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Abstract

Bioresorbable vascular scaffolds (BVS), the next step in the continuum of minimally invasive 

vascular interventions present new opportunities for patients and clinicians but challenges as well. 

As they are comprised of polymeric materials standard imaging is challenging. This is especially 

problematic as modalities like optical coherence tomography (OCT) become more prevalent in 

cardiology.

OCT, a light-based intracoronary imaging technique, provides cross-sectional images of plaque 

and luminal morphology. Until recently segmentation of OCT images for BVS struts was 

performed manually by experts. However, this process is time consuming and not tractable for 

large amounts of patient data. Several automated methods exist to segment metallic stents, which 

do not apply to the newer BVS. Given this current limitation coupled with the emerging popularity 

of the BVS technology, it is crucial to develop an automated methodology to segment BVS struts 

in OCT images.

The objective of this paper is to develop a novel BVS strut detection method in intracoronary OCT 

images. First, we preprocess the image to remove imaging artifacts. Then, we use a K-means 

clustering algorithm to automatically segment the image. Finally, we isolate the stent struts from 

the rest of the image. The accuracy of the proposed method was evaluated using expert estimations 

on 658 annotated images acquired from 7 patients at the time of coronary arterial interventions. 

Our proposed methodology has a positive predictive value of 0.93, a Pearson Correlation 

coefficient of 0.94, and a F1 score of 0.92. The proposed methodology allows for rapid, accurate, 

and fully automated segmentation of BVS struts in OCT images.
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I. Introduction

The profound world-wide impact of coronary artery disease is driven by occlusive plaque 

burden within the coronary arterial wall [1]. The primary means of addressing these arterial 

stenoses involves insertion of a metallic stent or bioresorbable vascular scaffold (BVS) [2], 

[3]. These devices expand and hold open the constricted region enabling once obstructed 

blood to pass freely [4]. The transition from a focus on invasive bypass-surgery to minimally 

invasive interventions [3] requires holistic understanding of the effect of different device 

types on patient cardiovascular function. Metallic stents are accompanied by long-term 

issues: the relatively inflexible nature of the stent obstructs natural remodeling of the artery 

and the vasomotion of the artery is not normal [2], [4], [5]. In contrast, BVS hold the 

promise of enabling early restoration of endothelial functioning, normal vasomotion, and 

natural remodeling of the coronary artery [6]. In spite of these benefits, concern has been 

raised for the excess thrombosis and myocardial infarction induced by BVS [7]. Since the 

BVS technology is recent to the medical community, there is a scarcity of computational 

methodologies to analyze the quantitative effects of BVS. To achieve this, accurate image 

representation of the BVS struts and robust stent detection methods are needed.

Optical coherence tomography is an intracoronary imaging technique used to obtain high-

resolution images from coronary arteries [8]. OCT is increasingly replacing intravascular 

ultrasound for coronary imaging, because unlike ultrasound which uses acoustic waves, 

OCT uses reflected light whose shorter wavelength enables finer resolution [9]. OCT allows 

detailed morphological assessment of the vessel wall, luminal border, and features 

associated with increased vulnerability. In light of these benefits, OCT imaging is the 

primary tool used by clinicians to detect the lumen, characterize plaque and detect devices in 

coronary arteries in vivo [10], [11]. OCT imaging provides high resolution images, which 

makes it possible to see BVS struts and metallic stents. BVS struts in OCT images appear as 

well defined rectangular structures having sharp edges while the metallic stents appear as 

bright fringes with a dark shadow behind.

Although there are several reported methods to detect metallic stent struts [12], [13], to our 

knowledge, there is only one for detecting BVS struts [14] using OCT images. This 

approach requires a different methodology to segment malapposed struts and those 

embedded inside the arterial wall, uses a different percentile based threshold for each 

patient, and is sensitive to artifacts like blood in the lumen. These drawbacks limit the 

effectiveness of such a method as many patients have a combination of malapposed and 

embedded stents and blood artifacts in the lumen [15]. Furthermore, a manual percentile 

based thresholding procedure is not robust as it assumes similar stent profiles within an OCT 

pullback and cannot be used across all patients.

Amrute et al. Page 2

Int Conf Bioinform Biomed Eng. Author manuscript; available in PMC 2018 August 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



To address these shortcomings, we propose a new method based on K-means clustering. The 

method works for malapposed devices and those embedded inside the arterial wall, 

automatically detects them, and removes artifacts from the lumen area. In summary, our 

method involves (Figure 1):

1. sequential raw OCT images acquisition from an OCT pullback,

2. pre-processing of the image to remove the imaging catheter, protective sheath, 

and guide wire,

3. application of a K-means clustering algorithm, and

4. detection of BVS strut boundaries.

The innovation aspects of the methodology provide

• fully automated methods with no user interaction needed,

• accurate detection of BVS strut borders in the presence of blood artifacts, and

• detection of malapposed and embedded BVS struts.

II. MATERIALS AND METHODS

A. Image Acquisition

The raw OCT image consists of a series of A-lines stored in a matrix, which is in polar 

coordinates I (r, θ), where r is the range and θ is the acquisition angle. In order to understand 

the true form of the image, we convert the image into Cartesian coordinates using the 

following transformation I (r,θ) → I (x, y) where x = rcos(θ) and y = r sin(θ).

B. Pre-processing

In the preprocessing stage, a bilateral filter is applied to the image to remove the artifacts.

B.1 Bilateral Filtering—A bilateral filter is a smoothing filter, which preserves edges 

while reducing overall image noise [16]. The intensity value of each pixel is replaced by a 

weighted average of pixels in a defined neighborhood, N. The weights in a Gaussian filter 

depend only on Euclidean distances between neighboring pixels, whereas the bilateral filter 

also takes into account differences in intensity between neighboring pixels. Incorporating 

both distance and intensity gradients in the smoothing function ensures that the overall noise 

is reduced while edge detection is enhanced.

The bilateral filter is defined as:

I f x = 1
WP

∑
xi ∈ N

I xi f r I xi − I x gs xi − x (1)

where If is the filtered image, I is the raw input image, x̂ is the position of the central pixel, 

x̂ each pixel in the defined neighborhood N , fr is a Gaussian range filter (based on 

Amrute et al. Page 3

Int Conf Bioinform Biomed Eng. Author manuscript; available in PMC 2018 August 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



differences in intensity), gs is a Gaussian spatial filter (based on Euclidean distances 

between pixels), and the normalization term WP is defined as:

WP = ∑
xi ∈ N

f r I xi − I x gs xi − x (2)

to ensure the total image energy is preserved [16]. In this methodology, we used a 3 × 3 
kernel window with a σ =1.0 in both Gaussian kernel functions. Several other kernel sizes 

and smoothing parameters were used, but these gave the best results.

B.2 Artifact removal—Before we start searching for the BVS struts we remove the 

imaging catheter, protective sheath, and guide wire. To find the start of the catheter in the 

OCT image (Figure 1, b) we find the first pixel in the first and last column which is above 

0.8 intensity units. The lower border of the protective sheath is 0.9 mm (catheter length) 

below this point, which is ~ 40 pixels. To find the start and end point of the lower sheath 

border, we use the 40 pixels below the start of the catheter. To detect the outer boundary of 

the protective sheath we propose an edge detection method, which involves walking along 

the gradient of the sheath boundary [14]. We construct a weighted, undirected graph from 

the image matrix and use Djikstra’s algorithm [17] to find the minimum cost path.

Each pixel in the image represents a node in the graph and the connectivity between 

neighboring pixels represents edges in the graph. We use a four-connectivity model [14] 

such that each pixel is connected to at most four other pixels (top, down, left, and right). 

Thus, for an n × n image matrix, there are a total of n2 nodes and 4(n - 2)2 + 12(n - 2) + 8 

edges. We use this expression to pre-allocate memory when constructing the graph in Matlab 

as it exponentially speeds up the computational run time. To calculate the weights between 

connected pixels, we use the inverse of the directional gradient:

Wx = 1
Gx

and Wy = 1
Gy

, (3)

where Wx and Wy are the weights in the horizontal and vertical directions, respectively and 

Gx and Gy are the intensity gradients in the x and y directions, respectively. As inverse 

gradient weighting ensures that the strongest edges in the image have the smallest weights 

we can walk along the gradient by minimizing the cost of weights. To assign weights to 

edges starting at pixel (i, j) we assign a weight of Wij for all adjacent nodes in the horizontal 

direction and of Wy
iJ for all adjacent nodes in the vertical direction. Using the above 

formulation, we construct the graph where each structure in the graph is defined by a start 

node, end node, and node transition cost as defined above. Using the start and end nodes and 

this graph, we use Djikstra’s algorithm to find the minimum cost path.

The region below the guide wire always presents as a black shadow (Figure 1, b). To remove 

the guide wire, we find the first and last column of the shadow and delete that entire region 

by:

Amrute et al. Page 4

Int Conf Bioinform Biomed Eng. Author manuscript; available in PMC 2018 August 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



1. scanning each column and calculating the total intensity of all pixels in a column,

2. marking the first column whose sum falls below 25% of the maximum sum 

intensity as the start of the guide wire,

3. scanning from the detected guide wire column onwards and marking the first 

column whose sum intensity rises above that threshold the end of the guide wire, 

and

4. deleting the entire region between first and last column of the guide wire.

C. Automated Segmentation

To automatically segment the image, we use a K-means [18] algorithm (k = 3 clusters). K-

means is an unsupervised machine-learning algorithm used to solve a clustering problem. 

Given a set of N observations {x1,x2, …,xN}, the clustering algorithm arranges them into k 
clusters S = {S1, S2, …,Sk} to minimize the within-cluster sum of squares.

Formally, we define the optimization problem as a minimization problem [18]:

arg min
s

∑i = 1
k ∑x ∈ si

x − μi
2, (4)

where μi is the mean intensity of all the points in cluster Si. We apply this algorithm to each 

OCT frame with k = 3 clusters and then classify the points into noise (which consists of 2 

clusters) and the black background (1 cluster) (Figure 1, d). We tried other cluster values (k 

= 2, 3, and 4), however, k = 3 gave the highest positive predictive value. To convert this 

clustered image into a binary image, we find the cluster with the minimum intensity and set 

this cluster to 0 and all other clusters to 1 (Figure 1, e).

D. BVS Strut Detection

Using the thresholded image (Figure 1, e) we scan down zeach A-line and use the following 

criteria to classify two points as the start and end points of a BVS strut core:

1. We define the start point as a drop-in gradient from 1 to 0 and end point as a 

jump in gradient from 0 to 1.

2. We ensure that the pixel distance between the start and end point is within a 

certain range (based on typical BVS physical specifications).

3. And that the start point of the BVS strut is within a certain range from the lumen 

border.

Once we find the start and end point of the strut core along each A-line, we mark that region 

as 1 and all other pixels in that column as 0. This produces a binary image with candidate 

BVS strut core segments. To eliminate false positives, we remove identified features whose 

aspect ratio cannot represent a strut and where the object falls below a certain area threshold 

(noisy pixels). To find the strut outlines, we use a function to outline the perimeter of the 

candidate segments producing closed polygons in polar coordinates. Finally, we convert 
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these closed polygons from polar back to Cartesian coordinates to obtain the result (Figure 

1, g).

III. DATASET

For the validation of the proposed plaque characterization method we used anonymized 

OCT examinations from 7 patients. The data were provided by the Hospital Universitario 

Marqués de Valdecilla, Santander, Spain. The images were acquired using a Frequency 

Domain (FD - OCT) OCT equipment (LightLab Imaging, Inc) with a 6 Fr FD-OCT catheter 

(C7 Dragonfly). Automated contrast injection was performed to optimize the best image 

quality in all pullbacks. An expert manually marked the BVS struts on 658 images which 

were used as the gold standard for the present study. These images were marked to count the 

number of BVS struts visible. Then, we ran our methodology to identify strut boundaries 

and counted the number of struts found. Broken struts and low-quality images were removed 

from the validation study.

IV. RESULTS

To validate the proposed methodology, the following validation metrics were calculated: 

Pearson Correlation Coefficient, true positive rate (TPR), positive predictive value (PPV), 

false negative rate (FNR), false discovery rate (FDR), and F1 score. We denote the true 

positives as the struts detected by both the methodology and expert, false positives as those 

struts detected by the methodology, but not by the expert, and false negatives as the struts 

detected by the expert, but missed by our methodology (Table I).

Additionally, we performed a regression analysis (Figure 2) and a Bland-Altman Analysis 

(Figure 3). The Bland-Altman analysis revealed a mean of −0.32, which shows no 

significant bias. Figure 4, shows the number of annotated struts and the number of struts 

identified by segmentation for each image tested. The overlap between the two curves 

indicates agreement between the strut detection of the proposed methodology and the struts 

detected from the annotations and the black non-overlapping regions indicate disagreement 

Finally, Figure 5 shows our methodology applied to images with extreme noise and a 

combination of embedded and malapposed struts.

V. DISCUSSION

In this project, we present a fully automated method to detect BVS struts in OCT images. 

The method robustly removes imaging artifacts, applies a K-means algorithm to 

automatically threshold the image, and outlines the BVS struts using this thresholded image. 

The method can be applied to a large number of images and can detect the BVS struts with a 

PPV of 0.93.

Existing methods in the literature use simplified approaches [14] to remove imaging artifacts 

and to identify the strut outlines, which introduces post-processing errors in the image-

processing pipeline. These methods also require a percentile based thresholding method, 

which is not robust. Furthermore, these methods rely on a different methodology to identify 

malapposed struts and embedded struts. Here, we present a fully automated methodology, 
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which does not require user interaction and can be applied to both malapposed and 

embedded struts. This is essential since many patients have a combination of malapposed 

and embedded BVS struts [15]. The time complexity for the method scales as less than 3 

seconds per frame when performed on an i7 4 GB RAM machine. This rapid processing is 

essential as the method is able to provide fast analysis of BVS strut locations.

The exact location of the BVS struts is a clinical parameter of interest. Using these strut 

locations, clinicians can calculate the diameter of the struts from the lumen and use this 

information to understand how struts move over time [19]. Temporal tracking is of high 

importance to understand the efficacy of BVS as certain orientations of the strut may lead to 

thrombosis [20]. Using this tracking method, and combining it with other techniques (plaque 

detection) [21] we could potentially predict the trajectory of various struts.

The proposed BVS strut detection method also serves as a foundation for researches who 

study hemodynamics and rheology inside a stented coronary artery which cannot be defined 

by any current method. To achieve this, the three-dimensional (3D) configuration of BVS 

and arterial lumen is needed. Using the proposed method, the BVS struts can be detected in 

OCT frames and then translated in 3D using well-known 3D OCT reconstruction algorithms 

[21], [22]. Building patient-specific 3D models will provide clinicians with accurate 

quantitative metrics to assess patient cardiovascular function post BVS implantation.

VI. CONCLUSION

Accurately characterizing the BVS strut outline is crucial for evaluating the efficacy of BVS 

in patients. Here, we present a fully automated method to detect the BVS struts in OCT 

images. The methodology can identify BVS struts with a predictive value of 0.93 and is 

validated using 658 images. Further research will aim to use these segmentation results to 

build accurate 3D models and perform computational fluid dynamic simulations. This time 

efficient segmentation saves time for clinicians and provides a foundation for researchers to 

translate the BVS in 3D to further understand patient hemodynamics in the coronary artery. 

More precise definition of structure and hemodynamics provides the opportunity for higher 

fidelity insight into cardiovascular function not available through direct clinical 

measurements and may well change our practice of medicine and concept of disease and 

healing.
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Figure 1. 
Overview of proposed BVS strut and lumen detection methodology. (a) Raw OCT image in 

Cartesian coordinates. (b) Raw OCT image in polar coordinates with true morphology 

visible. (c) Processed image to remove artifacts. (d) Segmented image using K-means 

cluster. (e) Thresholded image using K-means result. (f) Segmented lumen border. (g) 

Segmented BVS strut outline.
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Figure 2. 
Correlation graph between the BVS struts annotated by the experts and those detected by the 

proposed methodology. Using a least squares linear regression an R2 of 0.89 was obtained 

with a slope of 0.85 and a y-intercept of 1. In the above regression, we used 658 images and 

the color density of each point is proportional to the number of data points accumulated at 

that coordinate.
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Figure 3. 
Bland-Altman analysis plot between the BVS struts annotated by the experts and those 

detected by the proposed methodology. The average number of struts is defined as the 

arithmetic mean of the number of struts annotated and the number of struts segmented using 

the method. The difference is calculated as Number of detected struts using the method − 

number of annotated struts. The solid black line shows the mean of the difference in the 

number of struts and was found to be −0.32. The dashed red lines indicate the 95 % 

confidence interval. In the above analysis, we used 658 images and the color density of each 

point is proportional to the number of data points accumulated at that coordinate.
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Figure 4. 
Plot of the number of annotated struts and number of struts detected by the methodology for 

each ofthe 658 images used to validate the methodology.
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Figure 5. 
Examples ofour methodology applied to 3 images from different patients. The first image in 

each row is the raw OCT image, the second image shows the annotated BVS struts in red, 

and the third image shows the BVS strut outline detected by our methodology in red. 

Methodology applied to an OCT image with (a) BVS struts above and below the lumen, (b) 

a noisy lumen, and (c) embedded and malapposed BVS struts.
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TABLE I.

SUMMARY OF VALIDATION METRICS

Validation Metric Value across 658 images

Pearson Correlation Coefficient 0.94

Positive Predictive Value (PPV) 0.93

True Positive Rate (TPR) 0.92

False Negative Rate (FNR) 0.08

False Discovery Rate (FDR) 0.07

F1 Score 0.92
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