A Prior Learning Network for Joint Image and
Sensitivity Estimation in Parallel MR Imaging
Nan Meng? , Yan Yang? , Zongben Xu, and Jian Sun(

)

Xi’an Jiaotong University, Xi’an, 710049, China
{mnnedna168,yangyan92}@stu.xjtu.edu.cn, {zbxu,jiansun}@xjtu.edu.cn

Abstract. Parallel imaging is a fast magnetic resonance imaging technique through spatial sensitivity coding using multi-coils. To reconstruct
a high quality MR image from under-sampled k-space data, we propose
a novel deep network, dubbed as Blind-PMRI-Net, to simultaneously
reconstruct the MR image and sensitivity maps in a blind setting for
parallel imaging. The Blind-PMRI-Net is a novel deep architecture inspired by the iterative algorithm optimizing a novel energy model for
joint image and sensitivity estimation based on image and sensitivity priors. The network is designed to be able to automatically learn these two
priors by learning their corresponding proximal operators using convolutional neural networks. Blind-PMRI-Net naturally combines the physical
constraint of parallel imaging and prior learning in a single deep architecture. Experiments on a knee MRI dataset show that our network can
effectively reconstruct MR image with improved accuracy than previous
methods, with fast computational speed. For example, Blind-PMRI-Net
takes 0.72 seconds on GPU to reconstruct 15-channel sensitivity maps
and a complex-valued MR image in size of 320 × 320.
Keywords: Parallel imaging · Prior learning · Deep learning.
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Introduction

Parallel imaging (PI) has been a routine method for accelerating Magnetic Resonance (MR) imaging. It relies on spatial sensitivity differences of multi-coils
to reduce the data acquisition in k-space of multi-channels [3, 8]. Combining
with compressed sensing, parallel imaging can be further accelerated by undersampling in k-space, followed by image reconstruction methods using better image priors [6]. In this paper, we aim to tackle the challenging task for reconstructing high quality MR image from limited samples in k-space of multi-channels.
Sensitivity profiles of multi-coils are important for parallel imaging. The calibration methods require pre-scans or auto-calibration signals (ACS) for calibration to estimate sensitivity maps in image domain [8, 11] or interpolation kernels
in k-space [3, 7]. The inaccuracy of estimated sensitivity may deteriorate the
quality of reconstructed MR image by introducing artifacts. The calibration-less
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methods do not require an external calibration process. They may treat PI as
a blind image reconstruction task that simultaneously estimates the MR image
and sensitivity, or directly reconstructs multi-channel images using an iterative
algorithm optimizing a model regularized by the MR image sparse prior [13],
sensitivity prior [10], or the correlation of multi-channel images [2, 12]. Although
these methods can improve the performance of PI reconstruction, they suffer
from high computational complexity. It is also challenging to choose optimal
priors of MR image and sensitivity, or determine the optimal hyper-parameters
in models and algorithms.
Deep learning has been successfully applied to parallel imaging. A multi-layer
perceptron [5] and a multi-channel generative adversarial network [14] were proposed to learn a mapping from k-space data to aliasing-free multi-channel images. Schlemper et al. [9] further introduced the data consistency into the design
of deep network. These methods are computationally fast and achieved promising results for PI. However, since they can not estimate sensitivity maps, they
often synthesize a real-valued MR image by SOS (square root of the sum of
squares) on the reconstructed multi-channel images, which may not be consistent with the physical mechanism of parallel imaging and lose phase information.
Methods in [1, 4] learn a de-aliasing network or a Fields of Experts (FOE) model
by unrolling a (conjugate) gradient descent procedure for a variational reconstruction model. The sensitivity maps embedded in the networks are estimated
by a calibration step, e.g., SENSE, ESPIRiT [8, 11].
In this work, we propose a novel deep architecture that can simultaneously reconstruct a complex-valued MR image and sensitivity maps from under-sampled
multi-channel k-space data. It naturally integrates the parallel imaging model
and learning of priors of MR image and sensitivity maps into a single deep
network. Specifically, we first formulate the blind reconstruction problem as an
energy model with imaging model as data term, regularized by image and sensitivity priors. Then we design an iterative algorithm based on half-quadratic
splitting to alternately estimate multi-channel images, sensitivity maps and the
reconstructed MR image. Instead of setting these two priors by hand, we use deep
CNNs to learn their corresponding proximal operators. In this way, by unfolding
the iterative algorithm, we derive a deep architecture, dubbed as Blind-PMRINet shown in Fig. 1, to jointly estimate sensitivity maps and the MR image.
Compared with other deep learning-based PI methods, our approach incorporates prior learning of sensitivity into the network architecture, which allows
the network to not only reconstruct a high-quality complex-valued MR image,
but also estimate sensitivity maps optimized to be consistent with reconstructed
MR image according to the parallel imaging model.
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Method

Assume that we are given sampled k-space data {yl ∈ Cs }L
l=1 of L channels
captured by multi-coils, we aim to estimate both L sensitivity maps S = {Sl ∈
d
Cd } L
l=1 and reconstructed MR image U ∈ C , where d, s denote the number of
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(b) Net architecture of stage 𝒏.

(a) The whole pipeline.

Fig. 1: (a) The architecture of Blind-PMRI-Net. Inputting a set of multi-channel
measurements in k-space, it outputs optimal sensitivity maps and MR image.
(b) Each stage of the net consists of V-block, S-block and U-block.

image pixels and sampled k-space data. Based on the parallel imaging model,
we design the following energy model:
E(V , S, U ) =

ρX
1X
||M FVl − yl ||22 +
||Sl
2
2
l

U − Vl ||22 + β

l

X

R(Sl ) + λP (U ),

l

(1)
where M ∈ Cs×d is sampling matrix in k-space and F ∈ Cd×d is Fourier transform. V = {Vl ∈ Cd }L
l=1 and U denote the images of L channels and the final
MR image to be reconstructed. The first term enforces that the per-channel
image Vl should be consistent with sampled data yl in k-space, and the second
term enforces that Vl is related to MR image U by Sl U = Vl . We regularize
sensitivity maps and MR image by R(·) and P (·) respectively.
2.1

Model Optimization

To estimate the unknown variables, the energy model of Eqn. (1) can be minimized by iteratively updating V , S, U based on half-quadratic splitting (HQS).
The updating formulas at iteration n (n = 1, 2, · · · , N ) are discussed as follows.
Coil image updating: Given S and U at iteration n − 1, coil image Vl of
l-th channel (l ∈ {1, 2, · · · , L}) in n-th iteration can be updated as:
(n)

Vl

= arg min
Vl

1
ρ (n−1)
||M FVl − yl ||22 + ||Sl
2
2

U (n−1) − Vl ||22 .

It has a closed-form solution:
(n)

Vl

(n−1)

= F H Λ−1 (M H yl + ρF(Sl

U (n−1) )),

(2)

where Λ = M H M +diag(ρ), ρ ∈ Cd is a vector with elements of ρ. The initialized
P (0)
(0)
Sl is estimated by SENSE from F H M H yl , and U (0) = l (Sl )∗ (F H M H yl ).
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Sensitivity updating: Given V (n) and U (n−1) , the sensitivity map Sl of
l-th channel (l ∈ {1, 2, · · · , L}) in n-th iteration can be updated as:
(n)

Sl

= arg min
Sl

ρ
||Sl
2

(n) 2
||2

U (n−1) − Vl

+ βR(Sl ).

By HQS and introducing auxiliary variable S̃l , it is equivalent to optimizing:
min
S̃l ,Sl

1
||S̃l
2

(n) 2
||2

U (n−1) − Vl

+

α
β
||Sl − S̃l ||22 + R(Sl ),
2
ρ

where α → ∞ during optimization. We alternately solve two sub-problems of S̃l
and Sl . Substituting closed-form solution of S̃l to sub-problem of Sl , we derive
the iterative updating formula for Sl :
!
(n)
(n,k−1)
(U (n−1) )∗ Vl + αSl
(n,k)
, k = 1, · · · , K,
(3)
Sl
= Prox β R
αρ
(U (n−1) )∗ U (n−1) + α
where the division is a pixel-wise operation, Prox(·) is the proximal operator
(n,0)
defined as: ProxηR (O) = arg minX 21 ||X − O||22 + ηR(X). Sl
is initialized as
(n−1)
(n)
(n,K)
Sl
. The updated sensitivity map of l-th channel is Sl = Sl
.
MR image updating: Given updated multi-channel images V (n) and sensitivity maps S (n) , the MR image U in n-th iteration can be updated as:
U (n) = arg min
U

ρ X (n)
||Sl
2

(n) 2
||2

U − Vl

+ λP (U ).

l

Similar to sensitivity updating, by HQS, U can be iteratively optimized by:
!
P (n) ∗
(n)
(n,k−1)
(S
)
V
+
γU
l
l
l
U (n,k) = Prox λ P
, k = 1, · · · , K. (4)
P (n) ∗
(n)
ργ
(S
)
Sl + γ
l
l
U (n,0) = U (n−1) and γ is a introduced parameter in HQS. Thus U (n) = U (n,K) .
2.2

Unfolded Network for Image and Sensitivity Priors Learning

Instead of setting regularization terms of sensitivity maps (i.e., R(·)) and the
MR image (i.e., P (·)) by hand, we learn these terms implicitly by learning deep
CNNs, through unfolding the above iterative optimization algorithm to be a
novel deep architecture, dubbed as Blind-PMRI-Net.
As illustrated in Fig. 1(a), n-th stage of the network corresponds to n-th iteration of the algorithm. As shown in Fig. 1(b), each stage of the net consists of
V-block, S-block and U-block, which implement Eqns. (2), (3), (4) for updating the multi-channel images, sensitivity maps and the reconstructed MR image
respectively. Since regularization terms R(·) and P (·) correspond to proximal
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Fig. 2: The structure of S-block and U-block.

operators Prox β R (·) and Prox λ P (·) in the iterative algorithm, we substitute
ργ
αρ
the proximal operators by CNNs to model the complex non-linear mappings:
(n,k)

Sl

= Prox

(n,k)

β
αρ R

(S̃l

M

(n,k)

) = S-Subnet(n,k) (S̃l

),

M

U (n,k) = Prox λ P (Ũ (n,k) ) = U-Subnet(n,k) (Ũ (n,k) ),
ργ

(n,k)

(n,k)

where S̃l
and Ũl
represent the terms in brackets of Eqns. (3) and (4)
respectively. S-Subnet(·) is implemented as 6 cascaded convolutional (conv)
blocks and an extra conv layer with residual connection.Each block consists of
a conv layer, a batch normalization layer and a LeakyReLU activation layer.
The conv layers in the first and the following five blocks have 32 filters in size
of 5×5 and 7×7 respectively. The final conv layer has 2 filters in size of 9×9.
U-Subnet(·) has a similar structure with 9 convolutional blocks and an extra
convolutional layer. Each convolutional layer in the blocks has 64 filters in size
of 3×3. The final layer has 2 filters in size of 3×3. Fig. 2 shows the network
structures of S-block and U-block in Blind-PMRI-Net.
Network Training. The training loss is defined as:
L(Ŝ, Û ) =

X
l

||Ŝl − Slgt ||1 +

X
l

|| |Ŝl | − |Slgt | ||1 +

X

TV(|Ŝl |) + ξ||Û − U gt ||22 ,

l

where Ŝ = {Ŝl }L
l=1 and Û are outputs of our network, | · | is for the magnitude
of complex value and ξ is a hyper-parameter. TV is the regularization of total
gt
variation. {Slgt }L
are targeting sensitivity maps and MR image genl=1 and U
erated from fully-sampled k-space data. Therefore given multi-channel sampled
k-space data, our net learns to output sensitivity and MR image approximating
the corresponding targets using fully-sampled k- space data. The gradients of
loss w.r.t. the parameters of S-Subnet, U-Subnet, ρ, α, γ can be computed by
auto-differentiation. Note that these parameters are not shared across different
stages, and parameters of two subnets are initialized using Xavier random initialization. We learn these parameters using Adam with learning rate of 1e-4 by
PyTorch, implemented on a ubuntu 16.04 system with GTX 1080 Ti GPU.
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Table 1: Comparison of average performance on the testing knee dataset.
Rate Measure Zero-filling GRAPPA Fast-JTV MoDL DC-CNN Our net
PSNR
23.64
26.47
26.10
28.93
30.58
31.15
15%
nRMSE
0.068
0.049
0.051
0.038
0.031
0.029
PSNR
24.71
28.83
27.10
29.42
31.06
32.03
20%
nRMSE
0.060
0.038
0.046
0.036
0.030
0.027
PSNR
26.38
30.49
31.42
31.39
32.96
33.52
30%
nRMSE
0.050
0.032
0.028
0.029
0.023
0.022

(a) Mask

(e) Fast-JTV (29.50 dB)

(b) Original image

(c) Zero-filling (26.98 dB)

(d) GRAPPA (31.07 dB)

(f) MoDL (31.53 dB)

(g) DC-CNN (34.39 dB)

(h) Our net (36.32 dB)

Fig. 3: Results for a knee MR image using 20% 1D Cartesian sampling.

3

Experiments

We train and test Blind-PMRI-Net on a knee MR dataset from NYU dataset1 .
The raw data consists of 15-channel k-space data with resolution of 320×320. Because we aim to train our Blind-PMRI-Net to map the multi-coil under-sampled
k-space data to both sensitivity maps and MR image by approximating the
targets generated from k-space data without sampling. Based on fully-sampled
k-space data, we generate targeting multi-channel sensitivities by SENSE, and
MR image by fusing multi-channel images using these sensitivities. We take 354
and 100 multi-channel data for training and testing respectively, and 1D Cartesian sampling masks with sampling rates of 15%, 20% and 30%.
1

http://mridata.org

Blind-PMRI-Net

(a) Original image

(b) Fully-sampled map (c) Our net (18.84 dB) (d) SENSE (16.43 dB)
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(e) ESPIRiT

Fig. 4: Estimated sensitivity maps.

We compare our Blind-PMRI-Net (K = 1, N = 3)2 with three traditional
methods including Zero-filling (Zf), GRAPPA [3] estimating interpolation kernels for sensitivity by ACS, and calibration-less method Fast-JTV [2] solving a
model with joint total variation prior on images. We also compare with state-ofthe-art deep learning methods of DC-CNN [9] and MoDL [1]. In order to obtain
the complex-valued MR image, we use SENSE to estimate the sensitivity maps
from under-sampled data for MoDL method. Since only multi-channel images
are reconstructed by Fast-JTV and DC-CNN, for fair comparison, we synthesize the complex-valued MR image for them by combining multi-channel images
using weights computed based on the synthesized MR image by SOS. Table 1
shows the quantitative results with 15%, 20% and 30% sampling rates. Compared
with Zero-filling, GRAPPA and Fast-JTV, our method produces significantly
higher recovery accuracy. For example, using 15% sampling rate, Blind-PMRINet outperforms GRAPPA by 4.68 dB. In average, our method achieves better
reconstruction accuracy in nRMSE using 5% less sampled data compared with
two deep learning methods DC-CNN and MoDL. The visual comparisons of reconstructed images with 20% sampling rate are shown in Fig. 3. Our method
produces higher-quality image with clearer details and without obvious artifacts.
Sensitivity maps. Our Blind-PMRI-Net can also output the sensitivity
maps. Figure 4 compares our estimated sensitivity map with SENSE and ESPIRiT methods in 20% sampling rate. Compared with SENSE, our net and
ESPIRiT achieve smoother maps which are closer to the sensitivity map estimated based on fully-sampled k-space data. The sensitivity map from ESPIRiT
has some missing information (e.g., the region near the boundary as indicated
by the arrows). Our Blind-PMRI-Net takes 0.72 seconds on GPU to reconstruct
both sensitivity maps and complex-valued MR image in average, while ESPIRiT
takes 46.64 seconds to estimate the sensitivity using the public code3 .
Ablation study. To explore the effect of the number of stages (i.e., N ) on the
reconstruction performance, we greedily train our Blind-PMRI-Net from stage 1
to 3. The average PSNR values of the testing results with different sampling rates
and different stages are shown in Fig. 5(a). The accuracy of reconstruction gradually increases with the increase of stages. To test the effectiveness of networks
2

3

We empirically found that increasing N is more important than increarsing K for
network performance, therefore we mainly increase N and set K = 1 for simplicity.
https://www.eecs.berkeley.edu/%7Emlustig/Software.html
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30
29.07

29
28
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Stage 1

Stage 2
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(a) Average accuracy in each stage.

Our net

Net-NS

Net-NU

(b) Reconstruction results by different nets.

.

Fig. 5: Performance comparison for different network settings.

S-Subnet(·) and U-Subnet(·) for learning sensitivity and image priors, we respectively set S-Subnet(·) and U-Subnet(·) as an identity mapping without
learning, and the corresponding nets are denoted as Net-NS and Net-NU. The
results of trained Net-NS and Net-NU with N = 3 using 20% sampled data are
shown in Fig. 5(b). Both subnets are beneficial for improving the reconstruction
quality, e.g., the results are improved by 5.84 dB and 4.36 dB compared with
baseline Zero-filling.
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Conclusion

In this work, we proposed a novel Blind-PMRI-Net to simultaneously estimate
the MR image and sensitivity maps for parallel imaging from sampled k-space
data. After building an energy model using priors of MR image and sensitivity
maps, we unfold its optimization algorithm to be a deep architecture, in which
the two priors are learned by substituting corresponding proximal operators
using deep CNNs. To the best of our knowledge, this is the first deep architecture
that uses CNNs to learn both sensitivity maps and MR image priors for parallel
imaging. In the future, we are interested in incorporating more advanced deep
learning techniques, e.g., attention or GAN, into our learning framework.
Acknowledgement. This work was supported by National Natural Science
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