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Abstract

Background: Automated segmentation of coronary arteries is a crucial step for computer-aided coronary artery
disease (CAD) diagnosis and treatment planning. Correct delineation of the coronary artery is challenging in X-ray
coronary angiography (XCA) due to the low signal-to-noise ratio and confounding background structures.

Methods: A novel ensemble framework for coronary artery segmentation in XCA images is proposed, which utilizes
deep learning and filter-based features to construct models using the gradient boosting decision tree (GBDT) and
deep forest classifiers. The proposed method was trained and tested on 130 XCA images. For each pixel of interest in
the XCA images, a 37-dimensional feature vector was constructed based on (1) the statistics of multi-scale filtering
responses in the morphological, spatial, and frequency domains; and (2) the feature maps obtained from trained deep
neural networks. The performance of these models was compared with those of common deep neural networks on
metrics including precision, sensitivity, specificity, F1 score, AUROC (the area under the receiver operating characteris-
tic curve), and loU (intersection over union).

Results: With hybrid under-sampling methods, the best performing GBDT model achieved a mean F1 score of 0.874,
AUROC of 0.947, sensitivity of 0.902, and specificity of 0.992; while the best performing deep forest model obtained

a mean F1 score of 0.867, AUROC of 0.95, sensitivity of 0.867, and specificity of 0.993. Compared with the evaluated
deep neural networks, both models had better or comparable performance for all evaluated metrics with lower
standard deviations over the test images.

Conclusions: The proposed feature-based ensemble method outperformed common deep convolutional neural
networks in most performance metrics while yielding more consistent results. Such a method can be used to facilitate
the assessment of stenosis and improve the quality of care in patients with CAD.
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Background

As the most common type of heart disease, coronary

artery disease (CAD) is the leading cause of death glob-

ally, resulting in a yearly loss of 17.9 million lives with 330
~Comespondence: Zjung@umiheds million beu.lg affected [1, 2]. (;AD is primarily F:aused by
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oxygen and nutrient supplements, ultimately leading to
myocardial ischemia and infarction [4].

X-ray coronary angiography (XCA) is the gold stand-
ard for CAD diagnosis [5]. By releasing dye into the cor-
onary vessels and inspecting its flow through the vessel
structure via 2D projections, XCA helps clinicians locate
potential stenoses, visually measure their severity, and
determine the appropriate interventional therapies [6].

Visual stenosis assessment, however, is often unreli-
able: it tends to overestimate severe blockages while
underestimate mild ones [7, 8] and has high intra- and
inter-observer variability [9, 10]. To evaluate the lumen
diameter more objectively, quantitative coronary angi-
ography (QCA) was introduced [11] to offer a (semi-)
automatic analysis of XCA. QCA analysis involves frame
selection, vessel segmentation, stenosis positioning, and
quantitative measurement [12, 13]. The vessel segmen-
tation step of QCA is a prerequisite for calculating the
percentage of arterial stenosis. Moreover, the correct
delineation of coronary arteries plays an important role
in center-line extraction, which is used for 3D recon-
struction of blood vessels [14], vessel tracking [15], and
cardiac dynamics assessment [16].

Due to the nature of XCA images, segmenting ves-
sels accurately is challenging. First, XCA images usually
are of low resolution, have low signal-to-noise ratios,
and exhibit low contrast between the vessel structure
and background region [17-19]. Second, the presence
of irrelevant structures such as the catheter, diaphragm,
and the spine is confounding and leads to non-uniform
illumination within the images [20]. Third, the various
angles from which the 3D vessel structure is projected
to form 2D XCA images create twisted and overlapping
vessels, making the segmentation even more challenging
[21].

To overcome these difficulties and aid in the quantita-
tive diagnosis of CAD, efforts have been made to develop
both supervised and unsupervised methods for auto-
matic coronary vessel segmentation.

Unsupervised methods can be primarily categorized as
tracking-based, model-based, or filter-based [22]. Track-
ing-based methods [23] choose seed points on the edges
and the center-lines of vessels, then take a small step in
the direction of the vessel to look for the vessel edges or
the center-lines nearby. When new edges are found, an
estimate of vessel direction is made to take the next step
in this search direction. Model-based methods [24-29],
use deformable models or region growing to evolve the
segmentation towards the vessel-background boundaries
based on the forces and constraints defined by energy
functions. They may also apply growing conditions
defined by similarity functions together with a thresh-
old parameter. Both tracking-based and model-based
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methods require initial seeds for segmentation and are
therefore sensitive to initialization. Although they tend
to maintain good segmentation continuity for the ves-
sel tree structure, they may fail to handle confound-
ing elements in the background that are adjacent to the
vessels. Filter-based methods [17, 30] apply a variety of
filters for non-uniform background intensity balancing,
irrelevant structures suppression, noise reduction, and
vessel enhancement. The filtered images can be later pro-
cessed with thresholding techniques for segmentation
mask generation. Due to their ease of implementation
and their ability to mitigate illumination problems, filter-
based methods have also been employed extensively as
preprocessing steps in both supervised and unsupervised
methods for automated coronary vessel segmentation
[29, 31-36]. However, they are usually insufficient for use
on their own, as they are sensitive to background struc-
tures and may not perform well on vessel junctions and
bifurcations [37].

Coronary artery segmentation using supervised meth-
ods can be considered as a pixel-wise classification
problem, with most current methods utilizing Neural
Networks. Cervantes-Sanchez et al. [31] trained a multi-
layer perceptron with XCA images enhanced by Gaussian
matched filters and Gabor filters. Nasr-Esfahani et al. [32]
presented a multi-stage model where a Convolutional
Neural Networks (CNNSs) extracts local, contextual,
and edge-based information that were then combined
via a final fully connected layer. Recently, deep learning
approaches have gained popularity in segmenting both
major arteries and full artery trees from XCA images.
Samuel and Veeramalai [38] proposed a Vessel Specific
Skip Chain Network by adding two vessel-specific lay-
ers to the VGG-16 network [39]. Jo et al. [33] developed
a two-stage CNN specifically for left anterior descending
artery segmentation, where the first stage located candi-
date areas of interest and the second stage generated the
segmentation mask. Iyer et al. [40] designed an angio-
graphic processing network that learned how to preproc-
ess the XCA images with the most suitable filters for local
contrast enhancement. The preprocessed images were
then fed into DeeplabV3+ [41] for segmentation. Shi
et al. [42] developed a generative adversarial network for
major branch segmentation with a U-Net generator and
a pyramid-structure discriminator, reporting improved
connectivity for the segmented mask. Yang et al. [43]
replaced the backbone of U-Net with an ImageNet
pre-trained ResNet [44], InceptionResNetv2 [45], or
DenseNet [46] for main branch segmentation. Fan et al.
[47] modified U-Net so that the proposed structure can
receive both the target and registered background images
before dye release as inputs for generating segmentation
masks. The network structure proposed by [48] receives
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multi-channel inputs by adding a 3D convolution layer
to the U-Net encoder, exploiting the temporal informa-
tion using three consecutive frames from angiographic
image sequences to produce a segmentation mask for the
middle frame. Zhu et al. [49] applied the Pyramid Scene
Parsing Network, a network proposed by [50], for coro-
nary vessel segmentation. They took advantage of the
network structure to incorporate features from multi-
ple scales by pyramid pooling and used transfer learning
to avoid overfitting on a small training set. Supervised
methods for coronary artery segmentation may focus on
the major coronary arteries for which clinicians would be
more concerned, instead of the entire arterial tree. Net-
work-based supervised methods have a number of draw-
backs, including overfitting when the training set is small,
weaker interpretability as compared to unsupervised
filter-based methods, and an inability to ensure connec-
tivity within their prediction masks. However, supervised
methods require less manual input and are more robust
in discriminating background structures such as the
catheter and spine than unsupervised methods.

In this paper novel ensemble framework for coronary
artery segmentation is proposed that employs gradient-
boosting decision tree (GBDT) [51] and Deep Forest
classifiers [52]. The GBDT is a popular machine learning
technique that combines weak decision tree learners for
loss function minimization. When constructing a GBDT
model, a series of trees is built wherein each new weak
decision tree attempts to correct errors from the previ-
ous stage. The Deep Forest classifier, on the other hand,
is a deep ensemble model that uses non-differentiable
modules to form deep learning structures. Unlike deep
neural networks, it does not apply back-propagation for
training, but it still uses multiple layers (with cascade
structures) for processing and applies in-model feature
transformation. However, GBDT boosts the performance
of weak learners gradually in a sequential and additive
way, while in Deep Forest, random forests composed of
decision trees are considered as a subroutine stacked by
layers, with layer outputs feeding into another layer to
create depth. Though both GBDT and Deep Forest have
not been applied to XCA image segmentation, they have
been recently employed in medical image analysis in dif-
ferent image modalities [53—58]. The ensemble methods
produced promising results in retinal vessel segmen-
tation [59-64] and have not been, as far as we know,
applied on coronary artery segmentation yet. In this
study, 16 deep learning features obtained from the last
layer of the Dense-Net-backbone U-Net decoder were
combined with 21 multi-scale statistics on responses to
a diverse range of filters to construct a 37-dimensional
feature vector for each pixel in the input XCA image
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for training coronary artery segmentation models with
GBDT and Deep Forest.

The proposed work takes advantage of both decades of
classical computer vision research along with contem-
porary machine learning and deep learning techniques
by employing a diverse set of reliable, well-established,
hand-crafted features together with features from a
deep structure for ensemble model training. Additional
novelties come from the extraction of multiple statistics
from the scale-space profile of a filter response and the
adoption of a deep ensemble model on coronary artery
segmentation.

The remainder of the paper is organized as follows.
“Methods” section introduces the datasets used in this
study and describes the methods employed for feature
extraction, the under-sampling of imbalanced train-
ing classes, and model training, testing, and evaluation.
“Results” section reports the effect of under-sampling on
the training set, the performance of models constructed
using different classifiers, and the analysis of feature
importance, while “Discussion section provides interpre-
tations of the results and describes limitations and future
directions of the current work.

Methods

In the following subsections, the datasets used for the
study, the feature extraction techniques (using filter-
based and deep learning methods) and under-sampling
methods employed are first introduced, after which the
training of ensemble classifiers is explained. A schematic
diagram of the proposed method for coronary artery seg-
mentation is depicted in Fig. 1.

Dataset

The study was conducted with de-identified angiograms
from two sources: “Dataset 1, collected from the Univer-
sity of Michigan Hospital, Ann Arbor, MI and “Dataset 2’,
collected from a hospital in the United Kingdom . Both
datasets are comprised of patients suspected of having
coronary artery disease who underwent invasive coro-
nary angiography. Dataset 1 contains three subsets: 1-17,
1-19, and 1-AVI. Angiograms within subsets 1-17 and
1-19 were collected in 2017 and 2019, respectively, and
stored in DICOM (Digital Imaging and Communications
in Medicine) format, while angiograms in 1-AVI were
stored in AVI (Audio Video Interleave) format.

Patients were excluded if any of the following occurred:
incomplete injection of contrast dye, percutaneous coro-
nary intervention, an implanted pacemaker or cardio-
verter defibrillator, or the presence of artificial objects
other than the dye injection catheter. Ultimately, 130
angiogram sequences from 130 patients were included in
this study. 80 of them visualize the left coronary artery
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Fig. 1 Schematic diagram of the training pipeline. Lower panel: features were extracted from raw images with deep-learning and filter-based
methods. Upper panel: under-sampling methods were performed to balance the number of positive (vessel) and negative (background) training

(LCA) while the remaining 50 depict the right coronary
artery (RCA). The number of frames in each sequence
ranges from 43 to 150, with an average of 86 frames per
sequence.

As the entire vascular tree is not always visible in all
frames, frames were selected from XCA videos accord-
ing to three criteria: (1) the selected frame contains the
full injection of contrast agent; (2) there is minimal car-
diac motion between adjacent frames; and (3) the full
coronary artery is visualized in the frame. The frames are
gray-scale images with a resolution of 512 x 512 pixels.
Segmentation masks used for training and testing were
first generated manually using Adobe Photoshop CS and
later validated by experienced cardiologists. Catheter
diameter size (measured by pixel number and referred to
as “Cath” in later sections) was recorded along with the
annotation. Only those vessels whose diameters were
greater than or equal to 0.75x Cath were annotated. The
mean diameter of Cath was 8.0 (+ 1.2) pixels. A sum-
mary of the dataset information is listed in Table 1. For
angiograms whose acquisition angles are available, the
information is depicted in Fig. 2.
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Table 1 Dataset summary

Dataset code Total LCA RCA With
acquisition
angles

1-17 98 68 30

1-19 8 4 4

1-AVI 10 0 10

2 14 8 6 14

Total count 130 80 50 22

Feature extraction with filters

Scale-space theory and the Z-profile of filter responses
Structures that a filter can extract from an XCA image
depend on the scale of observation. A single scale is not
always sufficient for capturing vessel structures of vary-
ing sizes. The scale-space theory [65] provides a frame-
work for automatic scale selection in image filtering by
applying multiple scales for image representation and
summarizing filter responses across scales [66]. Based on
this theory, the Z-profile of pixel-wise filter responses is
constructed with four summary statistics: the maximum,
mean, variance, and interquartile range of multi-scale
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responses. For example, Fig. 3 illustrates the filter
response of Frangi filters [67] over ten different scales
and the Z-profile thus obtained.

Scale ranges (1 € A) were selected to be relative to the
physical constraints of coronary arteries, ranging from
0.66xCath to 6.33xCath on a logarithmic scale.

Preprocessing

XCAs are often of poor quality due to image noise. To
enhance the visibility of vessels within the frame, stand-
ard computer vision and image processing techniques
were used to construct the preprocessing pipeline. First,
metadata from the DICOM files was used to exclude the
border regions (pixels outside of the imaging window)
from analysis and to obtain catheter size information.
Then, the filter scales were set as described in “Scale-
space theory and the Z-profile of filter responses” sec-
tion. In cases where the aforementioned metadata was
unavailable, the mean Cath value (“Dataset” section) was
used. After that, a non-local mean filter [68] was applied
for noise reduction. Following this step, contrast adjust-
ment (Algorithm 1) using Top-bottom-hat filtering [69]
was employ to reconstruct the image.

filtering responses (lower panel, from left to right)

Fig. 3 Multi-scale filtering with Frangi filter (upper panel) and the corresponding Z-profile of the max, mean, variance, and interquartile range of
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Let I : Q@ — R be the H x W image with pixel coordi-
nates given by (x,y) € Q ={1,2,...,H} x{1,2,..., W}
and SE; denote the structuring element (SE) with scale
/, then the Top-hat filtered image I, is defined as the
maximum of the differences between an input image I
and its SE opening over 4 € A, while the Bottom-hat out-
put Iposom is defined as the maximum of the differences
between SE closing with / over 4 € A, that is,

Itop = max (I — (I o SE;))and
LEN

Tpottom = max (I eSE;) — 1),
LEA
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with (°) and (e) denoting morphological opening and
closing respectively (see Appendix 6.1 for the defini-
tions of these operations.) The Top-bottom-hat enhanced
image is then generated as

Lenhancea =1+ m - Iyop — 1+ Ipottom (1)

where m and n are the strengths of Top-hat and Bottom-
hat transformations.

Algorithm 1 Preprocessing: Contrast Enhancement

1: BG =1 e SE(disk, [Arn—1/1.5]) > Ap_1 is the second largest scale, o is the closing operation
2: FG=1—- BG > F'G, the foreground; BG: the background.
3: ppg = min(mean(BG)+std(BG)/2, 0.95)
4: procedure FLAT-FIELD CORRECTION
5: for A€ Aq,...,A,, do > lterate over scales
6:
UBG
Ifrat(N) =1 Txga
2
> go is the Gaussian kernel of scale o, * is the convolution operation
7 end for
8: return BGogjust = maxyea Lfiat

9: end procedure

10: Recenter the mean of BG4yt to 0.75
11: BGpyr = I @ SE(disk, | An]) * g10

12: FGadjust = min(O, FG- (1 - BGblur))

13: FGadjust = mean(FGadjust)/std(FGadjuSt)

14: Reconstruct image as Ireconstruct = BGadjust + FGadjust/10

15: Normalize Irecconstruct

16: Top-bottom-hat enhancement using Equation 1, with m =n = 0.25 and A; = A;/2

Vesselness-enhancing diffusion filtering [70] (see
Appendix 1 for details) was also performed on the
denoised images to enhance vascular structures as uti-
lized in “Filter-based feature extraction” section.

Filter-based feature extraction
A number of common vessel enhancement and segmen-
tation filters were used to extract features that can be cat-
egorized into differentiable, spatial, and Gabor features.
In terms of differentiable features, the Z-profile of the
Frangi filter [67], Z-profile of the matched filter [71],
the Gaussian-filter-smoothed Z-profile of the gradient
magnitude, and the vessel confidence measure [72] were
extracted, resulting in a total of 13 features. For spatial

features, the granular decomposition of the top-bottom-
hat image using the method given in [73] was obtained,
producing a Z-profile with 4 features. The Gabor features
were extracted from the Z-profile of the Gabor filter [17]
responses on the complement of contrast enhancement
output image.

Feature extraction with deep learning

The deep learning networks described in this section
were implemented in Python 3.7 using PyTorch 1.10 and
the segmentation model package [74]. Each network was
trained on a single NVIDIA Tesla V100 GPU.
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Data patrtitioning for model construction

The dataset containing 130 XCA images was split into
training, validation, and test sets in 3:1:1 ratio. The par-
titions were stratified to ensure different subsets had
approximately the same percentage of samples of RCA
and LCA angiograms from different sources.

Network structure

The network structures adopted in this study are com-
mon deep learning models developed for medical image
segmentation, such as U-Net, DeepLabV3+, Incep-
tionResNet-v2-backbone U-Net, ResNetl01-backbone
U-Net, and DenseNetl21-backbone U-Net. The latter
three were first applied for main branch segmentation in
XCA images in [43] and achieved the best performance
in terms of F1 score thus far. These structures were
employed in this work for major branch segmentation
with modified training logic to serve as comparison to
the ensemble models, and to obtain deep learning fea-
tures for ensemble model training. For the DeepLabV3+
model, we used a DeepLabV3 encoder as mentioned in
[41] and adapted the ImageNet pre-trained ResNet101
[44] for dense features extraction in the encoder [75].
Details on model parameters can be found in Appen-
dix 3. For the modified U-Net models, the encoder and
bottleneck sections of the U-Net were replaced with Ima-
geNet pre-trained ResNet [44], InceptionResNet-v2 [45],
or DenseNet [46], respectively, except for their average
pooling layers and the fully connecting layers at the end.
Skip connections were retained between the encoder and
the decoder at different spatial resolutions.

Data processing and training setting

Gray-scale XCA images were first preprocessed with 2-D
min/max normalization. To increase the diversity of the
training samples, data augmentation was employed at
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each training iteration before feeding data into the net-
works. Specifically, XCA images were randomly aug-
mented by affine transformations (—20° to 20° rotation,
0-10% of image size translation shift on horizontal and
vertical axes, or 0-10% zoom) with a probability of 0.7.
The same augmentations were also applied to the corre-
sponding ground-truth masks. The network was trained
using a default-setting Adam optimizer with an initial
learning rate of 1073 and a mini-batch size of 8 images
for up to 100 epochs. An early-stop mechanism was trig-
gered if validation loss did not improve for 15 epochs.

Loss function

To take into consideration class imbalance and class
importance, the deep-learning model was trained using
Generalized Dice loss (GD) [76]

1 We 2221 GepMep
ZZ:I We ZZ=1(GCP + Mcp),

n

-1
where We = (Zp:l(GCp/t))Z +€) is the weight for
class ¢, t is the total class number, p is the pixel location,
and # the total number of pixels in an image. G, and M,
are the ground truth image pixel and predicted mask
pixel values from class ¢ respectively.

GD=1-

Testing and model evaluation

For each network structure, the model that achieved the
lowest validation loss was applied to the test set. The
final layer of the network output was passed through an
element-wise sigmoid activation function to generate the
probability of each pixel belonging to either the vessel
region or the background region. The same post-process-
ing described in “Post-processing and model evaluation”
section was applied to generate the final binary segmen-
tation masks. The quality of the generated masks was

Fig. 4 An example of the 37-dimensional feature maps extracted by filter-based methods (left panel; 3 x 7 = 21features) and deep learning
method (right panel; 4 x 4 = 16 features)
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Table 2 Feature domains and types

Feature domain Feature type Feature
number
Differentiable features  Z-profile of Frangi filters
Z-profile of matched filters
Gaussian-filter-smoothed 4

Z-profile of the gradient magnitude

Vessel confidence measure 1
Spatial features Z-profile of granular decomposition 4
Gabor features Z-profile of Gabor features

Deep-learning features ~ Activation maps of the 16

final decoder layer

evaluated by precision, sensitivity, specificity, F1 score,
Intersection over Union (IoU), and the Area Under the
Receiver Operating Characteristic Curve (AUROC). The
first five are defined as

. P
Precision = ——
TP + FP
L P
Sensitivity (Recall) = ————
TP + FN
TN
Specificity = ————
pecificity TN + FP
2 x Sensitivity x Precision
F1 Score = — —
Sensitivity 4+ Precision
P
ol = ———7——,
TP 4+ FP + FN
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where TP, TN, FP, and FN are the pixel counts of true
positives, true negative, false positives, and false nega-
tives, respectively.

Deep feature extraction

The network structure that achieved the best test perfor-
mance with respect to F1 score and AUROC was adopted
for deep feature extraction. After normalization, the
XCA images of dimension 1 x 512 x 512 were fed into
the network and the activation maps of the final decoder
layer were extracted as the deep features with dimension
of16 x 512 x 512.

Feature standardization and training samples

After feature extraction as described in Feature extrac-
tion with filters and Feature extraction with deep learn-
ing” sections, all features (Table 2) were concatenated
(Fig. 4). Each feature map outputted from a filter or a
deep learning layer is standardized individually by sub-
tracting its mean pixel value and dividing the result by
the standard deviation. For each pixel p; within an XCA
image, a 37-dimensional feature vector X; was extracted
that yielded a training sample (Xj, y;) where the label y;
is 1 if the pixel is part of a vessel in the annotated XCA
image and 0 otherwise. The 130 XCA images resulted a
in total of 512 x 512 x 130 = 34078720 samples before
border removal and any under-sampling.

Under-sampling of non-vessel pixels
If vessel and background pixels are denoted as positive
and negative classes respectively, the samples are highly

the target image

Fig.5 A uniform under-sampling mask of the majority class. Pixels from the minority class colored light blue are not involved. The mask image on
the right is a magnified version of the selected red box on the left. Pixels colored white were retained after the mask was applied to major class of
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intensity

Fig. 6 Unsupervised under-sampling. Left: the output image from contrast enhancement; Right: Pixels retained after under-sampling based on

imbalanced as the minority (positive) class only com-
prises an average of 5.58(£1.99)% in the XCA images.
Moreover, the features extracted between neighboring
pixels are highly correlated. Given these two facts, hybrid
under-sampling of pixels at the image level was per-
formed to (1) avoid over-fitting due to redundant infor-
mation across pixels; (2) ensure that the classifiers do not
ignore the minority class; and (3) reduce training time.

Uniform and unsupervised under-sampling

The majority class consists of the background, non-vessel
areas in the XCA images. Pixels from the majority class
were first uniformly under-sampled via a mask (Fig. 5)
such that the 8-neighborhood of each sampled pixel was
not sampled. Then, an intensity-based unsupervised
under-sampling method was employed to further reduce
the major class based on the contrast enhancement out-
put (Fig. 6). To affect this under-sampling, the histogram
of the pixel intensity of the contrast enhanced image
was created with 256 bins, after which the discrete pdf

Fig. 7 Tomek Links under-sampling. The image on the right is a magnified version of the red box on the left. Magenta: pixels removed by Tomek
Link; Green: positive class, vessel pixels; White: negative class, background pixels
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(probability density function) was obtained and assigned
to a one-dimensional median filter. The smoothed pdf
was compared with the original one to identify the over-
saturation peak generated by contrast enhancement.
When these over-saturated pixels were excluded, the
median value of pixel intensities was calculated as the
binarization threshold for bright pixel removal (Fig. 6,
right panel). This step remove pixels that clearly belong
to the background based solely on their intensity.

Supervised under-sampling

Supervised under-sampling includes Tomek Links and
Cluster Centroid under-sampling for both the positive
and the negative classes. Tomek Links [77] are defined as
pairs of pixels from opposite classes that are the nearest
neighbors of each other. As removing overlapping pix-
els between classes yields more well-defined boundaries
for the classifiers [78], the Tomek Links of both classes
were removed so that the minimally distanced nearest-
neighbor pairs of vessel pixels belong to the same class.
Figure 7 illustrates an Tomek Link under-sampling.
Following the Tomek Links, the Cluster Centroid [79]
under-sampling method was employed. This method first
applies clustering algorithms such as k-nearest neighbors
to generate cluster centroids and then uses these cen-
troids to replace the original sample points. This method
can reduce the number of pixels within each class to a
fixed number, e.g., 4000, which is much smaller than the
sample number in the original image. The Python imple-
mentation [80] of Tomek Links and Cluster Centroid
methods were employed.

Ensemble learning for coronary vessel segmentation

Two ensemble methods, Gradient Boosting Decision
Tree (GBDT) [51] and Deep Forest [52] were trained
on the extracted 37-dimensional feature vectors with
samples obtained by under-sampling. To explore how
Tomek Links and Cluster Centroid affected the seg-
mentation performance, models with and without these
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two under-sampling methods were constructed for
comparison.

Data partitioning for model construction

The dataset was split into training and test sets with a
4:1 ratio. The test set images are exactly the same as the
deep learning test set mentioned in “Data partition-
ing for model construction” section and were not uti-
lized until the test stage. All the partitions (including the
cross-validation partitions in “Training and testing strat-
egy” section) were stratified to ensure different sets have
approximately the same percentage of LCA and RCA
images, and pixels from the same image were not split
across sets. Moreover, standardization was applied to the
training set with parameters being saved to transform the
test set, and this was also true for cross-validation.

Training and testing strategy

For the Deep Forest model, default hyper-parameters
settings were used since hyper-parameters had mini-
mal effect on the model performance [52], while for the
GBDT model, hyper-parameters were tuned using 4-fold
cross-validation, where fold compositions were changed
under cyclic permutation with a 3:1 ratio. These hyper-
parameters and their respective ranges included the
learning rate ({0.01,0.05,0.1}), the number of boosting
stages ({100, 500, 1000, 2000}), and the maximum depth
of the individual regression estimators ({3,5,10,20}).
For other hyper-parameters, default value in the Sklearn
package were applied. For example, the loss function to
be optimized was the deviance and the split quality of
trees were measured by the mean squared error with
improvement score by Friedman (Friedman MSE) [51].
Finally, the hyper-parameter combination that achieved
the highest mean AUROC score in cross-validation was
used to train the final GBDT model on the training set
and applied to the test set for evaluation.

Table 3 Pixel totals resulting from different under-sampling methods

Pixel count % of positive class % of negative class (the majority class)  Total count

after the method (training
samples)

Original image 5.559 94441 25,002,241

(exclude border)

Uniform 19611 80.489 7,087,635

Under-Sampling

Unsupervised 34.663 65.338 4,010,003

Under-sampling

Tomek links 34677 65.323 4,000,602

Cluster centroid 50.000 50.000 832,000
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Post-processing and model evaluation

Features extracted from test images were passed into the
trained ensemble models to generate masks. The masks
were then binarized using Otsu’s method [81] and post-
processed by (1) removing border regions, (2) adding
back unsupervised background masks, and (3) removing
artifacts whose areas values were less than 50. The same
evaluation metrics listed in “ Testing and model evalu-
ation” section were calculated to evaluate the quality of
the predicted masks across different models. The metrics
were calculated image-wise and produced by calculating
the mean and standard deviation over all tested images.

Feature importance

The permutation importance [82] of the GBDT models
were computed on the holdout test set for feature evalu-
ation. The importance of a feature was calculated as the
decrease of Friedman MSE (mentioned in “Training and
testing strategy” section) evaluated on the test set when
permuting the feature column for 10 times.

Results

Under-sampling

The counts of positive and negative pixels retained for
model training after different under-sampling steps are
listed in Table 3. Before under-sampling, the positive
class comprised only 5.56% of the total samples after the
border regions were removed (see “Preprocessing” sec-
tion). The uniform under-sampling selected 24.13% of the
background pixels in the original labeled image, followed

Table 4 A comparison of model performance
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by the unsupervised under-sampling that further kept
45.98% of the negative pixel samples. These two steps
resulted in a 34.78% share of vessel pixels in the overall
samples and 4,000,602 samples of vessel and background
pixels for model training. Tomek Links only altered this
percentage level slightly, while Cluster Centroid com-
pletely balanced the positive and negative classes, reduc-
ing the training samples to 832,000 in total.

Performance comparison of deep-learning models

and ensemble models on the test set

Table 4 lists the performances of five deep learning mod-
els, six ensemble models and the state-of-the-art deep
learning model on the test set in terms of their precision,
sensitivity, specificity, F1 score, AUROC and IoU. For the
ensemble models, “Unsupervised” indicates that the uni-
form and unsupervised under-samplings were applied on
the training samples while “Tomek Links” means that all
the Tomek Links were also removed from the sample pix-
els. Moreover, “Cluster Centroid” indicates that the Clus-
ter Centroid under-sampling method was further applied
for reducing sample numbers.

For the deep learning models, Inception-ResNet-v2
U-Net achieved the highest precision and specificity,
DeepLabV3+ obtained the best sensitivity and AUROC,
while DenseNetl21 U-Net had the best F1 score,
AUROC, and IoU scores. For ensemble learning models
that use Deep Forest as the classifier, the samples after
Tomek Links under-sampling method yielded the highest
score in precision, specificity, F1 score, and IoU, while the

Precision Sensitivity Specificity F1 Score AUROC loU
U-Net 0.867 £0.073 0.810£0.122 0.993 £ 0.005 0.831 £0.082 0.902 £ 0.060 0719 £0.115
DeeplabV3+ 0.862 + 0.082 0.828 + 0.096 0.992 + 0.006 0.838 £ 0.081 0.909 + 0.047 0.726 £ 0.088
Inception- 0.904 + 0.072 0.805 £ 0.133 0.995 + 0.004 0.842 £ 0.089 0.900 £ 0.066 0.737 £0.120
ResNet-v2 U-Net
DenseNet121 U-Net 0.891 £ 0.053 0.824 £ 0.145 0.994 £+ 0.004 0.845 £ 0.091 0.909 £ 0.071 0.741 £0.117
Resnet101 U-Net 0.865 £ 0.072 0819+£0.122 0.992 £ 0.005 0.832 £ 0.068 0.906 +£ 0.060 0.718 £ 0.095
Unsupervised 0.832 £0.073 0.911 + 0.096 0.990 £ 0.005 0.863 £ 0.048 0.95 + 0.046 0.762 £+ 0.071
with Deep forest
Tomek Links 0.884 £ 0.061 0867 £0.124 0.993 £ 0.004 0.867 £ 0.066 0.930 £ 0.061 0.770 £ 0.094
with Deep Forest
Cluster centroid 0.868 £ 0.067 0873 £0.107 0.993 + 0.004 0.864 £ 0.062 0933 +£0.053 0.765 + 0.087
with Deep forest
Unsupervised 0.864 £ 0.066 0.894 £ 0.104 0.992 + 0.004 0.872 £ 0.051 0.943 £ 0.051 0.776 £+ 0.075
with GBDT
Tomek Links 0.885 £ 0.06 0872+£0.123 0.994 + 0.004 0.870 £ 0.066 0.933 £ 0.060 0.775 £ 0.094
with GBDT
Cluster Centroid 0.857 £0.073 0.902 £ 0.084 0.992 + 0.004 0.874 + 0.048 0.947 £ 0.041 0.779 £+ 0.072
with GBDT
DenseNet121 U-Net [43] 0.858 £ 0.071 0873 £0.109 0.991 + 0.006 0.858 £+ 0.057 0.926 £ 0.068 0.755 + 0.082

Bold values are denotes the best-performing statistic of a metric among all models tested.
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samples after unsupervised under-sampling gave the best
test performance in terms of sensitivity and AUROC,
achieving the highest AUROC of 0.95 among all models
tested. For ensemble learning models that use GBDT as
classifier, the samples after Tomek Links under-sampling
had the best precision and specificity. Moreover, the
further application of the Cluster Centriod under-sam-
pling method generated the highest sensitivity, F1 score,
AUROC, and IoU scores. It also yielded the best F1 score
and IoU of all models tested.

The state-of-the-art method [43] achieved higher sen-
sitivity, F1 score, AUROC and IoU than the five deep
learning models. However, it can not beat the proposed
ensemble models, which generally performed better than
the deep learning methods in all metrics except for speci-
ficity. Moreover, GBDT classifiers performed better than
the Deep Forest with higher mean value and lower stand-
ard deviation in terms of F1 score and IoU regardless of
the under-sampling method employed.

The permutation feature importance of GBDT models

Figure 8 illustrates the permutation importance of the
37 features used in GBDT model training when differ-
ent under-sampling methods were applied. Statistics
(maximum, mean, variance, and interquartile range) of
the Z-profile are denoted as Z-max, Z-mean, Z-var, and

Z-interq in the plot. For the GBDT trained with the unsu-
pervised under-sampling method, Z-mean and Z-var of
the gradient magnitude, Z-var of the granular decom-
position, and Z-max of the Gabor filter are importance
filter-based features, as well as the deep features 1, 9,
and 16. For the GBDT trained with Tomek Links under-
sampling method, the Z-max and Z-mean of Frangi fil-
ter, the Z-interq of gradient magnitude, and deep feature
4 have high permutation importance. In terms of the the
GBDT and Cluster Centriod combination, deep features
4, 9, and 15 show more permutation importance over
other features. Filter-based features contribute less than
the deep learning features when evaluated on the test
set. Overall, GBDT model trained with different under-
sampling methods assigned different contributions to
features during test evaluation, with some features such
as the Z-var and Z-interq of Gabor features, Z-var of
Matched filters, Z-var and Z-interq of Frangi filters, deep
features 5, 10, 12 and 14, having minor influence when
evaluated by permutation importance.

Discussion

In this paper, a novel ensemble framework for automatic
segmentation of coronary arteries in XCA was devel-
oped. The best performing model utilized a GDBT classi-
fier trained on samples generated by the Cluster Centroid
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under-sampling method, achieving a mean precision of
0.857, sensitivity of 0.902, specificity of 0.992, F1 score of
0.874, AUROC of 0.947, and IoU of 0.779. The ensemble
methods outperformed DeepLabV3+, various U-Net-
based models and the state-of-the-art method [43] on
coronary vessel segmentation in almost all metrics and
had a lower standard deviation in performance over test
images.

From a clinical perspective, as more than 80% of the
percutaneous coronary intervention (PCI) are performed
at the time of angiography [83], an accurate vessel seg-
mentation method that improves the quality of QCA can
greatly facilitate the assessment of stenosis; improve the
quality of patient care; and avoid unnecessary PCls, yield
billions of dollars in savings at the national level [84]. In
addition, correct delineation of the coronary vascular
structures would be valuable in many types of CAD such
as coronary endothelial dysfunction, where XCA serves
as a testing technique [85].

From a technical perspective, this is the first time to
our knowledge that ensemble methods, especially deep
ensemble methods, have been applied to coronary artery
segmentation. Ensemble methods are known for reduc-
ing the variance of predictions by gathering weak learn-
ers. In this study, we specifically used them for better
predictive performance and robustness with limited
data. In terms of the ensemble methods applied, GBDT
is one of the leading boosting algorithms that employ
decision tree weak learners. Compared with other deci-
sion tree boosting algorithms (e.g. [86]), it has more flex-
ibility to handle various losses defined in different forms.
Deep Forest, on the other hand, is an emerging ensemble
method that creates stacked layers in ensemble training.
Although the Deep Forest classifier did not achieve per-
formance that was significantly better than GBDT, it still
outperformed the deep learning models and was more
consistent when evaluated over all test images. This sug-
gests that the ensemble learning method and the training
framework in which various features were extracted from
both classic and deep learning filters is more suitable for
a relatively small dataset where training samples are lim-
ited. The significant increase in sensitivity indicates that
the ensemble models have better recognition of the ves-
sel area. This could be attributed to the employment of
domain knowledge and a reduction in overfitting via the
pixel-wise training scheme.

The proposed method deliberately introduces some
redundancies within the feature vectors so that a wider
spectrum of possible situations can be handled. In terms
of future work, it is important to analyze the most dis-
criminating features extracted for not only a more
explainable model but also a more representative feature
set. A review of the permutation importance of features
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indicates that some of the features have little contribu-
tion to the final prediction. However, since the permuta-
tion importance can be biased towards features that are
correlated with one another [87], a more substantial fea-
ture analysis is required.

Different from the state-of-the-art paper on ves-
sel segmentation [43], in which the dataset was run for
400 epochs with decreased learning rate on training loss
saturation, we used an updated training logic to train the
deep neural network model for feature extraction. Spe-
cifically, we reduced the training epoch upper bounds
and introduced an early-stop mechanism. Although the
deep models trained as such have inferior performances
compared to those obtained from [43], we believe it is
not necessary to have prolonged training for the follow-
ing two reasons. First, with the training logic currently
applied, the state-of-the-art method by itself did not
outperform our ensemble model in all metrics. Second,
the trained deep neural networks are only used for fea-
ture extraction. Given that our dataset is relatively small,
prolonged training on the deep feature extraction model
may hinder the generalizability of the ensemble model
built on its top. To summarize, the ensemble methods we
proposed have strengths in predictive power compared
to the deep-learning state-of-the-art on our datasets.
Comparatively, our weaknesses lie in the complexity of
preprocessing, feature extraction, and under-sampling
pipeline prior to model training.

Recently, vision transformer networks [88] have been
introduced to tackle segmentation tasks [89] for their
capability to capture long-range dependencies in images
with the self-attention mechanism. However, most of
the transformer-based networks are unable to be trained
properly with a small-scale dataset. Current transformer-
based structures designed for medical image segmenta-
tion either need thousands of annotated images [90]
for training or require a large amount of computational
resources [91]. Considering that we have limited training
samples and a model that require a lot of computational
resources is less operational at the point of care in the
cardiac catheterization lab, the transform-based network
may not be a practical or optimal choice.

The proposed method has several limitations. First,
the current Python implementation of Cluster Centroid
under-sampling requires much more computational time
than the Tomek Links and the unsupervised under-sam-
pling methods (see Appendix 2 for details). Although a
huge reduction in training samples should expedite the
training process and yield better-performing prediction
models given the relatively small size of the datasets uti-
lized in this study 4, the prolonged under-sampling pro-
cess increases training time and may hinder the method’s
efficiency and scalability in practice. Moreover, the
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choice of output pixel number for each class in the Clus-
ter Centroid under-sampling method was determined
through a number of trial experiments instead of a more
comprehensive cross-validated grid search. Since this
number affects the time required in under-sampling and
the final performance, it is possible that better choices
exist to reduce training time while maintaining a good
performance.

Appendix 1: Pre-processing

Top-bottom-hat filtering

Top-hat and bottom-hat filters are morphological fil-
ters that combine dilation and erosion operations with
a structuring element (SE). For a gray-scale image, dila-
tion and erosion operation (Fig. 9) of a pixel return the
minimum and the maximum, respectively, of the pixel
intensities in its neighborhood defined by SE and hence,
the former is often used for gaps filling and region con-
nections, while the latter is applied for detail elimination.
Denoting image matrix as / and the SE with scale 4 as SE;,
the morphological opening operation (o) is define as an
erosion (8) followed by a dilation (@) operation and the
morphological closing operation () first perform dilation
and then erosion.

I0SE; = (16 SE;) ® SE,
I eSE; = (I® SE;) © SE,

Diffusion filtering

Diffusion is a time-dependent process from phys-
ics that models the concentration change. This process
evolves the input frame, /, by introducing a ’time’ vari-
able and generating images, I(t), evolved via the diffusion
equation:

I(t) = V- (DVI)

with respect to time t. Here, V represents the divergence
operator; VI = (I, I,) denotes the image gradient; and D
is a diffusion tensor that describes the diffusion process.
The diffusion tensor is constructed to enhance the vas-
cular structures in the image using a variant of Frangi’s
vesselness filter with continuous derivatives. The filter V;
is given by

0, /12 <0
Vo = exp(‘zRTi) X (1 —exp(i—zz)) X (—%), >0
where 41 and Ay are the eigenvectors of the Hessian

matrix, |43] > |[41], R=41/42 and S = 1//1% + )»%, the
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Erosion

Dilation

Fig.9 Examples of dilation (left) and erosion (right) on a grayscale
image using a5 x 5flat SE [92, 93]. The top and bottom parts
illustrate the position and results of the structuring element window
when applied on specific pixels of the original images

parameter o denotes convolution with a Gaussian Kernel
of radius 0. The smoothing parameter, ¢, ensures that the
derivative of V; remains continuous at all points, ensur-
ing a smooth function. The diffusion tensor must be
smooth, positive definite, and symmetric. Due to the
addition of the smoothing parameter in the above filter,
the diffusion tensor can be defined as

D = QGQT

where Q is the matrix given by the eigenvectors of the
Hessian of the image and

G=|n 9f_
0o A

In this definition, w, €, and s denote additional tuning
parameters.

Vessel-enhancing diffusion is performed on each image
using scale-space theory for scale invariance [94] with
scaling parameters selected for the LCA and RCA based
on expected vessel width ranges [95]. The differential fil-
ters are optimized for rotation invariance [96]. Finally,
the vesselness response of the diffused image I’ is given
by the maximum vesselness response over all scales,

1+ @-1)-v 0
0 1+E€—1) v

V = max, Vs

Appendix 2: Computational time for different
under-sampling procedures

Table 5 shows the mean and standard deviation of the
computational times when applying different under-
sampling methods over all images in our dataset. Unsu-
pervised under-sampling is implemented by Matlab,
while Tomek Links and Cluster Centroid are carried out
with Python Imbalanced-learn library [80]. Cluster Cen-
troid under-sampling takes 67312 times more compu-
tational time than unsupervised method, and uses 163
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Table 5 Computational time statistics

Under-sampling methods Computational

time (seconds)

Unsupervised 0.08 & 0.005
Tomek links 3336 +£862
Cluster centroid 5385.73 + 207.27

time more computational time than the Tomek Links
under-sampling.

Appendix 3: Training details on DeepLabV3+

We applied a backbone of ImageNet pre-trained
Resnetl01, an encoder depth of 5, an encoder out-
put stride of 16, a decoder atrous rates of (12, 24, 36), a
decoder channel of 256 in the DeepLabV3+ model con-
struction. These are the preferable parameter choices
described in the original paper when training the model
on images of roughly the same resolution as the ours.

Abbreviations

AUROC: Area under the receiver operating characteristic curve; AVI: Audio
video interleave; CAD: Coronary artery disease; Cath: Catheter diameter size;
CNNs: Convolutional neural networks; DenseNet121: Densely connected con-
volutional networks, 121 layers; DICOM: Digital imaging and communications
in medicine; loU: Intersection over union; GBDT: Gradient boost decision tree;
GD: Generalized dice loss; GPU: Graphics processing unit; LCA: Left coronary
arteries; PCl: Percutaneous coronary intervention; QCA: Quantitative coronary
angiography; RCA: Right coronary arteries; XCA: X-ray coronary angiography.

Acknowledgements
We thank all the members of the Biomedical and Clinical Informatics Lab for
useful discussions.

Author’s contributions

Conceptualization, BN and KN; methodology, ZG, LW, RS, JG and KN; formal
analysis, ZG and LW; software, ZG and AW; validation, RS, JG and KN; resources,
BN and KN; data curation, BN and JG; writing—original draft preparation, ZG
and LW; writing—review and editing, RS and JG; visualization, ZG; supervi-
sion, KN; project administration, JG; All authors have read and agreed to the
published version of the manuscript.

Funding
This research received no external funding.

Availability of data and materials

Dataset 1 utilized in this study was collected at Michigan Medicine. The Uni-
versity of Michigan’s Innovation Partnerships unit (innovationpartnerships@
umich.edu) will handle potential charges / arrangements of the use of data by
external entities, using such methods as material transfer agreements.

Declarations

Ethics approval and consent to participate

This study was conducted according to the guidelines of the Declaration

of Helsinki, and approved by the Institutional Review Board of University of
Michigan (protocol code HUM00084689, approved 18 August 2020). Patient
consent was waived as the research involved no more than minimal risk to the
subjects.

Page 150f 17

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Computational Medicine and Bioinformatics, University

of Michigan, Ann Arbor, USA. 2Michigan Institute for Data Science (MIDAS),
University of Michigan, Ann Arbor, USA. *Department of Internal Medicine,
University of Michigan, Ann Arbor, USA. *Division of Cardiovascular Diseases,
University of Michigan, Ann Arbor, USA. *Department of Emergency Medicine,
University of Michigan, Ann Arbor, USA. ®Department of Electrical Engineering
and Computer Science, University of Michigan, Ann Arbor, USA. ”Michigan
Center for Integrative Research in Critical Care (MCIRCC), University of Michi-
gan, Ann Arbor, USA.

Received: 15 June 2021 Accepted: 4 January 2022
Published online: 19 January 2022

References

1. Wang H, Naghavi M, Allen C, Barber RM, Bhutta ZA, Carter A, Casey DC,
Charlson FJ, Chen AZ, Coates MM, et al. Global, regional, and national
life expectancy, all-cause mortality, and cause-specific mortality for 249
causes of death, 1980-2015: a systematic analysis for the global burden
of disease study 2015. Lancet. 2016;388(10053):1459-544.

2. VosT, Allen C, Arora M, Barber RM, Bhutta ZA, Brown A, Carter A, Casey
DC, Charlson FJ, Chen AZ, et al. Global, regional, and national incidence,
prevalence, and years lived with disability for 310 diseases and injuries,
1990-2015: a systematic analysis for the global burden of disease study
2015. Lancet. 2016;388(10053):1545-602.

3. Libby P, Theroux P. Pathophysiology of coronary artery disease. Circula-
tion. 2005;111(25):3481-8.

4. Thygesen K, Alpert JS, White HD. For the redefinition of myocardial infarc-
tion, JETF.: universal definition of myocardial infarction. J Am Coll Cardiol.
2007;50(22):2173-95.

5. Baim DS, Grossman W. Coronary angiography. In: Cardiac catheterization
and angiography. 3rd ed. 1986.

6. Coronary Angiography|National Heart, Lung, and Blood Institute (NHLBI).
https://www.nhlbi.nih.gov/health-topics/coronary-angiography.
Accessed 3 Mar 2021.

7. Fleming RM, Kirkeeide RL, Smalling RW, Gould KL, Stuart Y. Patterns in
visual interpretation of coronary arteriograms as detected by quantitative
coronary arteriography. J Am Coll Cardiol. 1991;18(4):945-51.

8. ZhangH, Mu L, Hu S, Nallamothu BK, Lansky AJ, Xu B, Bouras G, Cohen DJ,
Spertus JA, Masoudi FA, et al. Comparison of physician visual assessment
with quantitative coronary angiography in assessment of stenosis sever-
ity in china. JAMA Intern Med. 2018;178(2):239-47.

9. Zir LM, Miller SW, Dinsmore RE, Gilbert J, Harthorne J. Interobserver vari-
ability in coronary angiography. Circulation. 1976;53(4):627-32.

10. DeRouenT, Murray J, Owen W. Variability in the analysis of coronary
arteriograms. Circulation. 1977,55(2):324-8.

11. Serruys PW, Reiber JH, Wijns W, vd Brand M, Kooijman CJ, Harald J, Hugen-
holtz PG. Assessment of percutaneous transluminal coronary angioplasty
by quantitative coronary angiography: diameter versus densitometric
area measurements. Am J Cardiol. 1984;54(6):482-8.

12. Serruys PW, Foley DP, De Feyter PJ. Quantitative coronary angiography in
clinical practice, vol. 145. New York: Springer; 1993.

13. Garrone P, Biondi-Zoccai G, Salvetti|, Sina N, Sheiban |, Stella PR, Agostoni
P Quantitative coronary angiography in the current era: principles and
applications. J Intervent Cardiol. 2009;22(6):527-36.

14. Blondel C, Malandain G, Vaillant R, Ayache N. Reconstruction of coronary
arteries from a single rotational X-ray projection sequence. IEEE Trans
Med Imaging. 2006;25(5):653-63.

15. Shechter G, Devernay F, Coste-Maniére E, Quyyumi A, McVeigh ER. Three-
dimensional motion tracking of coronary arteries in biplane cineangio-
grams. IEEE Trans Med Imaging. 2003;22(4):493-503.

16. Sun Z, Zhou Y. Assessing cardiac dynamics based on X-ray coronary
angiograms. J Multimed. 2013;8(1).


https://www.nhlbi.nih.gov/health-topics/coronary-angiography

Gao et al. BMC Medical Imaging

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33

34.

35.

36.

(2022) 22:10

Cruz-Aceves |, Oloumi F, Rangayyan RM, Avina-Cervantes JG, Hernandez-
Aguirre A. Automatic segmentation of coronary arteries using gabor
filters and thresholding based on multiobjective optimization. Biomed
Signal Process Control. 2016;25:76-85.

Fazlali HR, Karimi N, Soroushmehr SR, Shirani S, Nallamothu BK, Ward

KR, Samavi S, Najarian K. Vessel segmentation and catheter detec-

tion in X-ray angiograms using superpixels. Med Biol Eng Comput.
2018;56(9):1515-30.

Felfelian B, Fazlali HR, Karimi N, Soroushmehr SMR, Samavi S, Nallamothu
B, Najarian K. Vessel segmentation in low contrast X-ray angiogram
images. In: 2016 IEEE international conference on image processing (ICIP).
|EEE; 2016. p. 375-379.

Maglaveras N, Haris K, Efstratiadis S, Gourassas J, Louridas G. Artery skel-
eton extraction using topographic and connected component labeling.
In: Computers in cardiology, vol. 28 (Cat. No. 01CH37287). IEEE; 2001. p.
17-20.

Zifan A, Liatsis P. Patient-specific computational models of coronary arter-
ies using monoplane X-ray angiograms. Comput Math Methods Med.
2016;2016.

Qin B, Jin M, Hao D, Lv Y, Liu Q, Zhu Y, Ding S, Zhao J, Fei B. Accurate vessel
extraction via tensor completion of background layer in X-ray coronary
angiograms. Pattern Recogn. 2019;87:38-54.

Shoujun Z, Jian'Y, Yongtian W, Wufan C. Automatic segmentation of
coronary angiograms based on fuzzy inferring and probabilistic tracking.
Biomed Eng. 2010,9(1):1-21.

M'hiri F, Duong L, Desrosiers C, Cheriet M. Vesselwalker: coronary arteries
segmentation using random walks and hessian-based vesselness filter.
In: 2013 IEEE 10th international symposium on biomedical imaging. IEEE;
2013.p.918-921.

LvT,Yang G, Zhang Y, Yang J, Chen Y, Shu H, Luo L. Vessel segmentation
using centerline constrained level set method. Multimed Tools Appl.
2019;78(12):17051-75.

Ma G, Yang J, Zhao H. A coronary artery segmentation method based on
region growing with variable sector search area. Technology and Health
Care (Preprint); 2020. p. 1-10.

Xia S, Zhu H, Liu X, Gong M, Huang X, Xu L, Zhang H, Guo J. Vessel
segmentation of X-ray coronary angiographic image sequence. [EEE Trans
Biomed Eng. 2019;67(5):1338-48.

Dehkordi MT, Hoseini AMD, Sadri S, Soltanianzadeh H. Local feature fitting
active contour for segmenting vessels in angiograms. IET Comput Vis.
2013;8(3):161-70.

Kerkeni A, Benabdallah A, Manzanera A, Bedoui MH. A coronary artery
segmentation method based on multiscale analysis and region growing.
Comput Med Imaging Gr. 2016;48:49-61.

Cervantes-Sanchez F, Cruz-Aceves |, Hernandez-Aguirre A, Solorio-Meza
S, Cordova-Fraga T, Avifa-Cervantes JG. Coronary artery segmentation

in X-ray angiograms using gabor filters and differential evolution. Appl
Radiat Isot. 2018;138:18-24.

Cervantes-Sanchez F, Cruz-Aceves |, Hernandez-Aguirre A, Hernandez-
Gonzalez MA, Solorio-Meza SE. Automatic segmentation of coronary
arteries in X-ray angiograms using multiscale analysis and artificial neural
networks. Appl Sci. 2019,9(24):5507.

Nasr-Esfahani E, Karimi N, Jafari MH, Soroushmehr SMR, Samavi S, Nallam-
othu B, Najarian K. Segmentation of vessels in angiograms using convolu-
tional neural networks. Biomed Signal Process Control. 2018;40:240-51.
Jo K, Kweon J, Kim Y-H, Choi J. Segmentation of the main vessel of the left
anterior descending artery using selective feature mapping in coronary
angiography. IEEE Access. 2018;7:919-30.

Vukicevic AM, Cimen S, Jagic N, Jovicic G, Frangi AF, Filipovic N. Three-
dimensional reconstruction and nurbs-based structured meshing of
coronary arteries from the conventional X-ray angiography projection
images. Sci Rep. 2018;8(1):1-20.

WanT, Shang X, Yang W, Chen J, Li D, Qin Z. Automated coronary artery
tree segmentation in X-ray angiography using improved hessian based
enhancement and statistical region merging. Comput Methods Programs
Biomed. 2018;157:179-90.

Sameh S, Azim MA, AbdelRaouf A. Narrowed coronary artery detection
and classification using angiographic scans. In: 2017 12th international
conference on computer engineering and systems (ICCES). IEEE; 2017. p.
73-79.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Page 16 of 17

Kerkeni A, Benabdallah A, Bedoui MH. Coronary artery multiscale
enhancement methods: a comparative study. In: International confer-
ence image analysis and recognition. Springer; 2013. p. 510-520.
Samuel PM, Veeramalai T. Vssc net: vessel specific skip chain convo-
lutional network for blood vessel segmentation. Comput Methods
Programs Biomed. 2021;198:105769.

Simonyan K, Zisserman A. Very deep convolutional networks for large-
scale image recognition. 2014. arXiv preprint. arXiv:1409.1556.

lyer K, Najarian CP, Fattah AA, Arthurs CJ, Soroushmehr SR, Subban'V,
Sankardas MA, Nadakuditi RR, Nallamothu BK, Figueroa CA. Angionet: a
convolutional neural network for vessel segmentation in X-ray angiogra-
phy. medRxiv. 2021.

Chen L-C, Zhu Y, Papandreou G, Schroff F, Adam H. Encoder-decoder
with atrous separable convolution for semantic image segmentation.

In: Proceedings of the European conference on computer vision (ECCV).
2018.p.801-818.

Shi X, DuT, Chen S, Zhang H, Guan C, Xu B. Uenet: a novel generative
adversarial network for angiography image segmentation. In: 2020 42nd
Annual international conference of the IEEE engineering in medicine &
biology society (EMBC). [EEE; 2020. p. 1612-1615.

Yang S, Kweon J, Roh J-H, Lee J-H, Kang H, Park L-J, Kim DJ, Yang H, Hur
J,Kang D-Y, et al. Deep learning segmentation of major vessels in X-ray
coronary angiography. Sci Rep. 2019;9(1):1-11.

He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition.
In: Proceedings of the IEEE conference on computer vision and pattern
recognition, 2016. p. 770-778.

Szegedy C, loffe S, Vanhoucke V, Alemi A. Inception-v4, inception-resnet
and the impact of residual connections on learning. In: Proceedings of
the AAAI conference on artificial intelligence. 2017. p. 31.

Huang G, Liu Z, Van Der Maaten L, Weinberger KQ. Densely connected
convolutional networks. In: Proceedings of the IEEE conference on com-
puter vision and pattern recognition. 2017. p. 4700-4708.

Fan J,Yang J,Wang Y, Yang S, Ai D, Huang Y, Song H, Hao A, Wang Y. Multi-
channel fully convolutional network for coronary artery segmentation in
X-ray angiograms. IEEE Access. 2018;6:44635-43.

Wang L, Liang D, Yin X, Qiu J, Yang Z, Xing J, Dong J, Ma Z. Coronary artery
segmentation in angiographic videos utilizing spatial-temporal informa-
tion. BMC Med Imaging. 2020;20(1):1-10.

Zhu X, Cheng Z,Wang S, Chen X, Lu G. Coronary angiography image
segmentation based on pspnet. Comput Methods Programs Biomed.
2020;105897.

Chen L-C, Papandreou G, Kokkinos I, Murphy K, Yuille AL. Semantic image
segmentation with deep convolutional nets and fully connected crfs.
2014. arXiv preprint. arXiv:1412.7062.

Friedman JH. Greedy function approximation: a gradient boosting
machine. Ann Stat. 2001;1189-1232.

Zhou Z-H, Feng J. Deep forest. 2017. arXiv preprint. arXiv:1702.08835.
Guo F, LiW, Tang J, Zou B, Fan Z. Automated glaucoma screening method
based on image segmentation and feature extraction. Med Biol Eng
Comput. 2020;58(10):2567-86.

de Melo VWV, Ushizima DM, Baracho SF, Coelho RC. Gradient boosting
decision trees for echocardiogram images. In: 2018 International joint
conference on neural networks (IJCNN). [EEE; 2018. p. 1-8.

Rakhlin A, Shvets A, Iglovikov V, Kalinin AA. Deep convolutional neural
networks for breast cancer histology image analysis. In: International
conference image analysis and recognition. Springer; 2018. p. 737-744.
Chen W, Liu B, Peng S, Sun J, Qiao X. Computer-aided grading of gliomas
combining automatic segmentation and radiomics. Int J Biomed Imag-
ing. 2018;2018.

Sun 'L, Mo Z,Yan F, Xia L, Shan F, Ding Z, Song B, Gao W, Shao W, Shi F,

et al. Adaptive feature selection guided deep forest for covid-19 classifi-
cation with chest ct. IEEE J Biomed Health Inform. 2020;24(10):2798-805.
Katzmann A, Muehlberg A, Suehling M, Nérenberg D, Holch JW, Gross
H-M. Deep random forests for small sample size prediction with medical
imaging data. In: 2020 IEEE 17th international symposium on biomedical
imaging (ISBI). IEEE; 2020. p. 1543-1547.

Lupascu CA, Tegolo D, Trucco E. Fabc: retinal vessel segmentation using
adaboost. IEEE Trans Inf Technol Biomed. 2010;14(5):1267-74.

Fraz MM, Rudnicka AR, Owen CG, Barman SA. Delineation of blood
vessels in pediatric retinal images using decision trees-based ensemble
classification. Int J Comput Assist Radiol Surg. 2014;9(5):795-811.


http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1412.7062
http://arxiv.org/abs/1702.08835

Gao et al. BMC Medical Imaging

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.
75.

76.

77.
78.

79.

80.

81.

82.
83.

84.

85.

86.

(2022) 22:10

Fraz MM, Remagnino P, Hoppe A, Uyyanonvara B, Rudnicka AR, Owen CG,
Barman SA. An ensemble classification-based approach applied to retinal
blood vessel segmentation. IEEE Trans Biomed Eng. 2012;59(9):2538-48.
Wang S, YinY, Cao G, Wei B, Zheng Y, Yang G. Hierarchical retinal blood
vessel segmentation based on feature and ensemble learning. Neuro-
computing. 2015;149:708-17.

Aslani S, Sarnel H. A new supervised retinal vessel segmentation

method based on robust hybrid features. Biomed Signal Process Control.
2016;30:1-12.

Zhang J, ChenY, Bekkers E, Wang M, Dashtbozorg B, ter Haar Romeny BM.

Retinal vessel delineation using a brain-inspired wavelet transform and
random forest. Pattern Recogn. 2017,69:107-23.

Witkin AP. Scale-space filtering. In: Readings in computer vision. Elsevier;
1987. pp. 329-332.

Lindeberg T. Scale-space theory: a basic tool for analyzing structures at
different scales. J Appl Stat. 1994;21(1-2):225-70.

Frangi AF, Niessen WJ, Vincken KL, Viergever MA. Multiscale vessel
enhancement filtering. In: International conference on medical image
computing and computer-assisted intervention. Springer; 1998. p.
130-137.

Buades A, Coll B, Morel J-M. A non-local algorithm for image denoising.
In: 2005 IEEE computer society conference on computer vision and pat-
tern recognition (CVPR'05), vol. 2. IEEE; 2005, p. 60-65.

Kushol R, Kabir MH, Salekin MS, Rahman AA. Contrast enhancement by
top-hat and bottom-hat transform with optimal structuring element:
application to retinal vessel segmentation. In: International conference
image analysis and recognition. Springer; 2017. p. 533-540.
Manniesing R, Viergever MA, Niessen WJ. Vessel enhancing diffusion:

a scale space representation of vessel structures. Med Image Anal.
2006;10(6):815-25.

Chaudhuri S, Chatterjee S, Katz N, Nelson M, Goldbaum M. Detection of
blood vessels in retinal images using two-dimensional matched filters.
IEEE Trans Med Imaging. 1989;8(3):263-9.

Qian X, Brennan MP, Dione DP, Dobrucki WL, Jackowski MP, Breuer CK,
Sinusas AJ, Papademetris X. A non-parametric vessel detection method
for complex vascular structures. Med Image Anal. 2009;13(1):49-61.
Bangham JA, Harvey RW, Ling PD, Aldridge RV. Morphological scale-
space preserving transforms in many dimensions. J Electron Imaging.
1996;5(3):283-99.

Yakubovskiy P. Segmentation models Pytorch. GitHub. 2020.

Chen L-C, Papandreou G, Schroff F, Adam H. Rethinking atrous convolu-
tion for semantic image segmentation. 2017. arXiv preprint. arXiv:1706.
05587.

Crum WR, Camara O, Hill DL. Generalized overlap measures for evalua-
tion and validation in medical image analysis. IEEE Trans Med Imaging.
2006;25(11):1451-61.

Tomek |, et al. Two modifications of cnn. 1976.

Batista GE, Prati RC, Monard MC. A study of the behavior of several meth-
ods for balancing machine learning training data. ACM SIGKDD Explor
Newsl. 2004;6(1):20-9.

Rahman MM, Davis D. Cluster based under-sampling for unbalanced
cardiovascular data. In: Proceedings of the world congress on engineer-
ing, vol. 3;2013. p. 3-5.

Lemaitre G, Nogueira F, Aridas CK. Imbalanced-learn: a python toolbox
to tackle the curse of imbalanced datasets in machine learning. J Mach
Learn Res. 2017;18(17):1-5.

Otsu N. A threshold selection method from gray-level histograms. IEEE
Trans Syst Man Cybern. 1979,9(1):62-6.

Breiman L. Bagging predictors. Mach Learn. 1996;24(2):123-40.

Hannan EL, Samadashvili Z, Walford G, Holmes DR, Jacobs A, Sharma S,
Katz S, King SB 3rd. Predictors and outcomes of ad hoc versus non-ad
hoc percutaneous coronary interventions. JACC Cardiovasc Interv.
2009;2(4):350-6.

Sternberg S, Dougherty G. Angioplasty: risks and benefits. U.S. News &
World Report. 2015. Accessed 28 Mar 2021.

Matsuzawa Y, Lerman A. Endothelial dysfunction and coronary artery
disease: assessment, prognosis, and treatment. Coron Artery Dis.
2014;25(8):713-24.

Freund Y, Schapire RE. A decision-theoretic generalization of on-

line learning and an application to boosting. J Comput Syst Sci.
1997,55(1):119-39.

Page 17 of 17

87. Strobl C, Boulesteix A-L, Zeileis A, Hothorn T. Bias in random forest vari-
able importance measures: illustrations, sources and a solution. BMC
Bioinform. 2007;8(1):1-21.

88. Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner
T, Dehghani M, Minderer M, Heigold G, Gelly S, et al. An image is worth
16x16 words: transformers for image recognition at scale. 2020. arXiv
preprint. arXiv:i2010.11929.

89. Zheng S, LuJ, Zhao H, Zhu X, Luo Z, Wang Y, FuY, Feng J, Xiang T, Torr PH,
et al. Rethinking semantic segmentation from a sequence-to-sequence
perspective with transformers. In: Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition. 2021. p. 6881-6890.

90. Chen J,LuY,Yu Q, Luo X, Adeli E, Wang Y, Lu L, Yuille AL, Zhou Y. Transunet:
transformers make strong encoders for medical image segmentation.
2021. arXiv preprint. arXiv:2102.04306.

91. Valanarasu JMJ, Oza P, Hacihaliloglu |, Patel VM. Medical transformer:
gated axial-attention for medical image segmentation. 2021. arXiv pre-
print. arXiv:2102.10662.

92. Wikipedia contributors: Erosion (morphology). 2020. https://en.wikipedia.
org/w/index.php?title=Erosion_(morphology). Accessed 23 Mar 2021.

93. Wikipedia contributors: Dilation (morphology). 2021. https://en.wikipedia.
org/w/index.php?title=Dilation_(morphology). Accessed 23 Mar 2021.

94. Lindeberg T. Scale-space. Wiley encyclopedia of computer science and
engineering. 2007. p. 2495-2504.

95. Dodge Jr JT, Brown BG, Bolson EL, Dodge HT. Lumen diameter of normal
human coronary arteries. influence of age, sex, anatomic variation, and
left ventricular hypertrophy or dilation. Circulation. 1992;86(1):232-46.

96. Weickert J, Scharr H. A scheme for coherence-enhancing diffusion filter-
ing with optimized rotation invariance. J Vis Commun Image Represent.
2002;13(1-2):103-18.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



http://arxiv.org/abs/1706.05587
http://arxiv.org/abs/1706.05587
http://arxiv.org/abs/2010.11929
http://arxiv.org/abs/2102.04306
http://arxiv.org/abs/2102.10662
https://en.wikipedia.org/w/index.php?title=Erosion_%28morphology)
https://en.wikipedia.org/w/index.php?title=Erosion_%28morphology)
https://en.wikipedia.org/w/index.php?title=Dilation_%28morphology)
https://en.wikipedia.org/w/index.php?title=Dilation_%28morphology)

	Vessel segmentation for X-ray coronary angiography using ensemble methods with deep learning and filter-based features
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Dataset
	Feature extraction with filters
	Scale-space theory and the Z-profile of filter responses
	Preprocessing
	Filter-based feature extraction

	Feature extraction with deep learning
	Data partitioning for model construction
	Network structure
	Data processing and training setting
	Loss function
	Testing and model evaluation
	Deep feature extraction

	Feature standardization and training samples
	Under-sampling of non-vessel pixels
	Uniform and unsupervised under-sampling
	Supervised under-sampling

	Ensemble learning for coronary vessel segmentation
	Data partitioning for model construction
	Training and testing strategy
	Post-processing and model evaluation
	Feature importance


	Results
	Under-sampling
	Performance comparison of deep-learning models and ensemble models on the test set
	The permutation feature importance of GBDT models

	Discussion
	Acknowledgements
	References


