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a b s t r a c t 

This paper proposes an effective method for accurately recovering vessel structures and intensity infor- 

mation from the X-ray coronary angiography (XCA) images of moving organs or tissues. Specifically, a 

global logarithm transformation of XCA images is implemented to fit the X-ray attenuation sum model 

of vessel/background layers into a low-rank, sparse decomposition model for vessel/background sepa- 

ration. The contrast-filled vessel structures are extracted by distinguishing the vessels from the low- 

rank backgrounds by using a robust principal component analysis and by constructing a vessel mask 

via Radon-like feature filtering plus spatially adaptive thresholding. Subsequently, the low-rankness and 

inter-frame spatio-temporal connectivity in the complex and noisy backgrounds are used to recover the 

vessel-masked background regions using tensor completion of all other background regions, while the 

twist tensor nuclear norm is minimized to complete the background layers. Finally, the method is able to 

accurately extract vessels’ intensities from the noisy XCA data by subtracting the completed background 

layers from the overall XCA images. We evaluated the vessel visibility of resulting images on real X-ray 

angiography data and evaluated the accuracy of vessel intensity recovery on synthetic data. Experiment 

results show the superiority of the proposed method over the state-of-the-art methods. 

© 2018 Elsevier Ltd. All rights reserved. 
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1. Introduction 

1.1. Motivation 

Cardiovascular diseases are the leading cause of death in the

world [1] . Minimally invasive vascular interventions, such as

percutaneous coronary intervention and robot-assisted coronary

intervention [2] , have been routinely applied into the clinic.

During these interventions, contrast-filled vessels are imaged by

X-ray coronary angiography (XCA) to help surgeons navigate the

catheters. Apart from interventional guidance, XCA images are also

important references for coronary disease diagnosis and thera-

peutic evaluation [3–5] . It is important to extract contrast-filled
∗ Corresponding authors. 

E-mail addresses: bjqin@sjtu.edu.cn (B. Qin), dingsong@renji.com (S. Ding). 
essels from X-ray coronary angiography (XCA) data for the

iagnosis and intervention of cardiovascular diseases [6,7] . 

Robust subspace learning via decomposition into low-rank plus

dditive matrices, an important topic in machine learning and

omputer vision, has been applied to medical imaging application

8] . Based on the fact that an image sequence is often modeled

s a sum of low-rank and sparse components in some transform

omains, robust principal component analysis (RPCA) has been

idely exploited to recover low-rank data (or separate sparse out-

ier) from the corrupted or undersampled noisy data in biomedical

maging [9–11] . 

However, the visibility of vessels in XCA images is poor even

hough the contrast agents in X-ray imaging significantlya

https://doi.org/10.1016/j.patcog.2018.09.015
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2018.09.015&domain=pdf
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mailto:dingsong@renji.com
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isturbances, and noises in XCA images. Because the contrast-filled

essels have different motion patterns for the contrast-filled ves-

els and background structures, they include the vessel layer or

oreground layer, whereas all other structures are called back-

round layer. Due to the complex dynamic structures, the back-

round layer seriously disturbs the observation and measurement

f vessels. To facilitate the diagnosis and treatment of cardiovascu-

ar diseases, automatical extraction of the vessel layer and effective

emoval of the nonvascular background layer has become a prereq-

isite to improve the visibility and detection of vessels for various

linical applications, such as 3D reconstruction of coronary arter-

es [12] , 3D/2D image coronary registration [13] , coronary artery

abeling [14] , heart’s dynamic information extraction [15] , and my-

cardial perfusion measurement [4,5,16] . In addition, vessel extrac-

ion is usually used as a preprocessing step to remove noises and

omplex backgrounds from XCA images while emphasizing vessel-

ike structures for most sophisticated pipeline algorithms including

essel segmentation and vessel centerline extraction. 

Currently, most vessel extraction methods mainly focus on re-

oving background noises and improving the saliency of vessels.

hile vessel structures can be highlighted, the vessel intensity in-

ormation in the images is neglected and lost after the processing

teps with previous methods. A more accurate vessel layer extrac-

ion with structure and intensity recovery will definitely facilitate

urther quantitative analysis of 

 and  
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Decomposition (t-SVD) [4 8,4 9] , has been verified effective for 3D

tensor completion [50,51] . Hu et al. have further optimized the

TNN model for the video completion task by integrating a twist

operation [52] . 

1.3. Overview and contributions 

Existing layer separation works share a similar global strategy

for layer modeling, i.e. , these methods treat an XCA image as a

whole, and aim to directly separate layers from all the pixels. Un-

der this strategy, the intensity of every pixel in an XCA image has a

potential to be split up into several parts. As a result, local interac-

tion of different layers will affect the global separation. Specifically,

popular RPCA methods have the following three main limitations

for foreground/background separation in XCA images. First, vector-

izing the XCA video sequence into a matrix makes the RPCA model

ignore the 3D spatio-temporal information between the consecu-

tive frames of the XCA sequence. For example, X-ray imaging pro-

duces a lot of dense noisy artifacts, whose positions change in a

gradually moving pattern in the XCA frames. The RPCA methods

often recognize these moving artifacts as foreground objects. 

The second limitation is that most RPCA-based image decom-

position imposes the foreground component being pixel-wisely

sparse (e.g., L 1 -norm for the sparsity) and the background compo-

nent being globally low-rank without locally considering the com-

plex spatially varying noise in observation data. However, an ob-

servation of low dose X-ray imaging is not only badly corrupted by

spatially varying signal-dependent Poisson noise [53,54] , but also

of low contrast and low SNR between the noise and the signal. This

serious signal-dependent noise locally affects every entry of the

data matrix and results in unsatisfying foreground vessel images

containing many artifact residuals. Though Bayesian RPCA model-

ing data noise as a mixture of Gaussians is developed [55] to fit

a wide range of noises such as Laplacian, Gaussian, sparse noise

and any combinations of them, or GoDec+ [56] introduces a ro-

bust local similarity measure called correntropy to describe the

data corruptions including Gaussian noise, Laplacian noise, and salt

& pepper noise on real vision data, these methods cannot tackle

the challenging problem of spatially varying noise in low-rank and

sparse decomposition. To further remove these spatially varying

noisy artifacts from the low contrast foreground vessel, the impor-

tance of vessel details in the foreground image sequences should

be highlighted. Recently, reducing noise while preserving the visu-

ally important image details have attracted increasing attention in
of of of
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Fig. 1. Overview of VRBC-t-TNN for an XCA image sequence. 
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omplete the low-rank background layers that are then subtracted

rom the overall XCA images. Therefore, both the structures and the

ntensities of vessels are well recovered with the proposed method.

. Methods 

.1. Overview 

The proposed vessel layer extraction method called VRBC-t-TNN

ontains three main procedures. First, the vessel mask regions are

xtracted by combining the RPCA algorithm [60] with a vessel fea-

ure filtering based segmentation method [27] . As a preprocessing

tep of RPCA, a global logarithm transformation is performed on

he input XCA sequence to create the X-ray attenuation sum model

or the subsequent vessel/background decomposition. By exploit-

ng the sparse outlier property of moving contrast in vessel regions

nd eliminating the disturbance of background structures, the ini-

ial contrast-filled vessel layer is extracted from the X-ray atten-

ation data by RPCA algorithm [60] . The vessel regions are then

egmented out from the initial vessel layers via joint enhancement

nd denoising strategy that is implemented by RLF filtering and

patially adaptive thresholding. Secondly, the whole background

ayers are completed by completing the vessel-overlapped back-

round regions based on neighboring background pixel informa-

ion via a tensor completion algorithm called t-TNN [52] . Finally,

he vessel layers are accurately extracted via subtraction of all the

ackground layers from the whole attenuation data. Fig. 1 provides

n overview of the whole procedure. Details are described in the

emaining part of Section 2 . 

.2. Global intensity mapping 

A global logarithm mapping is carried out on the whole XCA

mage data to perfectly fit the X-ray attenuation sum model of

ngiograms. In X-ray imaging, photons coming through human

ody are attenuated by contrast agents and various human tis-

ues. The intensity of rays is reduced exponentially by the sum of
ttenuation coefficients, as the following equation: 

 out = X in e 
− ∫ 

d μd x , (1) 

here X in and X out represent the intensities of X-rays that come

nto and out of human body, respectively, μ denotes the attenua-

ion coefficient, d denotes the path of rays. 

By applying the log operator on both sides, we get: 

ln ( X out / X in ) = 

∫ 
d 

μd x. (2) 

The XCA image intensity normalized to the range [0, 1] can be

egarded as the normalization of the ray intensity, i.e. the ratio of

 out to X in . Then we get the following equation: 

ln ( I XCA ) = − ln ( X out / X in ) = 

∫ 
d 1 

μd x + 

∫ 
d 2 

μd x = A F + A B , (3)

here A F and A B represent the attenuation sums caused

y foreground vessels and complex backgrounds, respectively.

q. (3) demonstrates that the XCA image is a sum of ves-

el/background layers in the logarithm domain, accordingly the

ultiplication of the two layers in the original image domain. 

After this logarithm mapping, the linear sum model of Eq. (3) is

eady for vessel/background separation via low-rank plus sparse

atrix decomposition in RPCA (Illustrated in Section 2.3 ), as well

s low-rank background plus foreground vessel extraction in ten-

or completion (Illustrated in Section 2.5 ). Therefore, we use the

ogarithm operation as a preprocessing of image data and perform

xponentiation operation afterwards for the whole experiments in

his work. 

.3. Preliminary vessel layer extraction 

Though vessels can be segmented directly from original XCA

mages, the complex background structures and spatially varying

oises may bring too many noisy artifacts into the segmentation

esults. Therefore, in this step an initial vessel layer with reduced

ackground structures is preliminarily extracted from the XCA at-

enuation data sequence for better vessel segmentation. The XCA
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attenuation sequence is formed as a matrix D with each frame

vectorized as a column. By exploiting the sparse outlier of moving

contrast in the vessel layers, the RPCA algorithm is performed on

the XCA attenuation data to extract the contrast-filled vessel layer.

The RPCA model [39] minimizes the sum of matrix nuclear

norm of background and L 1 norm of foreground component: 

min 

L,S 
‖ 

L ‖ ∗ + λ‖ 

S ‖ 1 , s.t. D = L + S, (4)

where D ∈ R 

n 1 ×n 2 denotes the data matrix, L ∈ R 

n 1 ×n 2 and S ∈
R 

n 1 ×n 2 denote the low-rank component (background layer) and the

sparse component (foreground layer), respectively, λ is a positive

weighting parameter, || S|| 1 = 

∑ 

i, j | S i, j | is the L 1 norm, || L || ∗ de-

notes the nuclear norm of L , which is an approximation to the ma-

trix rank. The nuclear norm in Eq. (4) tightly couples all samples in

the image sequence. This RPCA model has been proven efficient in

moving object detection, including vessel 
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Algorithm 2 Vessel segmentation. 

Input: Initial vessel layer image I i v (a frame of S from Algorithm 

1). 

1: Otsu threshold all I i v s to get binary mask M O s; 

2: Calculate the Radon-Like features of I i v , the resulted RLF image 

is denoted by R i v ; 

3: Phansalkar threshold R i v to get mask M P ; 

4: Remove regions smaller than a fixed size t s from M P ; 

5: Take the foreground pixels in M P as seeds, do conditional dila- 

tion in M O , the result mask image is denoted by M c ; 

6: Merge the foreground regions in M P and M c together to get the 

final mask image M V . 

Output: Binary vessel mask image, M V . 

m  

g  

r  

o  

f  

t  

n  

e  

s

ethods. After testing several algorithms, we adopt the t-TNN al-

orithm [52] that can exploit the temporal redundancy and low-

ank prior between the neighboring frames more efficiently than

ther tensor completion algorithms. The original XCA sequence is

ormed as a tensor D with each slice being a matrix representa-

ion of each frame. All areas except the vessel mask regions, de-

oted as �, are presumed to be the known background layer pix-

ls. To make sure that � does not contain edge pixels of the ves-

els,
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The whole procedure of the t-TNN background completion step

s shown in Algorithm 3 . 

. Experimental results 

.1. Real and synthetic XCA data 

In this work, we used two types of experimental data for the

valuation of VRBC-t-TNN: real clinical XCA data and synthetic XCA

ata. All the 12 sequences of real XCA images are obtained from

en Ji Hospital of Shanghai Jiao Tong University. Each sequence

ontains 80 frames whose image resolution is 512 × 512 pixels with

 bits per pixel. All the experiments in this paper were approved

y our institutional review board. 

To accurately evaluate the vessel region and intensity recov-

ry, we constructed 10 sequences of synthetic XCA images with

round truth background layer images (GTBL) and vessel layer im-

ges (GTVL). To get GTVLs, we perform vessel extraction similar

o Algorithms 1 and 2 described in Section 2 with slightly differ-

nt parameters on the real XCA data. Then we remove some arti-

acts manually from the extracted rough vessel images to obtain

he GTVLs. The GTBLs are the consecutive frames selected from

he real XCA data. Because a XCA image is the product of the ves-

el layer and the background layer according to the X-ray imaging

echanism (see Section 2.2 ), we multiply a sequence of GTVLs to

he clean regions of GTBLs from a different sequence to obtain the

ynthetic XCA data. An example synthetic image with GTBL and

TVL is shown in Fig. 7

thethelayer   consecutivefromves-  

http://perception.csl.illinois.edu/matrix-rank/home.html
https://www.mathworks.com/matlabcentral/fileexchange/27886
http://winsty.net/prmf/code.zip
http://gr.xjtu.edu.cn/c/document_library/get_file?folderId=495355&name=DLFE-25510.rar
http://www.escience.cn/people/bjqin/research.html
http://www.mathworks.com/matlabcentral/fileexchange/24409
http://www.mathworks.com/matlabcentral/fileexchange/50839
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Fig. 4. Vessel mask images by different vessel segmentation methods. Segmentation results of four XCA images are shown in four rows. From left to right, each row displays 

the original XCA image, the manually outlined ground truth vessel mask, the images processed by Frangi’s, Coye’s, Felfelian’s method, MSRG, CNN-Xray, Retina-unet, and the 

proposed method, respectively. 

 

 

of th
images of VRBC-t-TNN achieve the best visual performances. Both

the background layer images and the vessel layer images are visu-

ally appealing and seem to be well recovered  are 
e   
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Fig. 5. Example 1 of vessel layer extraction results from real data. Each group of results contains a background layer image labeled 1 and a vessel layer image labeled 2. 

(a) Original XCA image. (b)–(l) Layer separation results: (b) MedSubtract. (c) PRMF. (d) MoG-RPCA. (e) IALM-RPCA. (f) MCR-RPCA. (g) VRBC-PG-RMC. (h) VRBC-MC-NMF. (i) 

VRBC-ScGrassMC. (j) VRBC-LRTC. (k) VRBC-tSVD. (l) VRBC-t-TNN. 

Table 1 

The average detection rate, precision, F-measure (mean value ± standard deviation) for 

all methods using the real and synthetic data. 

Real Synthetic 

Method DR P F DR 

Frangi’s 0.529 ± 0.244 0.272 ± 0.114 0.352 ± 0.144 0.558 ± 0.199 

Coye’s 0.703 ± 0.109 0.318 ± 0.113 0.422 ± 0.108 0.671 ± 0.186 

Felfelian’s 0.715 ± 0.178 0.511 ± 0.166 0.560 ± 0.124 0.412 ± 0.273 

MSRG 0.549 ± 0.235 0.752 ± 0.125 0.597 ± 0.193 0.425 ± 0.175 

CNN-Xray 0.547 ± 0.195 0.834 ± 0.076 0.636 ± 0.162 0.744 ± 0.083 

Retina-Unet 0.571 ± 0.196 0.457 ± 0.096 0.491 ± 0.131 0.782 ± 0.135 

Proposed 0.773 ± 0.050 0.704 ± 0.126 0.729 ± 0.067 0.888 ± 0.048 
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.6. Quantitative evaluation on vessel intensity recovery using 

ynthetic data 

To measure the accuracy of vessel intensity recovery, we di-

ectly calculated the differences between the extracted vessel lay-

rs and the ground truths. The reconstruction error of vessels is

efined as follow: 

 recon = 

∑ 

(x,y ) ∈ V | I result (x, y ) − I groundtruth (x, y )) | ∑ 

(x,y ) ∈ V I groundtruth (x, y ) 
, (21) 

here V denotes the vessel regions, I result and I groundtruth denote

he intensities of the resulting vessel layer images and the ground
ruth vessel layer images, respectively. For each synthetic XCA se-

uence, the E recon of the whole sequence is calculated. Fig. 10 and

able 3 show the general performances of different algorithms on

he 10 synthetic sequences. 

E recon measures the vessel intensity difference between the sep-

ration result and the ground truth. A small E recon indicates an

ccurate vessel layer extraction. We can see that VRBC achieves

maller E recon values than other existing methods. Among them,

RBC-t-TNN achieves the best performance. This E recon evaluation

ndicates that VRBC-t-TNN can accurately recover the contrast-

lled vessel intensities from XCA images. 
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Fig. 6. Example 2 of vessel layer extraction results from real data. Each group of results contains a background layer image labeled 1 and a vessel layer image labeled 2. 

(a) Original XCA image. (b)–(l) Layer separation results: (b) MedSubtract. (c) PRMF. (d) MoG-RPCA. (e) IALM-RPCA. (f) MCR-RPCA. (g) VRBC-PG-RMC. (h) VRBC-MC-NMF. (i) 

VRBC-ScGrassMC. (j) VRBC-LRTC. (k) VRBC-tSVD. (l) VRBC-t-TNN. 

Table 2 

The average CNR values (mean value ± standard deviation) for all methods 

using the real data. 

Method Global CNR Local CNR 

Original 1.026 ± 0.345 1.558 ± 0.500 

MedSubtract 5.074 ± 2.035 6.475 ± 3.109 

PRMF 6.869 ± 2.461 8.955 ± 3.690 

MoG-RPCA 6.941 ± 2.518 8.959 ± 3.644 

IALM-RPCA 8.323 ± 2.974 9.909 ± 3.485 

MCR-RPCA 9.898 ± 4.016 12.252 ± 5.094 

VRBC-PG-RMC 11.266 ± 8.214 9.078 ± 3.245 

VRBC-MC-NMF 11.098 ± 6.367 9.710 ± 4.149 

VRBC-ScGrassMc 12.197 ± 6.848 10.700 ± 4.879 

VRBC-LRTC 11.846 ± 9.199 9.717 ± 3.649 

VRBC-tSVD 14.842 ± 9.887 11.722 ± 4.643 

VRBC-t-TNN 14.976 ± 9.961 12.083 ± 4.789 

 

 

 

 

 

 

Table 3 

The average E recon values (mean value ± standard devia- 

tion) for all methods using the 10 synthetic sequences. 

Method E recon 

MedSubtract 0.073 ± 0.012 

PRMF 0.053 ± 0.009 

MoG-RPCA 0.055 ± 0.012 

IALM-RPCA 0.050 ± 0.009 

MCR-RPCA 0.061 ± 0.010 

VRBC-PG-RMC 0.039 ± 0.006 

VRBC-MC-NMF 0.045 ± 0.006 

VRBC-ScGrassMc 0.041 ± 0.007 

VRBC-LRTC 0.037 ± 0.006 

VRBC-tSVD 0.033 ± 0.005 

VRBC-t-TNN 0.030 ± 0.005 
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3.7. Computation times 

Finally, we report on the computation costs incurred by our

VRBC-t-TNN algorithm on a Lenovo PC equipped with an Intel Core

i5-4460 Quad-Core 3.2 GHz CPU and 8 GB of RAM executing Mat-

lab codes. The average processing time of a 512 × 512 × 80 real XCA

sequence is approximately 970 s. The RPCA step, vessel filtering

step and t-TNN step take approximately 28 s, 740 s and 200 s, re-

spectively. 
. Discussion and conclusion 

We have presented a new low-rankness based decomposition

ramework for accurate vessel layer extraction from XCA im-

ge sequences. By constructing the background layer via tensor

ompletion of the vessel regions from original XCA images, the

roposed method can overcome limitations in current vessel

xtraction methods and has significantly improved the accuracy

f vessel intensity recovery with enhanced vessel visibility. In

his method, the raw XCA image sequences are first mapped into



B. Qin et al. / Pattern Recognition 87 (2019) 38–54 49 

Fig. 7. Examples of vessel layer extraction results from synthetic data. Each group of results contains a background layer image labeled 1 and a vessel layer image labeled 

2. (a–0) Synthetic XCA image. (a–1,2) Ground truth background layer and vessel layer image. (b)-(l) Layer separation results: (b) MedSubtract. (c) PRMF. (d) MoG-RPCA. (e) 

IALM-RPCA. (f) MCR-RPCA. (g) VRBC-PG-RMC. (h) VRBC-MC-NMF. (i) VRBC-ScGrassMC. (j) VRBC-LRTC. (k) VRBC-tSVD. (l) VRBC-t-TNN. 
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 logarithmic domain to perfectly fit the X-ray attenuation sum

odel along the vessel and background layers into the subsequent

essel/background decomposition modeling. We subsequently use

he low-rank and sparse decomposition via RPCA algorithm to

xtract the contrast-filled vessel regions. RLF filtering and spatially

daptive thresholding are performed on the vessel layer images

o segment out vessel masks. An accurate background layer image

equence is then constructed by t-TNN tensor completion by

xploiting the spatio-temporal consistency and low-rankness of

ackground tensor from the consecutive background layers. Finally,

he vessel layer images are acquired by subtracting the background

ayer from original XCA images. Experiments have been done to

emonstrate the vessel visibility and accuracy of the results. 

The efficacy of the proposed vessel and background layer de-

omposition framework is based on the exact X-ray attenuation

um model via logarithmic mapping of raw XCA images. This
apping gives sense to the gray levels that are linearly dependent

n the matter thickness and density in the vessel and background

ayers. The linear attenuation sum model is then perfectly fitted

nto the additive model of low-rank background plus sparse fore-

round decomposition for the vessel/background separation. 

Since RPCA is able to detect moving contrast and to weaken the

ackground noise with the further denoising effect of adaptive ves-

el feature filtering, RPCA coupled with adaptive vessel feature fil-

ering improved the vessel segmentation that is robust to the com-

lex background noise. There is a general concern that RPCA as

 preprocessing step might fail to recognize a portion of vessels

nd thus lead to segmentation leaks in XCA images. In most cases,

he RPCA-based vessel enhancement hardly eliminates any vessel

arts in the extracted vessel layer images and is actually able to

etect more vessel pixels in the subsequent segmentation step. Es-

ecially, some vessel pixels that are faded in background noises are
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In the low-rank and sparse decomposition framework, the

successful low-rank background modeling does guarantee the

accuracy of foreground vessel extraction. On the one hand, the

proposed background modeling with t-TNN-based video tensor

completion after segmenting foreground vessel mask regions

works better in background modeling than do the other tensor

completion algorithms we have tried for this vessel extraction

application. We believe that the performance of vessel extraction

may be further improved with the development of new tensor

completion algorithms. On the other hand, considering that the
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