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a b s t r a c t 

Deep learning in k-space has demonstrated great potential for image reconstruction from undersam- 

pled k-space data in fast magnetic resonance imaging (MRI). However, existing deep learning-based im- 

age reconstruction methods typically apply weight-sharing convolutional neural networks (CNNs) to k- 

space data without taking into consideration the k-space data’s spatial frequency properties, leading to 

ineffective learning of the image reconstruction models. Moreover, complementary information of spa- 

tially adjacent slices is often ignored in existing deep learning methods. To overcome such limitations, 

we have developed a deep learning algorithm, referred to as adaptive convolutional neural networks 

for k-space data interpolation (ACNN-k-Space), which adopts a residual Encoder-Decoder network ar- 

chitecture to interpolate the undersampled k-space data by integrating spatially contiguous slices as 

multi-channel input, along with k-space data from multiple coils if available. The network is enhanced 

by self-attention layers to adaptively focus on k-space data at different spatial frequencies and chan- 

nels. We have evaluated our method on two public datasets and compared it with state-of-the-art ex- 

isting methods. Ablation studies and experimental results demonstrate that our method effectively re- 

constructs images from undersampled k-space data and achieves significantly better image reconstruc- 

tion performance than current state-of-the-art techniques. Source code of the method is available at 

https://gitlab.com/qgpmztmf/acnn- k- space . 

© 2021 Elsevier B.V. All rights reserved. 
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. Introduction 

Deep learning has shown great potential for image reconstruc- 

ion from undersampled k- space data in fast magnetic resonance 

maging (MRI) ( Knoll et al., 2020 ; Liang et al., 2020 ). A variety of

eep learning methods have been developed to solve the image 

econstruction problem, including model-driven ( Abdullah et al., 

019 ; Aggarwal et al., 2019 ; Cheng et al., 2018 ; Hammernik et al.,

018 ; Huang et al., 2019 ; Qin et al., 2018 ; Schlemper et al., 2018 ;

riram et al., 2020 ) and data-driven methods ( Akçakaya et al., 

019 ; Han et al., 2020 ; Jin et al., 2017 ; Kim et al., 2019 ; Lee et al.,

018 ; Quan et al., 2018 ; Wang et al., 2020 ; Wang et al., 2016 ;

hu et al., 2018 ). Unlike model-driven methods whose perfor- 

ance is hinged on their model capacity, data-driven methods di- 

ectly learn a mapping between undersampled k- space data and 

econstructed images ( Zhu et al., 2018 ), or an interpolation in im- 
∗ Corresponding author. 
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ge domain ( Jin et al., 2017 ; Lee et al., 2018 ; Quan et al., 2018 ;

ang et al., 2016 ), k- space ( Akçakaya et al., 2019 ; Han et al.,

020 ; Kim et al., 2019 ; Wang et al., 2020 ), or both the image

omain and the k-space ( Eo et al., 2018 ; Souza et al., 2019 ).

articularly, fully connected neural networks have been used to 

earn the Fourier transform itself ( Zhu et al., 2018 ). However, it 

s difficult to use such a method to reconstruct large size im- 

ges due to huge memory requirements of fully connected neu- 

al networks. In contrast, convolutional neural networks (CNNs) 

ith weight sharing are memory efficient and therefore have been 

idely adopted to learn to interpolate from undersampled k- space 

ata for image reconstruction in conjunction with Fast Fourier 

ransform (FFT) ( Akçakaya et al., 2019 ; Han et al., 2020 ; Kim et al.,

019 ; Wang et al., 2020 ). 

Since CNNs in k- space could be used to directly interpolate the 

issing k- space samples ( Akçakaya et al., 2019 ; Han et al., 2020 ;

im et al., 2019 ; Wang et al., 2020 ), it is reasonable to believe

hat they could perform better than their counterparts working 

n the image domain with the same network architecture. How- 

ver, existing k- space deep learning methods directly adopt CNNs 

https://doi.org/10.1016/j.media.2021.102098
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2021.102098&domain=pdf
https://gitlab.com/qgpmztmf/acnn-k-space
mailto:yong.fan@pennmedicine.upenn.edu
https://doi.org/10.1016/j.media.2021.102098
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ithout taking into consideration characteristics of the k- space 

ata. First, the samples at the central k- space region (low spatial 

requencies) contain most of the information of image contrast, 

hile the samples further away from the center (high spatial fre- 

uencies) contain information about the edges and boundaries of 

he image. Therefore, applying weight-sharing CNNs to the entire 

 - space data, as used in most existing k- space deep learning meth- 

ds, ignores distinctive contributions of different spatial frequen- 

ies of the k- space data to the image reconstruction, potentially 

eading to ineffective learning of CNNs. Although a fixed weight- 

ng map can be adopted as a weighting layer to modulate the out- 

ut of CNNs ( Han et al., 2020 ), it would be more desirable to ob-

ain a weighting map capable of adaptively adjusting the output 

f CNNs to better interpolate the missing k-space samples. Sec- 

nd, undersampled k - space data of spatially adjacent image slices 

ay provide complementary information for image reconstruction. 

owever, most existing deep learning methods typically learn in- 

erpolations for spatially adjacent image slices independently, ig- 

oring their complementary information that could potentially im- 

rove image reconstruction. Third, in multi-coil MRI acquisition, k- 

pace data from different coils are sensitive to different regions of 

he object but are often treated equally as multiple channels in ex- 

sting k- space deep learning image reconstruction methods, which 

ay degrade image reconstruction performance. 

In order to overcome the aforementioned limitations, we have 

eveloped a novel k- space deep learning framework for image re- 

onstruction from undersampled k- space data, referred to as adap- 

ive convolutional neural networks for k -space data interpolation 

ACNN-k-Space). Particularly, a residual Encoder-Decoder network 

rchitecture is adopted to interpolate the undersampled k- space 

ata with CNNs enhanced by a self-attention layer ( Hu et al., 2018 ),

eferred to as frequency-attention layer, which adaptively assigns 

eights to features learned by CNNs for k- space samples at dif- 

erent spatial frequencies. Moreover, instead of learning interpola- 

ions for spatially adjacent image slices independently, our method 

earns an interpolation for each image slice by integrating slices 

ithin its spatial neighborhood as a multi-channel input, along 

ith k - space data from multiple coils if available, to the residual 

etwork. Since the image slices may contribute to the image re- 

onstruction differently and data from different coils are sensitive 

o different regions of the object, we adopt another self-attention 

ayer, referred to as channel-attention layer ( Roy et al., 2018 ), to 

daptively assign weights to features learned by CNNs for different 

hannels. Similar to two recent methods that adopt channel-wise 

ttention to modulate learned features in either k -space or image 

omain ( Huang et al., 2019 ; Lee et al., 2020 ), the channel-attention

ayers are also applied to all learned features in addition to the in- 

ut image slices. Together, the residual Encoder-Decoder network 

ith frequency-attention and channel-attention layers learns an in- 

erpolation for undersampled k- space data and reconstructs an im- 

ge in conjunction with inverse FFT (IFFT) in an end-to-end fash- 

on. Moreover, the method is generally applicable to both k-space 

nd image domain data. We have evaluated our method based on 

wo publicly available datasets. Ablation studies and experimental 

esults show that our method could effectively reconstruct images 

rom undersampled k- space data and achieve better image recon- 

truction performance than existing state-of-the-art techniques. 

. Materials and methods 

To generate missing k- space samples, we adopt a residual 

ncoder-Decoder network to reconstruct images from undersam- 

led k- space data, as illustrated in Fig. 1 . The residual network 

earns an interpolation to reconstruct images in conjunction with 

FFT from a multi-channel input that consists of undersampled k- 

pace data from spatially adjacent slices and data from multiple 
2 
oils if available. Its Encoder-Decoder component consists of CNNs, 

nhanced by frequency-attention and channel-attention layers. The 

etwork is optimized by minimizing a loss function L defined as 

he mean square error (MSE) between the reconstructed image and 

ts corresponding image obtained from fully sampled k-space data: 

 = 

n ∑ 

j=1 

∥∥I R j − I F S j 

∥∥2 
, (1) 

here I R 
j 

is the reconstructed image and I F S 
j 

is the image obtained 

rom fully sampled k-space data of the j-th coil, and n is the num- 

er of coils. 

.1. Encoder-decoder network architecture 

We adopt an Encoder-Decoder network to learn an interpola- 

ion to generate missing k- space samples for image reconstruc- 

ion from undersampled k- space data. As illustrated in Fig. 1 , the 

etwork backbone is a U-Net ( Ronneberger et al., 2015 ), con- 

isting of convolutional layers, followed by rectified linear unit 

ReLU) ( Agarap, 2018 ) and batch normalization (BN) ( Ioffe and 

zegedy, 2015 ), with parameters specified in Fig. 1 (bottom). 

For image reconstruction of each slice from its undersampled k- 

pace data, the network’s input consists of complex valued k -space 

ata of c = 2 s + 1 slices within its spatial neighborhood, where 

 ≥ 0 is the consecutive slices stacked on top and bottom of the 

lice under consideration. Complex values of the k-space data are 

plit into two channels of real value signals. For imaging data with 

ultiple coils, k-space data of n coils are stacked as multi-channel 

ata with each coil’s data as two channels of real value signals. 

herefore, the number of channels of the input is 2 ( 2 s + 1 ) n and 

he number of channels of the output is 2 n to form complex valued 

-space data. For a slice with fewer than s bottom or top slices, the 

ata volume is padded with the first one adjacent to the current 

lice. 

In order to take into consideration distinctive contributions 

f different spatial frequencies and different channels to the im- 

ge reconstruction, we adopt self-attention layers to enhance the 

earning of CNNs. 

.2. Attention layers 

We adopt frequency-attention and channel-attention layers 

o enhance k- space deep learning. Both frequency-attention and 

hannel-attention layers learn self-attention maps from their fea- 

ure maps ( Hu et al., 2018 ; Roy et al., 2018 ) to modulate features

earned by CNNs and the modulated feature maps are aggregated 

y an element-wise Max-out operation, as illustrated in Fig. 2 . 

.2.1. Frequency-attention layers 

The k- space samples are in the spatial frequency domain, and 

he samples at low frequencies characterize most of the signal in- 

ensity and contrast information of the image, while the samples at 

igh frequencies characterize information about objects’ edges and 

oundaries. Existing k- space deep learning methods directly apply 

he weight-sharing CNNs to entire k- space data, ignoring distinct 

ontributions of different frequencies of the k- space data to image 

econstruction. To tackle this issue, we adopt a frequency-attention 

ayer to modulate features learned by CNNs at different spatial 

requencies. As illustrated in Fig. 2 (bottom), given a k- space fea- 

ure map X = { x { 1 , 1 } , x { 1 , 2 } , . . . , x { i, j } } , where x { i, j} ∈ R 

C× 1 × 1 cor-

esponds to channel C and spatial location (i, j) with i ∈ [ 1 , . . . , W ] 

nd j ∈ [ 1 , . . . , H ] , W and H are width and height of a channel of

-space feature maps. The frequency-attention map S f ∈ R 

W ×H is 

earned with a convolutional operation � : 

 = σ ( W conv � X) , (2) 
f 
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Fig. 1. A residual Encoder-Decoder network of CNNs, enhanced by frequency-attention and channel-attention layers, for image reconstruction from undersampled k- space 

data. The residual network (top row) learns an interpolation to reconstruct images in conjunction with IFFT from a multi-channel input that consists of undersampled k- space 

data from spatially adjacent slices and data from multiple coils if available. Its Encoder-Decoder component (bottom row) consists of multiple layers of CNNs, enhanced by 

frequency-attention and channel-attention layers. Attention maps are the outputs of the frequency-attention and channel-attention layers to modulate features learned by 

CNNs before every pooling or unpooling layer. 

Fig. 2. Self-attention layers learn a frequency-attention map (bottom) and a 

channel-attention map (top) respectively, and weighted feature maps are aggre- 

gated by an element-wise Max-out operation. X i refers to the i th channel of the 

k-space feature maps, Y c refers to features weighted by the channel-attention map, 

Y f refers to features weighted by the frequency-attention map, and Y refers to the 

aggregated features of Y c and Y f through a Max-out operation. 
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here W conv ∈ R 

C× 1 × 1 is convolutional weights to be learned 

nd σ is the sigmoid function. Each S 
{ i, j} 
f 

of the frequency-attention 

ap represents the linearly combined representation of all chan- 

els for a spatial location ( i, j ) . Then the input feature map X =
 X 1 , . . . , X i } is modulated by this frequency attention map S f to 

enerate frequency-attention weighted features Y f = S f X . 

.2.2. Channel-attention layers 

Since spatially adjacent slices may provide complementary in- 

ormation to one another and data from different coils contribute 

ifferently to the image reconstruction, we integrate multiple slices 

nd data from multiple coils as a multi-channel input to the net- 

ork. Instead of treating them equally, we adaptively learn weights 

or them using a channel-attention layer. Given k- space feature 

aps of multiple slices X = { X 1 , X 2 , . . . , X m } , where m is the num-

er of channels in X , we employ a simple gating mechanism with 
3 
 sigmoid activation to learn a channel-attention map: 

 c = σ
(
W f c ·

[∥∥X 

1 
∥∥

1 
, 
∥∥X 

2 
∥∥

1 
, . . . , ‖ 

X 

m ‖ 1 

])
, (3) 

here W fc ∈ 

m ×m is parameters of a fully connect layer to be 

earned, σ is the sigmoid function, and ‖ . ‖ 1 is used to squeeze 

ach X i to yield a scalar value. Then the feature maps X = 

 X 1 , . . . , X m } are modulated by this channel attention map S c along

he channel dimension to generate weighted features Y c = S c X . 

We use an element-wise Max-out operator to aggregate the 

eighted features obtained by the frequency-attention and the 

hannel-attention layers: 

 = max ( Y c , Y f ) , (4) 

here Y c is the weighted features obtained by the channel- 

ttention layers and Y f is the weighted features obtained by the 

requency-attention layers. Both frequency-attention and channel- 

ttention feature maps are learned with the entire network in an 

nd-to-end learning fashion by minimizing the loss function. 

.3. Evaluation and ablation studies 

.3.1. Datasets 

We evaluated our method on two publicly available datasets, 

ncluding Stanford Fully Sampled 3D FSE Knee k- space Dataset 

available at http://mridata.org/ ), and fastMRI Brain Dataset 

 Zbontar et al., 2018 ) (available at https://fastmri.org ). Stanford 

ataset contains 20 cases of knee images, collected with 8 coils. 

ach image is a 3D volume with 256 slices. We randomly selected 

5 cases as training data, one case as validation data, and the re- 

aining four cases as test data. fastMRI dataset contains 4,478 

ases, collected with 8, 12, 16, 20 or 24 coils. For the convenience 

f network training, we selected 570 cases collected with 16 coils 

http://mridata.org/
https://fastmri.org
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Fig. 3. Sampling masks. Left: Cartesian trajectory. Right: Radial trajectory. 
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rom the dataset. Each case is a 3D volume with 16 slices. All im- 

ges from this dataset were zero-padded to have the same size of 

40 × 320. We randomly selected 500 cases as training data, 10 as 

alidation data, and the remaining 60 as test data. 

The input k- space was undersampled using two different sam- 

ling strategies following ( Han et al., 2020 ), as illustrated in Fig. 3 .

 Gaussian pattern using x4 acceleration factor in addition to 10% 

uto-calibration signal line yields a Cartesian trajectory with a 

ampling rate of 23.27%. A radial sampling with 60 spokes (views) 

rom full 256 spokes yields a Radial trajectory with a sampling rate 

f 23.44%. For the radial sampling, the non-uniform fast Fourier 

ransform (NUFFT) ( Beatty et al., 2005 ; Fessler and Sutton, 2003 ) 

as adopted to generate radial coordinate k-space data. Kaiser- 

essel gridding Duda (2011) was then used to perform the regrid- 

ing to the Cartesian coordinate with a square shape of 256 × 256 

or both datasets. We also evaluated our method based on two ad- 

itional under sampling strategies, including 1-D sampling and a 

piral sampling (see supplementary data). 

.3.2. Quantitative evaluation metrics 

We adopted Structural SIMilarity (SSIM) index, peak 

ignal-to-noise ratio (PSNR), and normalized mean square er- 

or (NMSE) as evaluation metrics. Particularly, S S IM ( ̂ v , v ) = 

 2 μˆ v μv + c 1 )( 2 σˆ v v + c 2 ) / [ ( μ
2 
ˆ v + μ2 

ˆ v + c 1 )( σ
2 
ˆ v +σ2 

ˆ v + c 2 ) ] , NMSE ( ̂ v , v ) 
 ‖ ̂ v − v ‖ 2 2 / ‖ v ‖ 2 2 , and P SNR ( ̂ v , v ) = 10 log 10 max ( v ) 2 / MSE ( ̂ v , v ) ,
here ˆ v is the reconstructed image, v is the image reconstructed 

rom fully-sampled k- space data, ‖ . ‖ 2 
2 

is a squared Euclidean norm, 

ax ( v ) is the largest value of v , n is the number of entries of v ,
ˆ v , and μv are the average value of pixel intensities in 

ˆ v and v 
espectively, σˆ v and σv are their variances respectively, σˆ v v is the 

heir covariance, and c 1 = k 1 L and c 2 = k 2 L are two variables to 

tabilize the division with L = max ( v ) , k 1 = 0 . 01 , and k 2 = 0 . 03

 Han et al., 2020 ). The evaluation metrics were computed and 

veraged based on the center slices of reconstructed images to 

xclude slices that lie outside the anatomy. Particularly, we chose 

he middle 200 slices of the test cases to evaluate the image 

econstruction performance for Stanford dataset and all slices of 

he test cases for fastMRI dataset. The values of SSIM, PSNR, NMSE 

btained by our method and those under comparison were also 

uantitatively compared using Wilcoxon signed-rank test. 

.3.3. Comparison with state-of-the-art methods 

We compared our method with three different image-domain 

eep learning methods, including domain adaptation network (DA- 

et) ( Han et al., 2018 ), DeepcomplexMRI ( Wang et al., 2020 ), spa-

ial orthogonal attention generative adversarial network (SOGAN) 

 Zhou et al., 2020 ); two k-space deep learning methods, including 

AKI ( Akçakaya et al., 2019 ) and K-space deep learning (K-space- 

et)( Han et al., 2020 ); and two hybrid deep learning methods in 

oth the image-domain and k-space, including KIKI-Net ( Eo et al., 

018 ) and Hybrid-Net ( Souza et al., 2019 ). Particularly, DA-Net and 
4 
-space-Net were built upon the same U-net architecture as illus- 

rated in Fig. 1 (bottom). SOGAN, DeepcomplexMRI, KIKI-NET and 

ybrid-Net were implemented with the number of model param- 

ters similar to that of our method. RAKI was evaluated on uni- 

ormly undersampled data with a sampling rate close to 25%, fol- 

owing its original paper’s setting ( Akçakaya et al., 2019 ). All the 

ethods were evaluated on data generated with approximately the 

ame acceleration rate of four. 

Since all these methods under comparison learn the interpola- 

ion from individual image slices, for fair comparison we built two 

eep learning models using our method with the number of input 

lices c set to one and three, respectively. As illustrated in Fig. 1 , 

ur network consisted of six encoding blocks, five decoding blocks, 

nd one output block. The encoding and decoding blocks had con- 

olutional layers with a receptive field of 3 × 3 , ReLU layers, and 

N layers, followed by attention layers. They were connected by 

ooling and unpooling layers to generate high-quality k-space data 

or image reconstruction. Number of kernels of the convolutional 

ayers are specified in Fig. 1 (bottom). 

In addition, we evaluated the proposed ACNN-k-Space method 

s a plugin component in KIKI-Net ( Eo et al., 2018 ) and Hybrid-

et ( Souza et al., 2019 ), which are hybrid deep learning methods 

or MR image reconstruction in both the image domain (referred 

o as I-Nets) and k-space (referred to as K-Nets). Particularly, KIKI- 

et comprises 2 K-Nets and 2 I-Nets in order of K-Net, I-Net, K- 

et, and I-Net, each being CNNs with 5 layers, and the Hybrid-Net 

dds two more I-Nets to the KIKI-Net, one before and the other 

fter the KIKI-Net. The K-Net in hybrid-Net has additional residual 

onnection and data consistency layer compared with the K-Net in 

IKI-Net. 

To build a KIKI-Net and a Hybrid-Net with similar numbers of 

arameters as ACNN-k-Space, we implemented a KIKI-Net consist- 

ng of alternating five K-Nets and five I-Nets and a Hybrid-Net con- 

isting of four K-Nets and six I-Nets, all in the same order as in 

heir original versions. Each of the K-Nets and the I-Nets had five 

ayers of CNNs with a receptive field of 3 × 3 and 256 kernels. 

wo versions of the KIKI-Net and Hybrid-Net were built with or 

ithout attention layers in their K-Nets for comparison. A public 

mplementation of RAKI ( https://github.com/geopi1/DeepMRI ) was 

dopted in the present study. The total numbers of parameters 

f the other networks under comparison applied to Stanford and 

astMRI datasets are summarized in Table 1 . 

.3.4. Visualization of attention maps 

In order to understand how the frequency-attention layers 

odulate CNN features, we directly visualized the frequency- 

ttention maps at different layers of the network. In order to un- 

erstand how the different channels of the multiple-channel input 

ontribute to image reconstruction, we computed response value 

or each channel as ‖ grad(C) ‖ 1 , where grad(C) is the gradient of a 

hannel of the multiple-channel input once the network’s weights 

ere obtained. Since the channel-attention maps at other layers 

f the network are learned from combinations of data of multiple 

oils from spatially adjacent slices, we could not map the response 

alues of different channels to the input slices or coils. 

.3.5. Ablation studies 

We carried out ablation studies to investigate the effectiveness 

f frequency-attention layers and channel-attention layers. These 

ayers could learn attention weights in parallel or sequentially to 

odule CNN features as illustrated in Fig. 4 . To integrate features 

odulated by parallel attention layers, as illustrated in Fig. 4 (a), we 

dopted an element-wise Max-out operator to fuse the modulated 

eatures. To modulate features sequentially, the channel-attention 

nd frequency attention layers could be integrated differently as 

https://github.com/geopi1/DeepMRI


T. Du, H. Zhang, Y. Li et al. Medical Image Analysis 72 (2021) 102098 

Table 1 

Numbers of parameters of different methods. 

Methods Number of input slices Stanford Dataset ( N coil = 8) fastMRI Dataset ( N coil = 16) 

DA-Net 1 31.70M 31.72M 

K-space-Net 1 31.70M 31.72M 

DeepcomplexMRI 1 30.20M 30.22M 

SOGAN 1 28.54M 28.56M 

ACNN-k-Space 

ACNN-k-Space 

1 33.24M 33.27M 

3 33.24M 33.29M 

KIKI-Net with attention 1 37.80M 37.81M 

Hybrid-Net with attention 1 37.80M 37.81M 

Fig. 4. Applications of attention layers. (a) The channel-attention and frequency-attention layers are applied in parallel and the modulated features are fused with an 

element-wise Max-out operator. (b) The channel-attention layer is applied before the frequency-attention layer. (c) The frequency-attention layer is applied before the 

channel-attention layer. (d) The channel-attention and frequency-attention layers are applied in parallel to modulate their input simultaneously with an element-wise mul- 

tiplication operator. 
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llustrated in in Fig. 4 (b) and Fig. 4 (c). Furthermore, the channel- 

ttention and frequency-attention layers can also be applied in 

arallel to modulate their input simultaneously with an element- 

ise multiplication operator, as illustrated in Fig. 4 (d). In all these 

xperiments, we set the number of input k- space slices to three. 

e finally evaluated how the image reconstruction performance 

hanges with the number of input slices. 

These studies were carried out on Stanford dataset with Carte- 

ian undersampling and fastMRI dataset with radial undersam- 

ling, respectively. Due to the high computational cost, we did not 

valuate other possible combinations of input data and reconstruc- 

ion settings. 

.3.6. Implementation and computing cost 

We implemented all deep learning methods using PyTorch. 

dam optimizer was used to train the network. Batch size was 

et to 16, number of training epochs set to 350, initial learning 

ate = 10 −4 which gradually dropped to 10 −5 , and weight regu- 

arization parameter λ = 10 −4 . 

All experiments were carried out on a Linux workstation 

quipped with 4 Titan XP GPUs with 12G memory. On a NVIDIA 

ITAN XP GPU, it took 50 milliseconds and 301 milliseconds for 

he deep learning models built by our method to reconstruct an 

mage from undersampled Stanford k-space data (320 × 256 × 8) 

nd fastMRI k-space data (640 × 320 × 16), respectively. It took 

50 h to train a deep learning model on Stanford dataset and ~70 

ours on fastMRI dataset. 
5 
. Results 

.1. Image reconstruction performance 

Image reconstruction performance comparisons are summa- 

ized in Tables 2 and 3 for Stanford and fastMRI datasets, respec- 

ively. These results demonstrate that our method consistently per- 

ormed better than the deep learning methods under comparison 

ith statistical significance ( p < 0.001), in particular with an in- 

ut of multiple slices (three in the current implementation if not 

pecified otherwise). Of note is that NMSE was reduced by 25% 

nd 7% compared to image-domain and k-space based methods for 

he Stanford dataset, respectively, for Cartesian sampling. Further, 

MSE was reduced by 10% and 7% compared to image-domain 

nd k-space based methods for the fastMRI dataset, respectively, 

lso for Cartesian sampling. The k-space deep learning methods 

lso had better performance than their counterparts in the im- 

ge domain ( Han et al., 2018 ), consistent with previous findings 

 Han et al., 2020 ). 

Figs. 5 and 6 show representative results obtained for the dif- 

erent methods under comparison. Consistent with the quantitative 

esults summarized in Tables 2 and 3 , our method yielded visu- 

lly better results than the alternative methods under comparison. 

n particular, the deep learning model in image domain yielded 

 slightly oversmoothed image. Further, the images reconstructed 

y our method had minimal difference with those reconstructed 

rom the complete k-space data compared to the performance of 
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Fig. 5. Visualization of two representative cases of the Stanford knee dataset, including images reconstructed from the fully sampled data and from under-sampled data 

without CNN processing under Cartesian sampling (top) and radial sampling (bottom). The difference images were amplified 2 times. The number of coils of for the Stanford 

dataset was 8 and the acceleration factor was 4 with a sampling rate of 23.27%. 

6 
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Fig. 6. Visualization of representative cases of the fastMRI brain dataset, including images reconstructed from the fully sampled data and from under-sampled data without 

CNN processing under Cartesian sampling (top) and radial sampling (bottom). The difference images were amplified 3 times for the fastMRI dataset. The number of coils for 

the fastMRI dataset was 16 and the acceleration factor was 4 with a sampling rate of 23.44%. 

7 
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Table 2 

Comparison of the methods based on the Stanford dataset (mean ±std). 

Methods Number of input slices 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Cartesian Radial Cartesian Radial Cartesian Radial 

DA-Net 1 14.77 ±0.01 11.45 ±0.01 34.25 ±1.82 35.45 ±1.80 89.95 ±0.03 91.97 ±0.03 

DeepcomplexMRI 1 13.20 ±0.01 11.33 ±0.01 34.82 ±1.52 35.52 ±1.44 90.95 ±0.02 92.57 ±0.02 

SOGAN 1 12.93 ±0.01 11.32 ±0.01 34.75 ±1.36 35.48 ±1.29 90.96 ±0.03 92.47 ±0.03 

RAKI 1 12.42 ±0.01 34.75 ±1.76 92.06 ±0.02 

k- space-Net 1 11.98 ±0.01 11.26 ±0.01 35.27 ±1.89 35.56 ±1.82 92.05 ±0.02 92.65 ±0.03 

ACNN-k-Space 1 11.55 ±0.01 11.22 ±0.01 35.45 ±1.81 35.57 ±1.78 92.15 ±0.03 92.65 ±0.03 

ACNN-k-Space 3 11.11 ±0.01 10.90 ±0.01 35.55 ±1.86 35.63 ±1.82 92.25 ±0.03 92.73 ±0.03 

Table 3 

Comparison of the methods based on the fastMRI brain dataset (mean ±std). 

Methods Number of input slices 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Cartesian Radial Cartesian Radial Cartesian Radial 

DA-Net 1 20.43 ±0.02 16.16 ±0.02 38.25 ±3.23 39.74 ±3.19 94.11 ±0.05 94.46 ±0.05 

DeepcomplexMRI 1 20.58 ±0.02 16.15 ±0.02 38.26 ±2.67 39.75 ±2.88 94.03 ±0.04 94.48 ±0.05 

SOGAN 1 19.98 ±0.02 15.99 ±0.02 38.40 ±2.34 38.83 ±2.67 94.28 ±0.04 94.54 ±0.05 

RAKI 1 19.50 ±0.02 38.65 ±2.77 94.57 ±0.04 

k- space-Net 1 19.67 ±0.02 15.71 ±0.02 38.60 ±2.97 39.85 ±3.26 94.58 ±0.05 94.61 ±0.05 

ACNN-k-Space 1 18.80 ±0.02 15.29 ±0.02 38.95 ±3.20 40.11 ±3.27 94.62 ±0.05 94.86 ±0.05 

ACNN-k-Space 3 18.30 ±0.02 14.93 ±0.02 39.16 ±3.03 40.39 ±3.30 95.02 ±0.05 95.21 ±0.05 
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c

he other deep learning methods either in the image domain or in 

 -space. 

.2. Visualization of attention maps 

Fig. 7 shows representative frequency-attention maps learned 

y our method with the number of input slices set to three for 

mage reconstruction from undersampled k-space data using Carte- 

ian sampling based on the Stanford dataset (top row) and radial 

ampling based on the fastMRI dataset (bottom row). Not surpris- 

ngly, the learned frequency-attention maps had varied weights at 

ifferent spatial frequencies, indicating that k-space data at differ- 

nt frequencies contributed differently to the image reconstruction. 

t is worth noting that the last frequency-attention map largely 

omplemented the downsampling sampling pattern to guaran- 

ee the network to generate a residual k-space interpolation map 

lower attention to the sampled datapoints), which was added to 

he down-sampled k-space data through the residual connection 

 Fig. 1 ) to reconstruct the image, leading to efficient and effective 

mage reconstruction. 

Fig. 8 shows the response values of different channels grouped 

or individual slices for a representative test data of the Stanford 

ataset with the number of input slices set to 3, 5, 7, 9, 11, and

3, and using undersampled Cartesian k -space data. As expected, 

he channels (coils) of the center slice had the largest response 

alues, and the response values decreased with distance from the 

enter slice, indicating that the data of the center slice contributed 

ost to image reconstruction while the influence decreases with 

istance from center. 

Fig. 9 shows training loss functions for data undersampled 

ith Cartesian sampling and the Radial sampling on Stanford 

nd fastMRI datasets, respectively, indicating that ACNN-k-Space 

orked better on the training data with radial sampling than 

artesian sampling although they had the same acceleration fac- 

or. 

.3. Ablation studies 

As summarized in Tables 4 and 5 on Stanford and fastMRI 

atasets, our ACNN-k-Space method with both frequency- and 

hannel-attention layers yielded the best performance measures 
8 
ith statistical significance ( p < 0.001), while the k-space deep 

earning methods utilizing one attention layer still outperformed 

hose without the self-attention layers. 

As summarized in Tables 6 and 7 on Stanford and fastMRI 

atasets, the k- space deep learning method with F-C (frequency- 

ttention layer followed by channel-attention layer) attention block 

nd C-F (channel-attention layer followed by frequency-attention 

ayer) attention block performed better than CF-X (channel- 

ttention and frequency-attention layers applied in parallel to 

odulate their input simultaneously), while the parallel frequency- 

ttention and channel-attention layers yielded the best perfor- 

ance. 

As summarized in Tables 8 and 9 , image reconstruction perfor- 

ance increased with the number of input slices, although some 

f the improvements were small. We expect that the method will 

each its peak performance with a moderately large number of in- 

ut slices. However, the computational cost will also increase with 

he number of input slices, while the incremental gain becomes 

ncreasingly smaller. Further, some datasets will be limited by the 

umber of available slices. It is worth noting that for the fastMRI 

rain dataset, inputs with more than 3 slices largely overlap with 

ach other in that the inputs were often padded with the bottom- 

ost or the top-most slice. 

.4. ACNN-k-Space in hybrid deep learning methods for MR image 

econstruction 

As summarized in Tables 10 and 11 , KIKI-Net and Hybrid-Net 

ith attention layers in their K-Nets achieved significantly bet- 

er image reconstruction performance with statistical significance 

 p < 0.001) than their original version ( Eo et al., 2018 ; Souza et al.,

019 ) on both Stanford and fastMRI brain datasets. Particularly, 

MSE was reduced by 1% to 4% by using the attention layers in 

IKI-Net and Hybrid-Net. Reconstruction results of representative 

mages obtained by KIKI-Net and Hybrid-Net with and without at- 

ention layers are shown in Fig. 10 . 

. Discussion 

We have developed a novel deep learning method for image re- 

onstruction from undersampled k- space data. Our method is built 
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Fig. 7. Frequency-attention maps learned by the network for k-space data undersampled using Cartesian sampling (top) and radial sampling (bottom). 

Table 4 

Performance of the networks with different components on the Stanford dataset with Cartesian sampling. 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Mean ±std p-value Mean ±std p-value Mean ±std p-value 

Without self-attention 11.95 ±0.01 7.4e-63 35.19 ±1.81 1.1e-59 92.04 ±0.02 2.0e-40 

Channel-attention alone 11.52 ±0.01 9.7e-50 35.39 ±1.83 8.4e-48 92.15 ±0.03 8.1e-38 

Frequency-attention alone 11.43 ±0.01 7.8e-37 35.43 ±1.87 5.3e-3 92.17 ±0.03 1.1e-17 

ACNN-k-Space 11.11 ±0.01 - 35.55 ±1.86 - 92.25 ±0.03 - 

Table 5 

Performance of the networks with different components on the fastMRI dataset with radial sampling. 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
mean ±std p -value mean ±std p-value mean ±std p-value 

Without self-attention 15.47 ±0.02 1.90e-6 40.00 ±3.15 3.14e-9 94.83 ±0.05 2.67e-11 

Channel-attention alone 15.25 ±0.03 5.61e-5 40.13 ±3.05 9.14e-7 94.94 ±0.05 4.19e-10 

Frequency-attention alone 15.11 ±0.02 5.44e-6 40.23 ±3.02 3.37e-6 95.03 ±0.06 3.29e-12 

ACNN-k-Space 14.93 ±0.02 - 40.39 ±3.25 - 95.21 ±0.05 - 

Table 6 

Performance of different attention blocks on the Stanford dataset under Cartesian sampling 

(the architectures are ranked based on NMSE). 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Mean ±std Mean ±std Mean ±std 

CF-X ( Fig. 4 d) 11.39 ±0.01 35.44 ±1.81 92.18 ±0.03 

C-F ( Fig. 4 b) 11.33 ±0.01 35.47 ±1.81 92.21 ±0.03 

F-C ( Fig. 4 c) 11.26 ±0.01 35.51 ±1.85 92.24 ±0.03 

Paralleled architecture ( Fig. 4 a) 11.11 ±0.01 35.55 ±1.86 92.25 ±0.03 
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pon a residual Encoder-Decoder network of CNNs to learn inter- 

olation in k- space. Also, rather than learning the interpolation 

ndependently for each slice, we integrate complementary infor- 

ation of spatially adjacent slices as multi-channel input to the 

esidual network to improve image reconstruction. We adopt self- 

ttention layers to effectively integrate complementary information 

f multiple slices and recognize distinctive contributions of k- space 

ata at different spatial frequencies. Ablation studies and compar- 

son with existing methods have demonstrated that our method 

ould effectively reconstruct images from undersampled k- space 
a

9 
ata and achieved significantly better image reconstruction perfor- 

ance than state-of-the-art alternative techniques. 

Our method adaptively learns k-space data interpolation using 

elf-attention layers consisting of frequency-attention and channel- 

ttention layers. As illustrated in Fig. 7 , the frequency-attention 

aps had distinctive values at different spatial frequencies of 

he k-space data, indicating that the frequency-attention layers 

ould modulate features learned by weight-sharing CNNs so that 

he deep learning models could model k-space data at low and 

igh frequencies differently. As illustrated in Fig. 8 , the channel- 

ttention layers facilitate effective integration of information from 
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Fig. 8. Visualization of response values of different channels of a testing case of the Stanford dataset. The response values were normalized by their max value. The response 

values are presented as violin plots to show the probability density of the data at different values, in addition to the median of the data and a box indicating the interquartile 

range. 

Table 7 

Performance of different attention blocks on the fastMRI dataset under radial sampling (the 

architectures are ranked based on NMSE). 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Mean ±std Mean ±std Mean ±std 

CF-X ( Fig. 4 d) 15.13 ±0.02 40.21 ±3.01 95.10 ±0.04 

C-F ( Fig. 4 b) 15.02 ±0.02 40.29 ±3.10 95.13 ±0.05 

F-C ( Fig. 4 c) 14.98 ±0.02 40.35 ±3.25 95.18 ±0.05 

Parallel architecture ( Fig. 4 a) 14.93 ±0.02 40.39 ±3.30 95.21 ±0.05 

Table 8 

Performance of our method with different numbers of the input slices based on the Stanford dataset. 

Number of 

input slices 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ Train times Test time (each 

case) 
Mean ±std p-value Mean ±std p-value Mean ±std p-value 

1 11.55 ±0.01 - 35.45 ±1.81 - 92.15 ±0.03 - ~44 hours ~49 ms 

3 11.11 ±0.01 7.4e-63 35.55 ±1.86 2.1e-53 92.25 ±0.03 6.3e-30 ~50 hours ~50 ms 

5 10.94 ±0.00 1.3e-64 35.57 ±1.84 5.1e-61 92.30 ±0.03 2.2e-42 ~57 hours ~58 ms 

7 10.76 ±0.00 2.0e-66 35.61 ±1.84 1.1e-61 92.35 ±0.03 8.8e-45 ~65 hours ~62 ms 

9 10.65 ±0.00 1.1e-65 35.64 ±1.84 1.2e-61 92.40 ±0.03 2.4e-45 ~74 hours ~65 ms 

11 10.64 ±0.00 2.9e-66 35.64 ±1.84 1.1e-61 92.45 ±0.03 9.7e-46 ~84 hours ~70 ms 

Table 9 

Performance of our method with different numbers of the input slices based on the fastMRI dataset. 

Number of 

input slices 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Train time 

Test time (each 

case) 
Mean ±std p-value Mean ±std p-value Mean ±std p-value 

1 15.29 ±0.02 - 40.11 ±3.27 - 94.86 ±0.05 - ~62 hours ~58 ms 

3 14.93 ±0.02 2.6e-2 40.39 ±3.30 5.1e-2 95.21 ±0.05 5.6e-3 ~70 hours ~60 ms 

5 14.72 ±0.02 4.6e-6 40.49 ±2.88 3.3e-7 95.42 ±0.05 1.9e-8 ~79 hours ~64 ms 

7 14.60 ±0.02 1.5e-9 40.55 ±2.92 6.0e-9 95.48 ±0.05 8.3e-12 ~89 hours ~69 ms 

9 14.55 ±0.02 8.3e-7 40.58 ±2.90 9.3e-8 95.50 ±0.05 6.3e-10 ~101 hours ~73 ms 

11 14.51 ±0.02 3.7e-9 40.62 ±3.02 7.8e-8 96.51 ±0.05 5.3e-11 ~113hours ~78 ms 

10 
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Table 10 

Performance of hybrid deep learning methods with and without the attention layers in their k-space deep learning components on the Stanford dataset. 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Cartesian Radial Cartesian Radial Cartesian Radial 

mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value 

KIKI-Net 10.96 ±0.01 2.1e-23 10.44 ±0.01 9.6e-22 35.71 ±1.75 5.5e-32 35.91 ±1.72 2.5e-39 91.98 ±0.02 9. 7e -24 92.78 ±0.02 4.1e-24 

w/attention 10.84 ±0.01 - 10.08 ±0.01 - 35.76 ±1.74 - 36.07 ±1.76 - 92.00 ±0.02 - 92.80 ±0.02 - 

Hybrid-Net 10.77 ±0.01 9. 5e -22 10.39 ±0.01 7.4e-17 35.79 ±1.63 4.3e-32 35.95 ±1.67 1.7e-34 91.98 ±0.02 3.5e-21 92.81 ±0.02 1.6e-19 

w/attention 10.40 ±0.01 - 10.01 ±0.01 - 35.95 ±1.59 - 36.11 ±1.70 - 92.13 ±0.02 - 92.84 ±0.02 - 

Table 11 

Performance of hybrid deep learning methods with and without the attention layers in their k-space deep learning components on the fastMRI dataset. 

Methods 

NMSE ( × 10 −3 ) ↓ PSNR ↑ SSIM ( × 10 −2 ) ↑ 
Cartesian Radial Cartesian Radial Cartesian Radial 

mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value mean ±std p-value 

KIKI-Net 18.02 ±0.02 7.5e-25 14.70 ±0.02 3.8e-24 39.27 ±3.03 7.2e-36 40.51 ±3.30 6.8e-32 95.12 ±0.05 1.6e-22 95.29 ±0.05 4.4e-19 

w/attention 17.84 ±0.01 - 14.38 ±0.01 - 39.36 ±2.53 - 40.65 ±3.06 - 95.18 ±0.05 - 95.35 ±0.04 - 

Hybrid-Net 17.89 ±0.01 6.3e-22 14.66 ±0.01 1.8e-19 39.32 ±2.63 4.9e-27 40.59 ±3.04 9.2e-27 95.15 ±0.05 1.4e-22 95.32 ±0.05 2.8e-16 

w/attention 17.64 ±0.01 - 14.38 ±0.01 - 39.40 ±2.74 - 40.69 ±2.86 - 95.20 ±0.04 - 95.39 ±0.04 - 

Fig. 9. Visualization of training and validation loss functions for data undersampled with Cartesian and radial sampling. The loss functional values were normalized by the 

image size (width × length). 
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patially adjacent image slices. It has been demonstrated that 

hannel-attention is a powerful technique to improve image re- 

onstruction by integrating channel-wise features adaptively rather 

han equally ( Huang et al., 2019 ; Lee et al., 2020 ). Our results

rovide additional evidence that the channel-attention layer ap- 

lied to input image slices could improve the image reconstruc- 

ion performance. Quantitative evaluation results summarized in 

ables 2 and 3 have further demonstrated that the attention layers 

ould effectively improve the image reconstruction performance 

ompared with deep learning models without the attention layers 

ith only a 5% increase in the number of model parameters. 

The ablation experimental results have further demonstrated 

hat the self-attention layers in conjunction with the residual 

ncoder-Decoder network architecture can improve k-space data 

nterpolation. Particularly, results summarized in Tables 4 and 

 demonstrate that the self-attention layers, especially when both 

he channel-attention and the frequency-attention layers were 

sed jointly, achieved significantly better image reconstruction per- 

ormance than deep learning models without the attention layers 

r with only one type of attention layers. The results summarized 

able 6 and Table 7 have demonstrated that the parallel architec- 

ure has achieved better performance than the alterative architec- 
11 
ures. Finally, the results summarized in Table 8 and Table 9 have 

urther demonstrated that integration of information from spatially 

djacent image slices of the image slice under consideration can 

mprove the image reconstruction performance. 

As demonstrated by the results summarized in Tables 10 and 

1 and visualized in Fig. 10 , the attention layers improved the 

mage reconstruction performance of KIKI-Net and Hybrid-Net 

 Eo et al., 2018 ; Souza et al., 2019 ) compared with their original

ersion with statistical significance though the differences were 

elatively subtle, indicating that the attention layers might be use- 

ul as a plugin component in other k-space deep learning methods 

o improve the image reconstruction performance. Given that the 

mage reconstruction performance can be improved when more 

mage slices are used as input ( Tables 2 , 3 , 8 , and 9 ), we expect

hat KIKI-Net and Hybrid-Net could be further improved with mul- 

iple image slices as their input in conjunction with the attention 

ayers. 

Our method achieved slightly better performance for the un- 

ersampled data generated with radial and spiral undersampling 

rajectories than Cartesian and 1-D undersampling trajectories, as 

emonstrated by the results shown in Fig. 9 and Table S1. We 

ostulate that this is caused by the fact that radial and spiral 
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Fig. 10. Visualization of representative cases of Stanford dataset, including images reconstructed from KIKI-Net and Hybrid-Net with and without attention layers under 

Cartesian sampling (top) and radial sampling (bottom). The difference images were amplified by 4. The number of coils was 8 and the acceleration factor was 4. 
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ndersampling trajectories generally contain more data points at 

ow spatial frequency regions than Cartesian and 1-D undersam- 

ling trajectories at the same undersampling rate. However, this 

ssue merits a more rigorous investigation, which will be a focus 

f future studies. Interestingly, our method implemented with 

1 loss and L2 loss yielded similar performance on the Stanford 

ataset, as summarized in Table S2. A recent study has demon- 

trated that perceptual loss function performed significantly better 

han L1 or L2 loss functions as determined by radiologists’ scores 

 Ghodrati et al., 2019 ). We will evaluate if adopting the perceptual 

oss function in our network will improve the image reconstruction 

erformance. 

Our network is built upon the standard residual Encoder- 

ecoder network architecture, which has also achieved promis- 

ng performance in image segmentation ( Li et al., 2021 ) and could 

e improved by adopting other network architectures, network 

locks, and advanced learning strategies, such as Dense block 

 Huang et al., 2017 ), or instance normalization ( Ulyanov et al., 

016 ), in conjunction with advanced loss function ( Ledig et al., 

017 ). It is noteworthy that a variety of deep-learning MR recon- 

truction methods have been developed recently, such as cascaded 

etworks ( Huang et al., 2019 ; Qin et al., 2018 ), variational network 

 Sriram et al., 2020 ), RARE ( Liu et al., 2019 ), and DeepcomplexMRI

etwork ( Wang et al., 2020 ). Our method could also be adopted 

n these methods as a basic deep learning component to improve 

heir image reconstruction performance. 

In conclusion, we have developed adaptive CNNs for k-space 

ata interpolation which has achieved favorable performance com- 

ared with state-of-the-art deep learning methods. 
12 
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