
  

 

Abstract—Coronary artery disease (CAD) is one of the major 
causes of death worldwide. Today X-ray angiography is a 
standard method for CAD diagnosis. Usually, the quality of these 
images is not good enough. Noise, camera and heart motions, 
non-uniform illumination and even the presence of catheter are 
sources of quality degradation. The existence of catheter can 
produce difficulties in vessel extraction methods because catheter 
is structurally similar to arteries. In this paper we propose a fully 
automatic method for catheter detection and tracking during the 
whole angiography sequence. In this method with a vesselness 
map, we smooth each frame using guided filter. The catheter is 
detected in the first frame using Hough transform.  We then fit a 
second order polynomial on the catheter and accurately track it 
throughout the sequence. Our method is tested on 25 X-ray 
angiography sequences where a precision of 0.9597 is achieved. 

I. INTRODUCTION 

X-ray angiography is an important and useful method for 
CAD diagnosis. This disease occurs when coronary arteries get 
narrowed or blocked by plaque which is constructed in the 
vessel wall due to presence of fat, cholesterol, etc. Although 
X-ray angiography is a standard method for diagnosing, the 
existence of catheter, surrounding tissues, camera and heart 
motion as well as artifacts such as noise and low level of 
contrast make it difficult for specialist to diagnose blockage. 
Specially one of the major problems in X-ray angiography 
sequences is the presence of catheter which is similar to 
vessels.  Catheter makes it challenging for the automatic vessel 
segmentation methods to correctly find the vessels.  

For reducing different types of artifact in angiography 
images there have been many efforts in recent years. A multi-
scale filter based on eigenvalues and eigenvectors of Hessian 
matrix is proposed by Frangi et al. [1].  Since this method is 
based on multi-scale analysis, vessels can be detected with 
variant scales.  But their method is noise sensitive due to using 
second-order derivates, and also because junctions are blob-
like structures in the images, Hessian based methods miss-
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interpret them [3].  In [2] and [3] enhancement methods based 
on decimation-free directional filter bank (DDFB) are 
proposed. In [2], by removing non-uniform illumination and 
then applying DDFB on the original image, directional images 
are produced. Then, blocks of the enhanced image are 
constructed by comparing the energy of the directional images 
blocks. Truc et al. compensated the drawbacks of the Hessian 
based methods [3].  Initially, the input image is decomposed 
into a set of directional images. Then, by applying some 
enhancement filters in the direction of each image and 
combining them, the resulted image is produced. 

Another approach towards enhancing X-ray angiography 
images is digital subtraction angiography (DSA). In this 
method, for reducing artifacts, before the contrast agent takes 
effect and hence arteries appear in the images, a frame is 
chosen as the mask image.  After the arteries start appearing in 
the images, the mask frame is subtracted from the contrast 
frames.  However, due to the heart and camera movements, 
images have motion artifacts. In order to deal with this artifact 
and enhance DSA images, several registration methods have 
been proposed [4-7].  In [4], control points are detected in a 
contrast image by an edge detection approach and a 3D-space-
time motion detection algorithm. The corresponding control 
points in the mask image are detected using template 
matching. An iterative registration method was developed in 
which the registration is refined in each iteration using 
extracted vessel information [5]. In [6], a set of control points 
is considered on the contrast image and displacement vectors 
of these points are calculated with respect to the mask image 
using multilevel B-spline interpolation.  After that, by using 
these displacement vectors, the mask image is warped with 
respect to the contrast image. Another approach towards 
registration of DSA is by developing a multi-resolution search 
strategy [7]. In this method a global transformation for mask 
image warping is calculated using local search in coarse and 
fine sub-image blocks.  However, the performance of the 
methods proposed for DSA is very limited and they fail to act 
properly in extreme camera motions.  

Although for guide wire tracking or catheter tip tracking so 
much work has been done [8-10], for catheter tracking or 
removal there has been less effort. Schneider and Sudara have 
proposed a method based on local geometry information and 
vector field integration for vessel segmentation and catheter 
removal [11].  In [12], by using a classification scheme, the tip 
of the catheter, where the contrast agent is injected, is 
discriminated from the artery tree.  

In this paper a novel method for detecting and tracking the 
catheter through a sequence is proposed. In our proposed 
method contrast of the image is enhanced using multi-scale 
Top-Hat transform and vesselness map is calculated for each 
frame. Then, a guided filter employs these images to smooth 
out the frame.  After that a well-known ridge detection method 
is applied and by using Hough transform the catheter is 
detected in the first frame of the sequence.  A second order 
polynomial curve is fitted on the detected catheter in the first  
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 frame.  By finding appropriate coefficients of the 
polynomial in each frame, based on coefficients in the 
previous frame, we can accurately track the catheter 
throughout the sequence. 

The rest of the paper is organized as follows. In Section II 
details of the proposed method is discussed. In Section III 
qualitative and quantitative results of our proposed method are 
presented. Finally, we conclude the paper in Section IV. 

II. PROPOSED METHOD 

The block diagram of the proposed method and resulted frame 
after each processing step are shown in Figure 1. Our method 
consists of three main stages of pre-processing, ridge 
detection and polynomial coefficients estimation.  These steps 
are discussed in details in this section.  

In the pre-processing stage, each frame of the sequence is 
smoothed. In the next stage because of the valley shape of the 
catheter, ridges of each frame are detected. By finding the 
catheter ridge in the first frame, using Hough transform and 
fitting a 2nd order polynomial on it, we can accurately track it.  

A. Pre-Processing Stage 

The purpose of this stage is to smooth each frame of the 
sequence to decrease the number of possible extra ridges 
which will be calculated in the next stage. In this stage in order 
to enhance the contrast of each frame, multi-scale Top-Hat 
transform [13] is used. In this method bright and dark regions 
with different scales are extracted using (1) and (2). 

�� = � − ((� ⊝ �)⨁�)  (1) 

�� = �(�⨁�) ⊝ �� − � (2) 

In these equations � is the input frame, � is the structuring 
element, �� and �� are the extracted bright and dark regions 
respectively. Symbols ⨁ and ⊖ are dilation and erosion 
morphological operations defined bellow. 

												�⨁� = max�,�(�(� − �, � − �) + �(�, �))       (3) 

										� ⊖ � = min
�,�

(�(� + �, � + �) − �(�, �)) (4) 

Using structuring elements, � with different scales, different 
bright and dark regions are extracted.  The maximum bright 
and dark regions with different scales,	��

�  and ��
�  are calculated. 

Also, by calculating the difference between two consecutive 
bright regions, obtained by two different scales, and by finding 
the maximum between these differences and adding it to	��

� , 
the final bright region ��

"  is calculated. The same process is 
performed in dark regions to obtain	��

" . Finally, the contrast 
enhanced frame �� is computed using (5). 

				�� = � + ��
" − ��

"   (5) 

In order to determine a vesselness map we use the DDFB 
method [3], which is less noise sensitive compared to Frangi’s 
method [1] and does not suppress vessel junctions. In this 
method at first, the input frame is decomposed into directional 
images. Then, homomorphic filter is applied in corresponding 
direction of each decomposed directional image. Afterward, 
uniformly illuminated directional images are enhanced using 
analysis of Hessian eigenvalues.  Finally, the enhanced image 
is reconstructed by combining all directional images. 

In order to smooth out each frame, the vesselness map and 
contrast enhanced frame are fed into guided filter [14] which is 
a powerful edge-preserving smoothing filter. Let’s assume that 
� and � are guidance and filtering input images respectively. 
By dividing each frame (guidance image) into overlapped 
windows with radius �	, and computing ��  and ��  coefficients 
using (6), the filter output �� is obtained using (7). In this paper 
we used contrast enhanced image and vesselness map as 
filtering input and guidance image respectively. 

	�� =
����(�, �)

����(�) + �
			,			�� = �̅� − �����  (6) 

	�� = ���� + ��  (7) 

In (6) and (7),	� is the window index,	� is the regularization 
parameter,	���  and �̅� are average intensities of guidance image 
and filtering input. 

B. Ridge detection 

Due to the lower intensity of catheter compared to its 
neighborhood, it appears as a valley. Thus, by detecting the 
ridges of each frame we can find the catheter. For image ridge 
detection, we use the reported method of [15]. In this method, 
as illustrated in (8), a valley that responses higher than a 
threshold, is detected as a valley and then its ridge is 
computed. 

������ = {�|	�� > ��}	 (8) 

In (8), ������	 shows the set of detected valleys, �� is the 
valley response at pixel �, and	�� is the threshold for valley 
detection. Although we smoothed each frame in the previous 
stage, still some artifacts appear as ridges. In the first few  

 

Figure.1. Block diagram of the proposed method. 
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 frames, just the catheter and some artifact-ridges are visible. 
But when the contrast agent is injected, vessel ridges are also 
added and finding the catheter becomes hard. For this reason 
we find the catheter ridge in the first frame and by passing the 
catheter information to the next frame we could then track it 
through the sequence. 

C. Polynomial Coefficients Estimation 

In order to find the catheter ridge in the first frame, we 
apply Hough transform [16] on the ridge image. The top ten 
longest line segments, which are fit on ridges, are considered. 
The ridge which has the highest number of line segments is the 
catheter ridge. 

Also if two ridges have the same number of line segments 
on them, the ridge with the longest line segment is chosen as 
the catheter. Then, by fitting a second order polynomial on the 
catheter component, we can obtain 3 polynomial coefficients 
of �, �,	and �, as illustrated in (9). 

� = ��� + �� + � (9) 

These three parameters can specify a unique second order 
polynomial equation which can best fit on the catheter in the 
first frame of the sequence. 

Because of camera and heart motions, the catheter can have 
displacements and also its curve could slightly change relative 
to its former shape in the previous frame. For this reason, in 
order to find the catheter in the second ridge frame, these three 
coefficients, which specify the best fit in the first frame, are 
used as the initial coefficients for the candidate curve in the 
second frame. By changing these three coefficients in a limited 
range and finding the best curve which can fit on the catheter 
ridge in the second frame, we can find the catheter in this 
frame. This process is done for the rest of the frames as shown 
in (10). 

���������� = argmax
��,��,��

{�(��, ��, ��)}	 (10) 

In (10), ����������	shows the best set of three coefficients 
�, � and � for frame	� and  �(��, ��, ��) specifies the number of 

pixels in the ridge frame	� that belong to the curve with 
��, ��, �� coefficients. We use	����, ����, and ����, the 
coefficients from the previous frame, as the initial values for 
finding the best curve in the current frame �.  

III. EXPERIMENTAL RESULTS 

The proposed method was implemented in Matlab 
R2013a. In order to evaluate our method we applied this 
method on our dataset which consists of 25 X-ray 
angiography sequences. Each sequence consists of 29 to 112 
frames with the resolution of 512×512. For multi-scale Top-
Hat transform we used disk shape structuring element with 
varying size from 3 to 19. For guided filter we set � and � to 
0.2 and 8 respectively.  Also, valley response threshold is set 
to �� =0.25. We varied the second order polynomial 
coefficients �, � and � in the range of ±0.01, ±0.1 and ±30 
respectively. In the following the qualitative and quantitative 
results are presented. 

A. Qualitative Results 

In Fig. 2 the results of applying the proposed method on two 
sequences are shown. In these frames the detected catheter is 
shown with a red curve. In the first row, four frames of a 
sequence in which the catheter is present are shown. These 
frames have low quality and automatic finding and tracking of 
the catheter in these frames are challenging. In Fig. 2(a) and 
Fig. 2(b), the contrast agent is not yet injected but the catheter 
is present. Thus, the catheter’s information is obtained and a 
second order polynomial is fitted. In Fig. 2(c) and (d) the 
contrast agent is fully injected and the artery tree has overlap 
with catheter. Even in this situation our method is able to 
accurately track the catheter. By comparing the catheter in 
these four frames we notice the catheter movements and 
curvature changes. Therefore, by using the information from 
previous frames, we can robustly track the catheter.  In the 
second row of Fig. 2 the results of applying the proposed 
method on another sequence are shown. In Fig. 2(e) the 
catheter is found and is tracked in Fig. 2(f), (g) and (h). In this 
sequence the artery tree has no overlap with the catheter. 

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure. 2. Results of applying the proposed method on two sequences, (a) to (d) a sequence with overlap of catheter and artery tree, (e) to (h) a 
sequence without catheter and artery-tree overlap. 
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In Fig. 3(c) and Fig. 3(d) the result of applying a recently 
proposed vessel segmentation method [12] on two different 
frames of Fig. 3(a) and Fig. 3(b) are shown. This method 
could segment the artery tree but because of similar structure 
of catheter and vessel, this method segments the catheter as 
arteries. Segmentation of the catheter in terms of vessel can 
add a great false positive rate and the precision of this method 
decreases. In Fig. 3(e) and Fig. 3(f) we could find the catheter 
in these frames and reduce the false positive rate. Thus, using 
the proposed catheter detection method, next to a vessel 
segmentation method, could significantly increase the vessel 
segmentation accuracy.   

B. Quantitative Results 

In order to present the quantitative results of our method, 
by computing the true positive and false positive, the 
precision of our method reached 0.9597. This high precision 
ensures that our method has the ability to track the catheter 
even in hard conditions, in which the presence of artery tree, 
noise and camera and heart motions would make detection 
and tracking difficult. 

IV. CONCLUSION 

In this paper we proposed a method in which we could 
detect and track the catheter with high precision. In our 
proposed method, each frame was smoothed and by 
considering a valley shape for the catheter, its ridges were 

detected in the first frame. Then, by fitting a second order 
polynomial on the catheter, and by conveying its information 
to the following frames, the catheter was robustly tracked 
throughout a sequence of frames. The method was tested on 
25 challenging X-ray angiography sequences and obtained a 
precision rate of 0.9597.  Moreover, our method could help 
vessel segmentation methods by reducing their false positive 
rates.  
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(e) (f) 

Figure 3. Using proposed method beside the vessel segmentation method 
[12]. (a) and (b) original frames, (c) and (d) results of applying [12], (e) and 

(f) result of proposed catheter detection method. 
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