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Image reconstruction

Image analysis

a. Stroke lesion segmentation

b. Breast tumor classification and segmentation

c. Cervical cancer classification

Summary

a. Summary

b. Linear reconstruction

c. Non-linear iterative reconstruction

d. Deep learning-based reconstruction

a. Background

Learning Reconstruction and Analysis



Background: MRI

A powerful tool for clinical diagnosis A powerful tool for scientific research



Challenges In Imaging

Imaging TimeResolution

Correlated &interacting

SNR (Signal To Noise Ratio) 

Short imaging time may cause issues like 

low resolution and SNR, while long time 

may cause issues like claustrophobia,  

motion artifact and signal distortion 

Challenges

Challenges In Diagnosis

ü Highly dependent on 

the doctor's experience

ü Tedious and cumbersome

manual review

ü Imaging data-heavy nature

requires new solutions like AI



Factors determining Acquisition Time

Kx

Ky

MR Image
Sampling Data (K-Space)

Recontruction
N

T  = N ¦ TR
Scan time acquisition lines    repetition

Acquire an image using Spin Echo Sequence:

T1 Weighted Image (T1w)̔ TR=800ms̆ N=256̆ T=3.4min

T2 Weighted Image (T2w)̔ TR=2000ms,  N=256,    T=8.5min



Fast MRI Techniques

ü MR Physics (1970és)

Å Pulse sequence design

ü Hardware (2000és)

Å Parallel imaging with phased array coils

ü Image reconstruction from incomplete K -space data (past decade)

Å Modeling using priori knowledge

Encoding Reconstruction

Radio Frequency Pulse

Phased Array Coil K-Space Data Image for diagnosis



Sanity

(relation to measurements)
Prior or regularization

y : Given measurements  

x : Unknown to be recovered

E : Encoding matrix

Pr(x)

Different prior 
knowledge 

Image Reconstruction

Incomplete K-space data Reconstructed image
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Sparsitydomain

Big dataset 
collection

Deep prior 
learning

Big datasets

1 st phase linear 
reconstruction

(IFFT, SENSE, SMASH, 
Dw!tt!Σ ΧΦύ

2 nd phase Nonlinear 
iterative reconstruction

(CS, low-rank, dictionary  
ƭŜŀǊƴƛƴƎΣ Χύ

3 rd phase Deep learning 
MR reconstruction

(CNN, ADMM-NET,VN-net, 
Automap, MoDL, U-b9¢Σ Χύ

Ky

Kx

Image domain
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Partial K-space

Wavelet 
transform / TV

Inverse transform

MR Recon from Incomplete K-space Data



ü Layer deconvolution spectral (LDS) analysis method

JianhuaLuo, Shanshan Wang , et al. Journal of Magnetic Resonance224 (2012): 82-93.

Å Estimate the truncated k-space 
from  the image containing 
truncation artifact

Å Compute sparse representation 
parameters from truncated k-
space data

Å Use computed parameters to 
recover Missing k-space data

Å Obtain the artifact -removed 
image through Inverse transform 
of updated k -space data

Our Work - 1st phase

ü Main steps

Convolution/deconvolution is always a very powerful tool ! 



Å (a) Initial ZF image containing truncation
artefacts (with truncation frequency c = 64). (bäd)
are respectively the images after removing the
artefacts in (a) using the Hamming window, the
TV and the proposed LDSmethods.

Å Results of removing truncation artefact in real
MR images. (a and c) Represent respectively a
stomach MR image and a brain MR image
having truncation artefacts. (b and d) Show the
images after removing artefacts in (a) and (c),
respectively,using the proposed LDSmethod .

JianhuaLuo, Shanshan Wang , et al. Journal of Magnetic Resonance224 (2012): 82-93.

Our Work - 1st phase



1st phase Sub-summary

ü1st phase Linear analytical reconstruction

ü Pros:

Å Simple and straightforward model

Å Easyimplementation

ü Cons:

Å Object prior is not considered

Å Long scan(acquisition) time



Compressed Sensing (CS)

ÅIncoherent projection

ÅSignal sparsity

ά ρ
measurements
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# of non-zeros

Wakin, Michael, et al. "Compressive imaging for video representation and coding." Picture Coding Symposium. Vol. 1. No. 13. 2006.

Takhar, Dharmpal, et al. "A new compressive imaging camera architecture using optical-domain compression." Computational Imaging IV. Vol. 6065. International Society for 

Optics and Photonics, 2006.

Sparse unknown vector



Dynamic imaging time course

Low rank

Example 1 Example 2

Prior knowledge can be roughly categorized as non-adaptive and adaptive ones.

Non-adaptive: Fixed transform, statistical modelling, model fitting, low-rank. 

Adaptive: Dictionary learning, data-driven tight frame

2nd phase nonlinear reconstruction



Å Dictionary learning in Fenchel-dual space

Å Impulse-noise removal with L1-L1 minimization

Å Improving image reconstruction accuracy with good convergence property

Dictionary Learning

Shanshan Wang , et al. IEEE Transactions on Image Processing 22.12 (2013): 5214-5225.
Shanshan Wang , et al. Signal Processing93.9 (2013): 2696-2708.
Dong Pei, Shanshan Wang* , et al. IEEE Transactions on Image Processing25.11 (2016): 5035-5049
Qiegen Liu, Shanshan Wang , et al.  IEEE Transactions on Image Processing 22.12 (2013): 4652-4663

Our Work - 2nd phase

ü Sparse representation : based on fixed and adaptive dictionary



Our Work äDictionary learning for MRI

Shanshan Wang , Dong Liang,et al, IEEE Transactions on Medical Imaging,37(1):251-261, 2018
Shanshan Wang , Dong Liang, et al, BioMed Research InternationalεSCIζ, 2860643, 2016
Qiegen Liu, Shanshan Wang , et al, IEEE Transactions on Medical Imaging, 2013

Å Parallel imaging with L2,1 norm 

adaptive joint sparse coding

Å One - layer and two - layer tight 

frame learning for MR imaging

Å Improve the accuracy of image 
reconstruction and accelerate the 
convergence.

üMulti-channel correlation and multi-layer sparse development

Figure. Achieves 6X acceleration in 2D with the 
smallest reconstruction error. 

DL-PI SparseSENSE

Sparse BLIP CaLMMRI Proposed

Label



ü Iterative Feature Refinement -Compressed Sensing (IFR-CS) consists 
of three main steps: 

IFR-CS

Shanshan Wang , Dong Liang, et al. Physics in Medicine and Biology, 2016̆ 61, 3291̇ 3316

Our Work - Iterative Feature Extraction 
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Å Sparsity-promoting denoising

Å Feature refinement 

Å Tikhonov regularization



The technology has applied for a patent : 201410452350.1 
Physics in Medicine and BiologyεSCIζ

Our Work - Iterative Feature Extraction 

ü Extracting fine structure and details from the residual image

 residual image feature descriptordetected feature

=

Detected structure Feature descriptor Residual image

Å Thispaper were selected as Featured 
Article and 2016 Research Highlight by 
Physics in Medicine and Biology.



ü Results:
Reference IRM-TV DLMRI Proposed

Reconstruction

Error

Enlarged region

Our Work - Iterative Feature Extraction 



ü 2nd phase Nonlinear Iterative reconstruction

ü Pros:

Å Improved image quality

Å Image prior is included in the model

Å Nice theoretical explanation

ü Cons:

Å Long reconstruction time

Å Limited prior model capacity

Å Hand tuned parameters

2nd phase Sub-summary



ü Deep Learning (DL) MRI beyond Compressed Sensing (CS ) (Citation 256)

Scan ReconLinear

Scan ReconCS-MRI

ScanDL-MRI Recon

S Wang, L. Ying, D Liang etal,. IEEE International Symposium on Biomedical Imaging 2016: 514-517.

1ST Work in This Area going beyond CS

Offline Training

Online Reconstruction

Input Reconstruction

Training data

ɡ



Combination with CS-MRI reconstruction methods

S Wang, L. Ying, D Liang, ñAccelerating Magnetic Resonance Imaging via Deep Learning,ò IEEE-ISBI 2016: 514-517.

Sequential model:

Initialize CS  

Reconstruction model

Integration model:

Network Prediction Reconstructed MR 

image

Pioneering work



Reference Sampling mask Initialization

Network Output Final reconstruction  Error

Initial Results

ü3T scanner

ü 32-channel coil

ü T1-weighted

(spoiled GRE)

üTE min full

üTR = 7.5ms

ü256×256,

ü thickness = 17mm

üR = 3

S Wang, L. Ying, D Liang, ñAccelerating Magnetic Resonance Imaging via Deep Learning,ò IEEE-ISBI 2016: 514-517.



üUnrolled iteration

üAutomatically learning parameters for CS

üRelatively reduce reconstruction time

üWorks (ADMM-NET, VN-NET, ISTA-NET, MoDL, Dictionary

transform learningé)

Sun, Jian, Huibin Li, and Zongben Xu. "Deep ADMM-Net for compressive sensing MRI." Advances in Neural Information 

Processing Systems. 2016.

Model based network learning for CSMRI



üModel based network learning for CS reconstruction

üEnd-to-end learning

ü Image domain end-to-end learning

(MLP, U-NET, GAN, DAGAN, GANCSé)

üK-space domain end-to-end learning

(Deep ALOHA ,DeepSPIRiT, FCRNN, k-space learningé)

üK-space to image-space hybrid learning

(DIMENSION, AUTOMAP, D5C5, SMSé)

Deep Learning Reconstruction 



Deep Learning based MRI

ü Single channel 
validation

ü Multi -coil MRI ü Multi -contrast MRI

ü Dynamic -MR Imaging

Our research on 
deep learning 

based MRI

Model -based 
CSMRI learning  
reconstruction

ÅMulti -coil measurements

ÅParallel reconstruction
ÅOne combined measurement

ÅSimultaneous multi-contrast MR imaging

ÅComplex-valued operation

ÅK-I space hybrid learning
ÅSingle-coil measurements

ÅConstrained reconstruction

End-to -end data 
driven learning 
reconstruction 
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Complex valued nature of MRI



Two ways of dealing with complex-valued MR images:

1. Reconstruct the magnitude and the phase respectively.

2. Treat real and imaginary parts independently. 

The correlation between real and imaginary part is not fully considered. 

Our Work - Complex-Valued Neural Network 

Shanshan Wang , Dong Liang, et al, DeepcomplexMRI, Magnetic Resonance Imaging 68, 136-147
Shanshan Wang , Huitao Cheng, et al. ISMRM, 2018; 

Complex-Valued convolution needs to be explored ! 



ü Network framework

Shanshan Wang , Hairong Zheng, Dong Liang, et al, DeepcomplexMRI, Magnetic Resonance Imaging 68, 136-147
Shanshan Wang , Dong Liang, et al. ISMRM, Paris, France 2018; 

Implemented in tensorflow as real-valued networks representing real and 
imaginary components with complex -valued operations and initializations. 

Our Work - Complex -Valued Neural Network 



ü Results:

Our Work - Complex -Valued Neural Network 

This figure shows ̔
The comparison of
SPIRiT, L1-SPIRiT,
VN and the
proposed method
with
real convolution (rc)
and with complex
convolution half
parameter (cc/0.5)
and with the
same parameter
(cc/1) under 1D
random (top two
lines) and uniform
(bottom two lines)
sampling at a
sampling rate of
33%.



PSNR RMSE SSIM

CS-MRI 29.8495 0.1369 0.8483

DCCNN 31.8295 0.1090 0.8747

Complex-DCCNN 32.9362 0.0960 0.8759

This figure shows ̔
(a)the reference image and
the under-sampled image;
reconstructed images by (b)
CS-MRI, (c) DCCNN, (d)
proposed Complex-DCCNN
and their corresponding
error maps. The sampling
pattern is 2D Poisson disc
and the acceleration factor
is 5x.

(a) (b)

(c) (d)

Our Work - Complex -Valued Neural Network 

ü Results:



ü Network framework

Shanshan Wang et al. International Society for Magnetic Resonance in Medicine, 2017.

Our Work - Parallel MR Imaging



Shanshan Wang et al. International Society for Magnetic Resonance in Medicine, 2017.

Net acceleration factor = 4

Ground truth Deep Learning GRAPPA

SPIRiT L1-SPIRiT

7.69 95.80

48.27 40.48

Our Work - Parallel MR Imaging

ü Results:



ü Theory

Our Work äParallel imaging

Å A de-aliasing parallel imaging model with both spatial redundancy and multi -coil 
correlation explored with learned filters
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YanxiaCheng, et al. Shanshan Wang* , MICCAI 2019. Oral (Top 3%)

Code:

https://github.com/yanxiachen/ConvDe-AliasingNet.

Calibration free
No explicit Sensitivity
Calculation  

https://github.com/yanxiachen/ConvDe-AliasingNet


ü Results:

Our Work - Parallel MR Imaging

PSNR/SSIM

YanxiaChen
Shanshan Wang* ,
MICCAI 2019.
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XiangshunLiu, ShanshanWang*, et al, ISBI 2020



Our Work - Multi -Contrast MR Imaging

proposed      42.51/0.977 proposed      42.96/0.977 proposed      45.54/0.984

zero-filled PD    24.97/0.658    zero-filled T1     24.48/0.618   zero-filled T2    28.89/0.697 

DLMRI          36.90/0.927         DLMRI        37.65/0.913        DLMRI         38.75,0.939

Ground truth PD  random 6.7x    Ground truth T1   random 6.7x    Ground truth T2   random 6.7x 



ü KI-Net : Cascaded Hybrid K-space and I-space learning for dynamic imaging

ü Methodology: K-Net and I-Net are cascaded. Prior knowledges are learned 
from K-space and image space. TV restriction is adopted in loss function for 
better dynamic heart imaging.

Shanshan Wang , Ziwen Ke, et al. International Society for Magnetic Resonance in Medicine, 2018.

Our Work - Dynamic MR Reconstruction



MSE PSNR SSIM

Input 0.004213 23.7540 0.7746

D2C2 0.000406 33.9164 0.9708

KI 0.000223 36.5118 0.9818

Reference Undersampled 
image

D2C2 Recon D2C2 Error KI ErrorKI Recon

Shanshan Wang , Ziwen Ke, et al. International Society for Magnetic Resonance in Medicine, 2018.

ü Results:

Our Work - Dynamic MR Reconstruction



Shanshan Wang , Ziwen Ke, Hairong Zheng, Dong Liang, et al. NMR in Biomedicine, DOI:10.1002/nbm.4131 .

Our Work - Dynamic MR Reconstruction

üDIMENSION: Dynamic MR Imaging with Both K-space and Spatial Prior 
Knowledge Obtained via Multi -Supervised Network Training.

Code:https://github.com/Keziwen/DIMENSION



Our Work - Dynamic MR Reconstruction

Shanshan Wang ,  Hairong Zheng, Dong Liang, et al. æNMR in Biomedicine, DOI:10.1002/nbm.4131 ..



ü 3rd phase Deep learning MR reconstruction

ü Pros:

Å Improved image quality

Å Short reconstruction time

Å Big capacity prior is included in the model

ü Cons:

Å Poor theoretical explanation

Å Complex hyperparameters and structures setting

3rd phase Sub-summary

The reconstruction research is still ongoing  



ü Handling hard samples

ü Exploring multi -modality

ü Designing light network

MR image analysis 

Deep 

Neural 

Network
T1C

T2W

Deep Neural 

Network with 

Massive Number 

of Parameters

Light 

Network

Deep 

Neural 

Network

Samples with Large range of 
stroke lesion scales

Motivation and focus

Issue 1

Issue 2

Issue 3



ü Challenges 

Å Large range of stroke lesion scales 

Å The tissue intensity similarity

Å The insufficient uses of multi-scale 
features and context information by 
the famous encoder-decoder structure

0.5x

0.5x

0.5x

0.5x

2x

2x

2x

2x

Encoder-DecoderT1 GroundTruth

Stroke Segmentation



üProposed CLCI-Net: Cross-Level fusion and Context Inference Network

ü Contribution:

Å CLF. 
Full use of different 
levels of features

Å Extension of ASPP. 
Address the 
challenges with big 
variety of lesion 
scales

Å Context Inference. 
More fine structures 
captured

Our Work - Stroke Segmentation with  CLCI -Net

Hao Yang& Shanshan Wang* , MICCAI 2019.
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GT Ours Baseline DenseUnet DeepLabv3+ PSPNet FCN-8sT1

ü Results:

a

Lesions with different scales 

Our Work - Stroke Segmentation with  CLCI -Net

Hao Yang &Shanshan Wang* , MICCAI 2019.



ü Limitations of the proposed CLCI -Net:  Numerous number of parameters

Our Work - Stroke Segmentation with X -Net

ü Contribution:

Å Adoption of depthwise
convolution. Reduce 
the network size.

Å Feature Similarity 
Module (FSM). Capture 
long-range 
dependencies

KehanQi&Shanshan Wang* , MICCAI 2019.

FSM

Encoder

Decoder

X-Block

Maxpooling 2 2

Upsampling 2 2 and Conv 3 3

Feature Map

Convolution Layer

Skip and Concate

64

128

256

512

1024

512

256

128

64

ÅWe further proposed an X-net with reduced model size without 

compromising 

ü the performances



ü Results:

Our Work - Stroke Segmentation with  X -Net

KehanQi&Shanshan Wang* , MICCAI 2019.

U-net         SegNet PSPNet DenseU Deeplab V3+  ResUNet Ours      Groundtruth MR



Our Work - Stroke Segmentation with D -UNet

ü Limitations of pure 2D or 3D network:  Spatial context or Resource occupation

Yongjin Zhou&Shanshan Wang* , IEEE/ACM Transactions on Computational Biology and Bioinformatics 2019.

Å Considering that 2D-based networks ignore spatial context information, and 3D-

based networks require too much computing resources, we propose D-UNet.

Up-

Sampling
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Pooling

2d

Concatenate

BN

Conv2d

Conv2d

BN

Conv3d

BN

Conv3d

BN

Max-

pooling

3d

192×192×1

(a) D-Unet architecture
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(b) Dimension Transform Block

HxWxC

Global 

pooling
FC ReLu FC Sigmoid

Mul

1×1×C 1×1×C /r 1×1×C /r 1×1×C

Squeeze-and-Excitation Block

H×W×C

Global 

pooling
FC ReLu FC Sigmoid

Mul

1×1×C 1×1×C/r 1×1×C/r 1×1×C

Conv3d

(1×1×1)
Squeeze Conv2d

(3×3)

H×W×D×C H×W×D× 1 H×W×D H×W×C

H×W×C

Add

H×W×C

Dimension 

Transform 

Block

ü Contribution:

Å Dimensional fusion. 
Extracted 3D 
information from MRI 
data and reduced 
resource consumption.

Å EML (Enhance Mixing 

Loss).Reduce the time 
required to train the 
network.



Our Work - Stroke Segmentation with D -UNet

Yongjin Zhou&Shanshan Wang* , IEEE/ACM Transactions on Computational Biology and Bioinformatics 2019.
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ü Traditional Focal Loss(FL) and Dice Loss(DL) ̔

ü Proposed Enhance Mixing Loss(EML) ̔



Ground Truth Ours UNet Deeplab v3+ PSPNetOriginal SegNet

(1)

(2)

(3)

(4)

(5)

(6)

(7)

ü Results:

Yongjin Zhou&Shanshan Wang* , IEEE/ACM Transactions on Computational Biology and Bioinformatics 2019.

Our Work - Stroke Segmentation with D -UNet

Method DSC Precision Recall

SegNet 0.329°0.251 0.385°0.288 0.332°0.265

PSP 0.446°0.263 0.500°0.291 0.470°0.278

Deeplab 
v3+

0.453°0.291 0.563°0.325 0.446°0.303

UNet 0.497°0.291 0.551°0.330 0.504°0.304

D-UNet 0.535 �r 0.276 0.633 �r 0.296 0.524 �r 0.291


