proposed algorithm works on the phenomena 
of famous BCS algorithm while maintaining the computa-
tional speed and features learning abilities of deep neural 
network models. To smooth the progress of proposed depic-
tion and eliminate the existing limitation of storage space, 
we utilized multi-rate architecture to knob block-based allot-
ment of sensing network. Residual learning is exploited to 
design a more robust and in-depth deep reconstruction net-
work. Residual learning offers variety of advantage over the 
previous work in terms of improved image reconstruction 
and training deep reconstruction model in much faster way. 
Recovered MR image patches with different sampling rates 
are given as in input to deep reconstruction network. In addi-
tion, we explored the wide application of loss function by 
adding image prior in the proposed model to further increase 
the reconstruction quality of recovered MRI images.

Following points summarized the contributions of our 
proposed work:

1. A multi-rate approach using deep neural network archi-
tecture for block-based compressive sensing MRI is 
proposed. Block-based compressive sensing of MRI 
images with different sampling rates is fully explored in 
the multi-rate deep architecture.

2. Robust and in-depth deep reconstruction network is 
designed to learn more multifaceted features to further 
improve the MRI reconstruction characteristic. Deep 
blocks and transition layers are two significant and 
elementary units of deep reconstruction network. Deep 
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block comprise modified GoogleNet architecture which 
contain convolutional layers and inception modules. Our 
proposed deep reconstruction model is composed of 3 
transition layers and each layer consists of 4 convolu-
tional layers.

3. Extensive experimental work is carried out on publicly 
available datasets. Experimental results validate that the 
proposed multi-rate approach based on deep neural net-
work outperforms the state-of-the-arts on several evalu-
ation metrics.

Related work

In this section, general compressive sensing theory, block-
based compressive sensing, and deep neural networks in CS-
MRI are discussed.

Compressive sensing theory

There are two necessary steps involve in compressive sens-
ing process (a) sampling process (2) reconstruction process. 
Let x represent a sparse signal and � represent a sensing 
matrix which have order m × n , and then, the sampling pro-
cess can be represented by a y = �x measurement vector 
which is the aim of compressive sensing to reconstruct the 
signal from its sparse measurements. R = M∕N denotes the 
sampling rate, and if R is much less than 1 , then the fully 
reconstruction of signal x is not conceivable. Keeping in 
mind compressive sensing ideas and theory [20], fully 
reconstruction of a signal is only possible if it is sparse in 
some linear transform domain. Suppose a signal x is not 
fully sparse but compressible, a sampling process is repre-
sented by y = �x = �.�� in which � represent the sparse 
transform and � shows the coefficient vector. The reconstruc-
tion procedure of signal x is more complex compare to sam-
pling process as it involves solving l1 − norm optimization 
problem which can be given by

Signal x can be fully recovered by solving the optimiza-
tion problem in (1). A large number of reconstruction meth-
ods have been introduced in the literature; however, these 
methods have certain limitation as it involves long recon-
struction time [21] and higher computational complexity 
[22, 23].

(1)

min ||�||1
subject to ||y − ��||2

2

� = �� .

Block‑based compressive sensing

Block-based CS is an effective method for processing MRI 
images due to the higher resolution of MRI which ultimately 
requires more scanning time and high storage space [24]. 
The whole MRI is partitioned into smaller non-intersecting 
blocks. Each small block is represented by a measurement 
matrix. Block-by-block approach is used in sampling and 
reconstruction process [7]. This approach efficiently mini-
mizes the computational complexity in compressive sensing 
process by employing simplified sampling rates. Figure 1 
shows the block-by-block partitioning of MRI images. It 
can be observed in Fig. 1 that the valuable information is 
not uniformly distributed in all blocks. Various sampling 
rates are allocated to each block depending on the degree 
of information to lessen the overall sampling rate. Lower 
sampling rate can be assigned to block 7 in Knee MRI in 
Fig. 1 compared to other blocks.

Reasonable sampling rate and sensing resources should 
be assigned to each block, rather than assigning equally to all 
blocks. Following block-based partitioning approach com-
paratively breaks the inter-correlation of whole image, thus 
full image recovered as a result of block-based compres-
sive sensing is relatively of low quality. The work done in 
[9] used the BCS iterative approach to remove the blocking 
artifacts. A development to the BCS approach was presented 
by [25] using Dual-tree discrete wavelet transform offering 
better reconstruction performance. In [26], author proposed 
a multi-scale approach which improves the performance of 
[25] by applying block-based sensing and reconstruction in 
multiple stages.

Fig. 1  Partitioning of two MRI images for the allocation of sampling 
resources
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Deep neural networks in compressive sensing‑MRI

Machine learning and neural networks ideas and techniques 
were investigated in the domain of MRI reconstruction 
from very long ago. Recent improvement and development 
in the hardware and software have allowed to trained net-
work models including deep neural networks, which laid 
a foundation for DL-based compressive sensing magnetic 
resonance imaging. Different DL networks have been inves-
tigated for CS-MRI but most of the methods using private 
available datasets. There are four main categories of deep 
neural network-based compressive sensing MRI [27]: (a) 
image domain learning, (b) transform domain learning, (c) 
k-space learning, and (d) hybrid learning. Jin et al. [28] pre-
sented a deep learning network to solve ill-imposed inverse 
problems. In the proposed approach, filtered back projec-
tions reconstruction is used for training and then CNN with 
residual learning is utilized for effective results. Lee et al. 
[29] come up with a DL-based model to recover MRI from 
sparsely sampled k-space data. Proposed deep model is 
also used to explore the aliasing artifacts in MRI images 
generated as a result of CS process. Schlemper et al. [30] 
proposed cascaded deep CNNs for the recovering 2-dimen-
tional cardiac MRI images from under-sampled k-space data. 
The deep cascaded approach is simply used to accelerate 
and speed up the data acquisition process and particularly 
explore the case when data are attained, utilizing aggres-
sive Cartesian under-sampling. Experimental results vali-
date the effectiveness of the proposed approach in terms of 
reconstruction accuracy and preserving anatomical structure 
of recovered MRI images. Zeng et al. [31] proposed deep 
dense connected network for the compressive sensing MRI. 
Dense connections were used to build relation between the 
sub-networks of the proposed model so that to fully know 
the former network prediction, which effectively enhanced 
the reconstruction performance.

Zhang et al. [32] proposed generative adversarial network 
(GAN) based on multi-channel deep approach for the recon-
struction of MRI images in k-space to remove the aliasing 
artifacts. The specialty of using multi-channel GAN is it 
has ability of parallel matching of data acquisition system 
with MRI scanner. Kim et al. [33] presented an iterative 
method based on recurrent neural network for the recon-
struction of MRI images in k-space. The developed method 

was validated and tested on under-sampled brain dataset. 
Zhu et al. [34] developed a unified architecture based on 
automated transform by manifold approximation for the 
image reconstruction. The proposed approach considers 
recovering of images as a supervised learning task which 
allow mapping between k-space and image domain. Auto-
mated transform by manifold approximation along with deep 
learning model is evaluated on different medical resonance 
imaging to exhibit its reconstruction flexibility at different 
time acquisition. However, the proposed model cannot be 
trained on image dimension greater than 128 × 128 due to 
its hardware limitation.

Schlemper et al. [35] presented a novel decomposed auto-
mated transform by manifold approximation approach which 
reduced the complexity by decomposing two-dimensional 
transform into two one-dimensional, nearly making the 
model linear. The proposed d-AUTOMAP outperforms the 
work done in [34] in terms of reconstruction accuracy and 
reduced complexity. Souza et al. [36] presented a hybrid 
framework W-net which efficiently works in both k-space 
and image domain. The proposed W-net composed mainly of 
residual U-net in frequency domain, an iFFT operation, and 
real-valued U-net in image domain. The obtained experi-
mental results validated that the proposed hybrid model 
potentially enhances the compressive sensing reconstruc-
tion compared to other deep learning models working in 
k-space or image domain. Eo et al. [37] developed KIKI-net 
based on cross domain CNNs that is used for reconstruc-
tion of MRI images. A cascaded CNN approach was used 
followed by data consistency layer. First deep CNN (K-net) 
was used to operate on k-space data followed by second deep 
CNN working on image domain (I-net). Experimental results 
validate the advantage of K-net and I-net compare to single 
domain CNN.

Multi‑rate deep framework

In this work, a multi-rate approach using deep neural net-
work architecture for block-based compressive sensing 
MRI is proposed. Block-based compressive sensing of 
MRI images with different sampling rates is fully explored 
in the multi-rate deep architecture. The proposed architec-
tures composed of three tasks: (a) multi-rate network for 

Fig. 2  Framework of the proposed architecture
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sampling process; (b) network for initial reconstruction; (c) 
a deep reconstruction network. These three sub-networks are 
integrated end-to-end and jointly optimized in the training 
process. Figure 2 shows the framework illustration of our 
developed model.

Multi‑rate sampling network

The main focus associated with multi-rate sampling net-
work is the smoothing of MRI images and obtaining under-
sampling measurements. Smoothing of MRI images is done 
through utilizing Gaussian filters and difference of Gaussian 
between different layers is also calculated. Gaussian filters 
in multi-rate network are implemented with different con-
volutional kernels. The highest value of Gaussian difference 
between two adjacent layers gives better smoothing of MRI 
images.

A k-channel network is proposed to imitate the sampling 
process in the block-based compressive sensing MRI. The 
proposed model has k-channel; each channel corresponds to 
a unique sampling rate specifically assigned to a particular 
image block. Higher the value of k, higher the blocks in 
image and it indicates a more detail partition of image. X 
is an input image which is divided into K non-overlapping 
image block each of size B × B × k, and in the next step, each 
image block is convolved with nf  number of filters having 
size B × B × k. Suppose each block is represented by a vector 
x having size of kB2 and filtering each single image block 
with Φf  to find compressed vector y having size nf where 
nf =

M

N
kB2. Taking image X in Fig. 3 is an example, set-

ting the value of K to 9, Using the CS theory, the sampling 

matrix for image xi will be equal to yi = ΦB,j ⋅ xi where ΦB,j 
represent the measurement matrix of image block xi and yi is 
the corresponding measurement. In this sampling network, 
every channel has its own unique sampling rate; therefore, 
there is a combination of k sampling rates. Therefore, the 
main purpose of sampling network is to attain under-sam-
pled data in compressive sensing and nf filter size can also 
be explored in the training process of whole network. For 
jth channel, convolutional layer is used to imitate the sam-
pling process. The size of convolution kernel is based on the 
sampling rate and the size of total number of image blocks. 
K-channel corresponds to k sampling rates in the sampling 
network and it is also possible that k may be less than K 
which represents the total number of blocks in an image. If 
the whole image is not fully divided into block, it may need 
many parameters to store the weights and the network can 
be easily vulnerable to over-fitting problem, therefore most 
of the work in the literature, using block-by-block strategy 
to reconstruct the image. In our experiments, we set B = 32 
as done in many BCS algorithm [38–41] and k = 5. For sam-
pling rate of 0.5, there will be 512 filters in this layer and the 
same is calculated for other sampling rates. Figure 3 depicts 
the proposed framework of the sampling network.

Initial reconstruction network

An initial reconstruction network is designed to attain origi-
nal magnetic resonance images from compressed measure-
ments. Given we have compressed block y, the original MRI 
image x can be obtained by taking the inverse transform of 
y . The initial stage is divided into k number of inputs, in 
which each input refers to a channel, where every block is 
then convolved with a kernel. Initial reconstruction network 
utilizes one convolutional layer with kernel size of 3 × 3 . 
Given we have compressed block y, the original MRI image 
x can be obtained by taking the inverse of transform of  
y = ΦB,jx  that is x̂ = Φ𝜄

B,j
y ⋅ x̂ is the initial reconstruction of 

x. Figure 4 shows the initial reconstruction network.

Deep reconstruction network

There are two processes in the proposed deep reconstruc-
tion network: (a) deep blocks and (b) transition layers which 
can be seen in Fig. 5. Image reconstruction performance 
is enhanced through employing GoogleNet [42], first intro-
duced by Szegedy et al. in 2014, in the deep reconstruction 
network. The GoogleNet architecture incorporates the con-
cept of multiple-size filters that can run on the same tier. The 
network becomes larger rather than deeper as a result of this 
concept. GoogleNet architecture which contain two convo-
lutional layers, four max-pooling layer, a fully connect layer, 
and nine inception modules. We use a GoogLeNet-based 

Fig. 3  Framework of the proposed k-channel sampling network, the 
blocks with various sampling  rates are fed into the network through 
their specific channels in a k-channel sampling network
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technique [43] to eliminate artifacts from sparse MRI recon-
structions. GoogleNet is a deep CNN framework that pro-
duces state-of-the-art classification and detection results. 
The inception modules, which include multi-scale convolu-
tional kernels, have a key role in GoogleNet. With various 
filter sizes, the existing incarnations of the inception archi-
tecture are limited. One of the most precise architectures 
is GoogleNet. Our proposed deep reconstruction model is 
composed of 3 transition layers and each layer consists of 4 
convolutional layers.

The deep reconstruction network can be expressed by 
(
X̂
)
 , 

and final result can be shown as

(2)X̂ = A(x̂),

where A(x̂) represent the operation of deep blocks and transi-
tion layer.

Deep block using the idea of GoogleNet that is, the input 
of each layer is the feature map and the feature maps of each 
layer is also the input of all subsequent layers. Figure 6 illus-
trates the modified GoogleNet architecture utilized in this 
work. Information flow is further improved by the direct con-
nection of all layers of deep blocks. For l th layer, we can get

xl represent the feature map of l th layer, x1, x2, x3,… , xl−1 
represent the concatenation of layer 1, 2, 3…and l − 1 and 
Nl(.) is the operator of l − th which represent batch nor-
malization (BN)-rectified linear unit (ReLU)-convolution. 
Several convolutional layers are connected together in the 
transition layer. The main focus of the transition layer is to 
facilitate the whole reconstruction process by altering the 
features map of each deep block. Each phase in the transi-
tion layer corresponds to iteration process which consists of 
approximation and denoising operations. Our proposed deep 
reconstruction model composed of 3 transition layers and 
each layer consist of 4 convolutional layers which efficiently 
eliminate the blocking artifact and improve the denoising 
process. ReLU is selected as activation function for all con-
volutional layers except the last layer. In our research, we 
choose ReLU as an activation function, because it is simple 
to compute, does not saturate, and does not cause the Van-
ishing Gradient Problem. Overall 12 convolutional layers 
contribute in the transition block to make possible elimina-
tion of blocking artifacts. d feature maps are generated after 
the first layer with d kernels of size f × f × 1 and 1 feature 
map is generated with kernel size f × f × d . The other two 
layers also use kernel of size f × f × d . In our experiments, 
we set  d and f  as 64 and 3, respectively. Figure 7 shows the 
detail illustration of the transition layers in the deep recon-
struction network. Let  X̂ be the output reconstructed image 
of deep reconstruction network, and zdeept  be the parameter 
of transition layers, then  X̂ can be shown by

where xl represent the approximated image in the first deep 
block of deep reconstruction layer.

Performance evaluation

Training of the proposed model

We explore two-phase training of the proposed model, in the 
first phase, the training of sampling matrix ΦB,j is done, 

(3)xl = Nl

([
x1, x2, x3,… , xl−1

])
;

(4)X̂ = deep

(
xl,

{
z
deep
t

}T

t=1

)
,

Fig. 4  Initial reconstruction network

Fig. 5  Deep reconstruction network
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while in the second phase, deep reconstruction network uti-
lized  Φ�

B,j
 to smoothly and efficiently improve the recon-

struction performance. Convolutional kernels in the sam-
pling network are used to obtain the values of  ΦB,j and Φ�

B,j
 . 

It can be observed and has been experimentally verified that 
participation of both ΦB,j and Φ�

B,j
 in the training process 

does not achieve the preferred reconstructed MRI image, 
because ΦB,j needs real-time update in each backpropagation 
of the training process.

In the first phase, we combine sampling network and ini-
tial reconstruction network to facilitate the training process 
of sampling matrix ΦB,j . The loss function can be repre-
sented by

n is the number of training samples, xi represents the ith  
training sample, and P represents the filtering for reconstruc-
tion process in the initial reconstruction phase.

(5)L1 =
1

n

n∑

i=1

‖‖‖z
init
t

(
z
samp
t (xi − P

(
ΦB,jxi

))‖‖‖
2

2
,

Fig. 6  Modified GoogleNet architecture

Fig.7  Detail illustration of transition layers
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In the second phase, the initial reconstruction network is 
combined together with deep reconstruction network to take 
part in the training process that can be represented by 
z
deep
t

(
zinit
t
(.).

)
 . However, the parameters and weights in Φ�

B,j
 

can always be updated which come from ΦB,j . The loss func-
tion in the second phase of training process aims to mini-
mize error between the input and output reconstructed 
images instead of using individual image blocks

n represents the total number of training samples and xi rep-
resents the i − th training sample. The proposed network is 
trained more accurately to reconstruct MRI images using the 
two loss functions.

We aimed to find k optimal sampling matrices {ΦB,j}
k
j=1

 
and their pseudo-inverse matrices {Φ�

B,j
}k
j=1

 that correspond 
to them. In the training phase, initial weights for sampling 
matrices are initialized {ΦB,j}

k
j=1

 , a new weight for sampling 
matrices are updated after each iteration of training, and the 
corresponding difference between new and prior weights are 
calculated in each iteration step and updated for next itera-
tion. The main aim is to achieve minimum error between the 
reconstructed sample and original sample.

(6)L2 =
1

n

n∑

i=1

|||
|||z

deep
t

(
zinit
t

(
xi − A

(
P
(
ΦB,jxi

))))|||
|||
2

2
,

blocks having size of 32 × 32 that lead to 51,075 blocks in 
training dataset.

In the proposed work, k has been set to 5 in the k-chan-
nel sampling network with sampling rates of {0.02, 0.06, 
0.1, 0.3, and 0.5}. Then, there are nf =

M

N
kB2 filters with 

M

N
 = {0.02, 0.06, 0.1, 0.3, and 0.5},k = 5 and B = 32. Most 

apposite channel in the network is found out through pro-
cessing of each image pair. Sub-rate of each block is approx-
imated using the following equation for any given sampling 
rate

where sri represents the sampling rate of each individual 
block, vi is the proportion of saliency information of each 
MRI image, and p and pb symbolize the size of an image and 
its block, respectively. The sampling rates are divided into 
five different intervals and each sampling rate corresponds to 
a specific channel. Training of the model is carried out in 70 
epochs. Since each image must be partitioned into 9 blocks, 
which are then reassembled in initial reconstruction net-
work, the batch size is set to 1. The error for back-gradient 
propagation is measured as the mean square error between 
the original image and the network output. We fully explored 
the Adam optimizer [48] with a learning rate of 10−3 and 

(7)sri = SR ⋅ vi ⋅
p

pb
,

We have adopted the same strategy implemented in [44, 
45]  for partitioning the training set and testing set. The 
amount of data are enough for evaluating the reconstruc-
tion performance of the proposed approach and have not 
experienced over-fitting problem. Furthermore, we have 
also utilized two large-scale MRI dataset MASSIVE [46] 
and MRNet [47] to evaluate and validate the reconstruction 
efficiency of the proposed model. If the whole image is not 
fully divided into block, it may need many parameters to 
store the weights and the network can be easily vulnerable 
to over-fitting problem, therefore most of the work in the 
literature, using block-by-block strategy to reconstruct the 
image. The training set (300 images) and testing set (300 
images) were taken from the fastMRI dataset. 5675 images 
of fastMRI dataset are arbitrarily cropped to 96 × 96 size, 
and at the output, we also obtain size of 96 × 96. In the next 
stage, each of these images is subdivided into nine different 

10−5 as decay value. We train the proposed network with 
TensorFlow 1.4 on a desktop platform with one NVIDIA 
1080Ti GPUs, one Intel(R) Core (TM) i7-4790 K CPU run-
ning at 4.00 GHz, and 16 GB of RAM. For one period, the 
training phase takes approximately 3 h.

Quantitative evaluation criteria

The performance of the proposed CS-MRI model is evalu-
ated based on PSNR, SSIM, FSIM, and RLNE.

1. Peak signal-to-noise ratio (PSNR): The ratio of signal 
maximal power to the maximum noise power of that 
specific signal is known as PSNR. PSNR is determined 
as a function of peak signal power. Decibel is the unit 
of PSNR. Let the original image can be represented by 
f and g represent the distorted image then
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where image’s dimensions are denoted by M and N. P 
represents the pixels of image. A greater PSNR value indi-
cates a good value. For white noise interference, PSNR is 
an outstanding quality indicator.

2. Structural similarity (SSIM):

SSIM compares two images to see how close they are. 
The visual disparity between two identical images is meas-
ured by SSIM. It cannot determine which of the two images 
is superior. Structural similarity can be calculated by

k1 and k2 denote constants, � represents the average value, 
�ij shows covariance, and �i and �j denotes the variance of  i 
and j , respectively.

3. Feature similarity (FSIM)

The FSIM indicator embeds an image using low-level charac-
teristics such as phase congruency (PC) and gradient magnitude 
(GM). PC is a fundamental feature in FSIM, since it provides a 
lot of detail. Contrast data are encoded using GM. The gradient 
magnitude is calculated using the Sobel, Prewitt, or Scharr oper-
ators. Grayscale images or the luminance elements of colored 
images are suitable to be measured based on FSIM.

4. Relative l2-norm error (RLNE)

The difference between the reconstructed image and 
the ground truth is measured by the relative l2-norm error 

PSNR = 20 log10
P2

�
1

XY

∑X

i=0

∑Y

i=0

�
f (i, j) − g(i, j)

�2
,

SSIM(i, j) =

(
2�i�j + k1

)(
2�ij + k2

)

(�2
i
+ �2

j
+ k1)(�

2
i
+ �2

j
+ k2)

;

(RLNE), which is a typical image quality parameter. RLNE 
can be calculated using below expression

where x′ denotes the reconstructed image and x represents 
the ground truth image. Lower the value of RLNE, the lower 
the reconstructed error.

Results and experiments

In the following section, extensive experimental analysis is done 
to evaluate the performance of the proposed block-based com-
pressive sensing model on the fastMRI dataset. Furthermore, we 
also compare our proposed method with several state-of-the-arts 
methods used in the area of MRI image reconstruction.

We used MATLAB 2015a simulation platform with 
3.10 GHz Intel core i5 2400 CPU and 8 GB RAM to perform 
multiple experiments utilizing the proposed trained model 
for the reconstruction of MRI images and also a brief com-
parison is made with the state-of-the-arts.

Two real-valued images, i.e., head MRI and knee MRI, 
were chosen to perform experiments using the proposed 
model. It can be observed that one image is rich in texture, 
while the other image is smooth. Several radial sampling 
schemes have been implemented in the experimental phase 
which proven more feasible and have better performance than 
Cartesian sampling [49]. To evaluate and validate the effec-
tiveness of the multi-rate deep learning approach, a compari-
son is made with SparseMRI [50], ISTA-Net [19], FCSA [51], 
FISTA [52],  DR2-Net [53], and BM3D-MRI [54] in terms of 
PSNR, SSIM, FSIM, and RLNE evaluation metrics.

Quantitative comparison

To provide more quantitative evaluation, the proposed model 
is compared with existing reconstruction methods based 

RLNE =
||x� − x||2
||x||2

,

Table 1  Comparative analysis of different approaches for head and knee MRI in terms of PSNR and SSIM

Images SR SparseMRI ISTA FCSA FISTA DR2-Net BM3D-MRI Our proposed

Head 0.02 16.50/0.5786 18.80/0.5543 15.87/0.4265 17.75/0.4490 25.56/0.7354 26.78/0.6256 32.65/0.8931
0.06 21.13/0.6532 21.98/0.6143 18.98/0.4754 20.63/0.5168 29.82/0.7841 29.09/0.7479 34.37/0.9259
0.1 24.60/0.6975 23.86/0.7576 22.76/0.5765 22.36/0.5832 31.92/0.8318 31.64/0.8145 35.94/0.9787
0.3 28.76/0.8265 27.58/0.8288 24.81/0.6690 25.19/0.7420 33.78/0.8643 33.02/0.8703 37.75/0.9809
0.5 32.89/0.8509 30.01/0.8970 27.17/0.6840 28.98/0.7819 34.32/0.9243 35.80/0.9498 39.71/0.9901

Knee 0.02 17.16/0.4543 18.95/0.5612 17.39/0.6417 18.92/0.4598 23.81/0.7246 27.72/0.6765 31.41/0.9454
0.06 18.97/0.5790 22.34/0.6234 20.85/0.6593 21.79/0.5237 25.09/0.8141 28.81/0.7628 33.86/0.9681
0.1 22.73/0.6576 24.25/0.7609 24.79/0.7146 23.84/0.5932 27.05/0.8560 30.10/0.8727 34.64/0.9708
0.3 25.47/0.7387 28.46/0.8298 28.01/0.7580 26.87/0.6609 29.93/0.8876 33.94/0.9362 37.09/0.9886
0.5 26.86/0.8410 31.87/0.9045 32.58/0.8328 29.16/0.7965 33.17/0.9420 35.40/0.9605 38.69/0.9920
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on PSNR, SSIM, FSIM, and RLNE for the two head and 
knee MRI images under different sampling rates, as given 
in Tables 1, 2 respectively. It can be clearly observed from 
the achieved results in Tables 1, 2 that the proposed model 
attains best reconstruction performance under different sam-
pling rates (SR) for both head and knee MRI image.

Effect of sampling rate

The effect of different sampling rate on the reconstruction 
performance in terms of PSNR, SSIM, FSIM, and RLNE has 
also been explored for various compressive sensing methods. 
It can be observed from Tables 1, 2 that for both head and 
knee MRI images, the PSNR, SSIM, and FSIM obtained by 
our proposed method are higher compared to other recon-
struction methods, while the results obtained by our method 
for RLNE are lower than the other methods. Thus, it can 

be concluded that our method performs far better than the 
existing reconstruction methods.

Visual analysis

Figures  8, 9 show the visual comparisons of head and 
knee MRI images reconstructed using different methods. 
These results obtained at the sampling rate of 0.3. It can 
be observed that head MR image contains rich texture, for 
which the results obtained through SparseMRI, ISTA-Net, 
FCSA, FISTA,  DR2-Net, BM3D-MRI contain streaking arti-
facts, while the reconstruction performance of our proposed 
method is much improved and shows less artifacts with clear 
and sharp edges. Observing the knee MRI which has less 
texture and edges, all methods gives better reconstruction 
performance than that of head MRI. However, it is verified 
from the results in both cases of head and knee MRI that 

Table 2  Comparative analysis 
of different approaches for head 
and knee MRI in terms of FSIM 
and RLNE

Images SR SparseMRI ISTA FCSA FISTA DR2-Net BM3D-MRI Our proposed

Head 0.02 0.53/0.24 0.56/0.22 0.58/0.23 0.57/0.24 0.67/0.20 0.63/0.19 0.79/0.16
0.06 0.55/0.22 0.62/0.21 0.64/0.21 0.60/0.23 0.68/0.19 0.71/0.18 0.84/0.15
0.1 0.59/0.20 0.65/0.20 0.68/0.19 0.64/0.21 0.73/0.18 0.78/0.17 0.87/0.13
0.3 0.62/0.19 0.67/0.19 0.71/0.18 0.67/0.20 0.75/0.17 0.85/0.16 0.89/0.11
0.5 0.68/0.18 0.70/0.18 0.73/0.17 0.68/0.19 0.79/0.16 0.86/0.15 0.91/0.10

Knee 0.02 0.57/0.23 0.57/0.21 0.60/0.22 0.59/0.23 0.68/0.19 0.67/0.18 0.81/0.15
0.06 0.59/0.21 0.63/0.20 0.66/0.20 0.63/0.22 0.70/0.18 0.77/0.17 0.85/0.13
0.1 0.63/0.19 0.67/0.18 0.71/0.19 0.66/0.21 0.76/0.17 0.80/0.16 0.89/0.11
0.3 0.67/0.18 0.71/0.17 0.74/0.18 0.69/0.21 0.78/0.16 0.87/0.14 0.92/0.10
0.5 0.71/0.17 0.73/0.16 0.77/0.17 0.71/0.19 0.80/0.15 0.89/0.13 0.93/0.09

Fig. 8  Reconstruction results of different methods for head MRI: a SparseMRI; b ISTA-Net; c FCSA; d FISTA; e  DR2-Net; f BM3D-MRI g our 
proposed

Fig. 9  Reconstruction results of different methods for knee MRI: a SparseMRI; b ISTA-Net; c FCSA; d FISTA; e  DR2-Net; f BM3D-MRI g our 
proposed
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our proposed method gives more satisfying and enhanced 
performance with apparent contours, sharp edges, and fewer 
artifacts. It can be clearly visualized that error occurs mainly 
in the edges regions.

Computation time

Table 3 shows the average computational time for various 
reconstruction methods concerning different sampling rates 

for head and knee MR images. It can be observed that pro-
posed method takes a long time compared to other meth-
ods. However, for different methods, a very slight and minor 
change in computational time can be observed. The compu-
tational time is directly proportional to the size of image, 
and increasing the size of MR images will lead to increase 
in the computational time.

Table 3  Average computational 
time (seconds) for various 
reconstruction methods 
concerning different sampling 
rates for head and knee MR 
images

Images SR SparseMRI ISTA FCSA FISTA DR2-Net BM3D-MRI Our proposed

Head 0.02 3.16 3.28 4.71 5.27 5.83 4.90 32.04
0.06 3.25 3.32 4.84 5.35 5.91 4.98 39.78
0.1 3.40 3.37 4.89 5.42 5.98 5.12 47.24
0.3 3.43 3.43 4.96 5.47 6.11 5.23 54.98
0.5 3.48 3.50 5.06 5.53 6.23 5.29 61.23

Knee 0.02 3.12 3.26 4.62 5.23 5.64 4.76 28.90
0.06 3.15 3.29 4.68 5.27 5.72 4.84 36.54
0.1 3.19 3.31 4.75 5.33 5.77 4.93 43.19
0.3 3.27 3.38 4.83 5.38 5.86 5.05 50.57
0.5 3.34 3.46 4.91 5.43 5.94 5.14 55.39

Fig.10  Reconstruction perfor-
mance of the proposed method 
for head MRI with different 
ISNR and sampling rates: a 
PSNR vs SNR; b SSIM vs 
SNR; c FSIM vs SNR; d RLNE 
vs SNR
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Impact of noise

The reconstruction accuracy and performance of our devel-
oped model depend on the variation of ISNR (Improvement 
in Signal-to-Noise ratio) and sampling rates. Experimental 
and graphical results in Figs. 10 and 11 show that recon-
struction errors can be reduced by increasing sampling ratio, 
while on the other hand, reconstruction errors increase with 
reducing ISNR. Figures 10 and 11 show the detailed illus-
tration of the reconstruction performance of the developed 
approach with different sampling rates and ISNRs.

Optimization on large‑scale dataset

We perform experiments to compare the developed method 
with reconstruction algorithms on large-scale MRI datasets, 
such as MASSIVE [46] containing 8000 images and MRNet 

[47] containing 1370 images, to validate the robustness of 
the proposed multi-rate approach. These datasets are used 
to train our proposed model and other reconstruction algo-
rithms. At sampling rates of 0.1, 0.3, and 0.5, our proposed 
methodology outperforms ReconNet [55] and ISTA-Net [19] 
as seen in Fig. 12. Our proposed multi-rate approach signifi-
cantly outperforms ReconNet and IST-Net, specifically for 
cases with higher sampling rates. Figure 13 depicts multiple 
test images and the performance of the reconstruction by our 
suggested multi-rate method, ReconNet, and ISTA-Net at 
sampling rate of 0.5. Our multi-rate method simply outper-
forms ReconNet and ISTA-Net on a consistent basis. Images 
with higher reconstruction quality are usually smoother, 
while images with poorer reconstruction quality have richer 
textures. As a result, texture specificity has an effect on the 
construction performance of all these three methods.

Fig. 11  Reconstruction performance of the proposed method for knee MRI with different ISNR and sampling rates: a PSNR vs SNR; b SSIM vs 
SNR; c FSIM vs SNR; d RLNE vs SNR
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Discussion

We examined a multi-rate method for block-based compres-
sive sensing MRI using deep neural network architecture. 
The multi-rate deep architecture thoroughly investigates 
block-based compressive sensing of MRI images with 
various sampling rates. Three functions are included in the 
planned architectures: (a) a multi-rate network for sampling; 
(b) a network for initial reconstruction; and (c) a network for 
deep reconstruction. Smoothing MRI images and collecting 
under-sampling measurements are the two key goals of a 
multi-rate sampling network. Gaussian filters are used to 
smooth MRI images, and the difference in Gaussian between 

different layers is measured. Different convolutional kernels 
are used to enforce Gaussian filters in multi-rate networks. 
Smoothing of MRI images is improved using the maximum 
value of Gaussian difference between two adjacent layers. 
An initial reconstruction network is used to create original 
magnetic resonance images from compressed measurements. 
The first stage is divided into k inputs, each of which cor-
responds to a channel, and each block is then convolved 
with a kernel. The proposed deep reconstruction network 
has two processes: deep blocks and transition layers. Deep 
blocks work on GoogleNet architecture. We use a Goog-
LeNet-based technique to eliminate artifacts from sparse 
MRI reconstructions. GoogleNet is a deep CNN framework 
that produces state-of-the-art classification and detection 
results. The inception modules, which include multi-scale 
convolutional kernels, have a key role in GoogleNet. With 
various filter sizes, the existing incarnations of the inception 
architecture are limited. Our deep reconstruction model con-
sists of three transition layers, each of which contains four 
convolutional layers. Deep block is based on the GoogleNet 
concept, in which each layer’s input is the feature map, and 
each layer’s feature maps are also the input for all subse-
quent layers. Our experimental results show that the multi-
rate approach improves CS-MRI reconstruction. In contrast 
to the state-of-the-art system, which consists of SparseMRI 
[50], ISTA-Net [19], FCSA [51], FISTA [52], DR2-Net 
[53], and BM3D-MRI [54], our proposed approach pro-
duced statistically better results in experiments conducted 
at sampling rates of 0.02, 0.06, 0.1, 0.3, and 0.5. In terms 
of PSNR, SSIM, FSIM, and RLNE, our proposed model 
outperformed the current state-of-the-art for compressive 
sensing MRI. Reconstruction performance of our proposed 
approach is also compared with ReconNet and ISTA-Net on 

Fig. 12  Reconstruction performance of ReconNet, ISTA-Net, and our 
proposed approach at sampling rate of 0.1, 0.3, and 0.5

Fig. 13  a, b reconstruction results of ISTA-Net, ReconNet and our proposed approach on MASSIVE and MRNet dataset at sampling rate of 0.5
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MASSIVE and MRNet dataset. Our multi-rate solution is a 
more flexible model that works over various scales, so these 
observations are not surprising. The output reconstructed 
images are visually consistent with the quantitative findings. 
At low sample rates, the visual variations between the devel-
oped scheme and other reconstruction approaches are more 
noticeable. Multiple channel methods are best suited for the 
reconstruction of these types of data, followed by hybrid 
learning approaches, and finally k-space learning models, 
according to the reconstruction findings.

Conclusion

In this work, we extensively explored the problems of block-
based compressive sensing MRI and presented a multi-rate 
approach based on deep neural network architecture for 
the effective reconstruction of MRI images. The proposed 
model works on the base of popular block-based compres-
sive sensing technique, where block-based approximation 
along with deep reconstruction network is used for enhanc-
ing the reconstruction accuracy. Experimental results 
validate the effectiveness of our proposed model with the 
allocation of sensing resources which attained better recon-
struction result compared to state-of-the-art methods. The 
proposed approach is able to accelerate the MRI scanner 
speed with reduced blocking artifacts and fine reconstruc-
tion performance. The experimental results validate the 
need of the proposed approach for MRI in terms of visual 
effects, reconstruction performance, and low PSNR, SSIM, 
FSIM. The proposed model can be further improved through 
using SSIM as loss function in the training process of deep 
neural network which in turn will explicitly improving the 
visual quality of reconstructed image blocks. The proposed 
model cannot be specifically extended to a large-sized 
image, because the measurement matrix will be large in 
turns, requiring a large volume of memory and increasing 
computing complexity.
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