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ABSTRACT
The amount of calcifications in the coronary arteries is a powerful and independent predictor of cardiovascular
events and is used to identify subjects at high risk who might benefit from preventive treatment. Routine
quantification of coronary calcium scores can complement screening programs using low-dose chest CT, such as
lung cancer screening. We present a system for automatic coronary calcium scoring based on deep convolutional
neural networks (CNNs).
The system uses three independently trained CNNs to estimate a bounding box around the heart. In this
region of interest, connected components above 130 HU are considered candidates for coronary artery calcifications. To separate them from other high intensity lesions, classification of all extracted voxels is performed by
feeding two-dimensional 50 mm × 50 mm patches from three orthogonal planes into three concurrent CNNs. The
networks consist of three convolutional layers and one fully-connected layer with 256 neurons.
In the experiments, 1028 non-contrast-enhanced and non-ECG-triggered low-dose chest CT scans were used.
The network was trained on 797 scans. In the remaining 231 test scans, the method detected on average
194.3 mm3 of 199.8 mm3 coronary calcifications per scan (sensitivity 97.2 %) with an average false-positive volume
of 10.3 mm3 . Subjects were assigned to one of five standard cardiovascular risk categories based on the Agatston
score. Accuracy of risk category assignment was 84.4 % with a linearly weighted κ of 0.89.
The proposed system can perform automatic coronary artery calcium scoring to identify subjects undergoing
low-dose chest CT screening who are at risk of cardiovascular events with high accuracy.
Keywords: Automatic coronary calcium scoring, cardiovascular risk estimation, low-dose chest CT, lung cancer
screening, convolutional neural networks, deep learning

1. INTRODUCTION
Cardiovascular disease (CVD) is the most common cause of death world-wide.1 Smoking is an important risk
factor for CVD and as such strongly related to fatal and nonfatal cardiovascular events. In the so far largest lung
cancer screening trial in heavy smokers, cardiovascular illness was the leading cause of death, even before lung
cancer.2 Quantification of coronary artery calcifications (CAC) using dedicated cardiac CT is well-established
as an independent predictor of cardiovascular events and mortality. It has recently been shown that CAC quantified in non-ECG-synchronized low-dose chest CT also enables identification of subjects at high cardiovascular
risk.3–5 In a lung cancer screening setting, coronary calcium quantification (“calcium scoring”) therefore has the
potential to identify subjects at high risk who might benefit from preventive treatment and for whom referral to
a cardiologist may be advised.6
Eligibility criteria for lung cancer screening with low-dose chest CT are typically based on age and smoking
history, two major risk factors for coronary artery disease. The prevalence and amount of coronary calcifications
is therefore relatively high in the screened subjects compared to the general population. Moreover, a large
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number of scans have to be analyzed given that these criteria are met by a substantial part of the population.7
For these reasons, manual calcium scoring would add a considerable burden to the screening process and, hence,
automatic calcium detection and quantification would be desirable.
The coronary arteries are typically not well visible in CT without contrast enhancement. In addition, the
lack of ECG-synchronization results in motion artifacts in the heart and the low radiation dose leads to increased
image noise. Together, this makes automatic detection of coronary calcifications a challenging task. Previous
approaches used hand-crafted features8 or decision rules9 to detect lesions in the coronary arteries. In recent years,
deep convolutional neural networks10 (CNNs) have shown outstanding performance in many image classification
contests.11, 12 An interesting property of these networks is that they do not rely on expert designed features or
decision rules but learn themselves which features of the image are relevant for classification purposes, which
makes them potentially more robust and generic than traditional machine learning approaches. We therefore
exploited the use of CNNs for detection of coronary calcifications in a screening study with low-dose chest CT.

2. DATA DESCRIPTION
This study included 1028 current or former heavy smokers between the age of 50 and 75 who participated in
a screening study with low-dose chest CT. Participants were screened between 2004 and 2006 at the UMC
Utrecht (710), UMC Groningen (159) and Kennemer Gasthuis Haarlem (159). CT scans were acquired without
contrast enhancement and ECG triggering at inspiration with 16 or 64 detector-row CT scanners (Mx8000
IDT or Brilliance 16P, Philips Medical Systems; Sensation 16 or Sensation 64, Siemens Medical Solutions).
Slice thickness was 0.75 mm or 1.0 mm with 0.7 mm increment, and in-plane resolution ranged from 0.52 mm to
0.89 mm. Peak voltage was, depending on the patient weight, 120 kVp or 140 kVp at a tube current of 30 mAs.
The images were reconstructed with medium-soft kernels (Philips B, Siemens B30f). Because calcium scoring is
commonly performed in images with a slice thickness of 3 mm, thick-slice images were reconstructed from the
original thin-slice reconstructions by averaging four consecutive slices with two overlapping slices.13
The reference standard was defined by manual annotation of coronary calcifications in the thick-slice images
by one experienced observer. Only voxels with attenuation values above the clinical standard threshold for
calcium scoring of 130 HU were considered. The observer manually marked all calcified lesions in the coronary
arteries. In order to reduce the influence of image noise, only lesions larger than 1.5 mm3 were considered
coronary calcifications. Smaller lesions were ignored as they consisted of only one or two voxels so that the
observer could not be certain in distinguishing them from noise.

3. METHOD
The automatic system first estimates the position of the heart using three deep CNNs that predict the presence
of the heart in axial, coronal and sagittal slices of the image volume.14 The combination of these per-slice
probabilities yields a 3D bounding box around the heart. Inside this region of interest, candidates for CAC are
identified by thresholding at the standard threshold of 130 HU followed by 3D connected-component analysis.
Components smaller than 1.5 mm3 or larger than 5000 mm3 are discarded from further analysis as they are likely
noise or bony structures. Unlike previous approaches that analyzed lesions, all voxels contained in the extracted
candidates are analyzed individually. This increases the robustness of the predictions as many perspectives of
each lesion are considered compared to analyzing the lesions at only a single location, e.g., their center of mass.
Centered at each analyzed voxel, three two-dimensional 50 mm × 50 mm patches (axial, sagittal, and coronal;
64 × 64 pixels) are extracted from the respective image and subsequently classified by a convolutional neural
network. The posterior probability of each candidate lesion is obtained by averaging the predictions of all voxels
within that lesion.
The network is a feed-forward neural network with three convolutional layers and one fully connected layer
(Figure 1). Every convolutional layer is followed by 2 × 2 max-pooling to reduce the size of the feature maps
and thus the number of network parameters. Furthermore, half of the neurons in the fully connected layer are
randomly deactivated during training (“Dropout”) to avoid over-fitting. Because coronary calcifications appear
in a large variety of orientations and do not have consistent alignment with the patches, the three orthogonal
patches per voxel are fed into networks with identical architecture and shared weights. The outputs of the final
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Figure 1. Architecture of the convolutional neural network. Weights are shared between the three concurrent networks.
The convolutional steps are followed by 2 × 2 subsampling with max-pooling, and are finally connected to one fullyconnected layer consisting of 256 neurons. These are fully-connected to two output nodes.

hidden layers of the three networks are jointly connected to two output nodes, which correspond to positive
(coronary calcification) and negative (other high density candidate) classification.
The class label of each candidate lesion was determined by thresholding the posterior probability. Because
the total volume of calcium in the coronary arteries is a better predictor of cardiovascular events than the number
of calcified lesions,5 this threshold was defined to minimize the average volume error per scan. For each subject,
the detected coronary calcifications were quantified using volume and Agatston scores.15 Thereafter, all subjects
were assigned to one of five standard cardiovascular risk categories based on the Agatston score (I–V: 0, 1–10,
11–100, 101–400, >400). These results were then compared to the manual reference annotations.

4. RESULTS AND DISCUSSION
From the 1028 images in our data set, 797 were used to train the network. These images contained on average
680.5 mm3 coronary calcium per scan and in total 5322 coronary calcifications with 347 717 voxels. An equal
number of samples from the negative class were randomly selected from all 249 665 negative candidate lesions
within the cardiac region of interest because preliminary experiments showed that our network learned better
from a balanced training set. Ten percent of the positive and negative training samples were used to optimize
the network architecture and for validation during training.
The remaining 231 test images contained 657 coronary calcifications and 16 840 negative candidates. The
automatic method detected on average 194.3 mm3 of 199.8 mm3 coronary calcifications (sensitivity 97.2 %) per
scan. The average false-positive volume was 10.3 mm3 . Since the classification threshold was optimized for
minimal volume error, the lesion-wise sensitivity was slightly lower, namely 88.9 %, with on average 0.48 falsepositives per scan. The correct cardiovascular risk category was assigned to 84.4 % of the subjects (Table 1). 33
subjects (14.3 %) were one category off, two subjects (0.87 %) were two categories off, and one subject (0.43 %)
was three categories off. No subject was four categories off. The reliability of the risk category assignment was
excellent16 with a linearly weighted κ of 0.89.
The high detection sensitivity led to slight overestimation of cardiovascular risk due to false-positive detections. As the average false-positive volume was small, this mostly affected low-risk categories (I, II) where small
absolute score changes are more likely to affect risk categorization. However, reliable classification of these subjects is hardly feasible in low-dose chest CT due to the compromised image quality and the often severe motion
artifacts. In addition, preventive efforts are likely not indicated for these subjects. Less than 6% of the subjects
with very-low and low cardiovascular risk were incorrectly assigned a higher risk (III or higher). On contrary, it
is clinically important to correctly classify subjects at intermediate to high risk (III–V) as those could benefit
from primary and secondary preventive efforts.6 More than 99% of the subjects with elevated cardiovascular risk
were identified, and the correct risk category was assigned in 95.5% of the cases.
The proposed method consists of two major stages. In the first stage, a bounding box around the heart
is estimated, limiting subsequent analysis to a region of interest (Figure 2). Preliminary experiments with the
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Table 1. Agreement between the automatically assigned CVD
risk category and the manually determined reference category. Automatic method and reference agreed in 195 of
231 images (84.4 %). The network over-estimated risk in 26
(11.3 %) and under-estimated in 10 (4.3 %) of the subjects. 24
of these 36 misclassifications (66 %) occurred between verylow (I) and low risk (II).
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Figure 2. CT scan overlayed with potential CAC candidates, i.e., voxels above 130 HU (red), and the automatically detected region of interest (yellow). The majority
of candidates is not within the region of interest.

whole images resulted in often large false-positives in the heart and in the ascending and descending aorta, which
strongly influenced the accuracy of cardiovascular risk category assignment (Figures 3 and 4). When classification
was performed inside the bounding box only, the performance improved substantially as false-positives outside
the heart were discarded and the network focused on distinguishing positive and negative candidates inside the
heart. Notably, proximal coronary calcifications were reliably distinguished from non-coronary calcifications
located in the ascending aorta in direct neighborhood to the coronary arteries (Figure 5). Most false-positives
represented image noise in or in proximity of the coronary arteries. Generally, the network learned to infer
plausible locations of coronary calcifications from three small orthogonal patches alone, without any explicitly
provided spatial information. In contrast, spatial features were crucial for correct classification in previous
approaches.8, 17 However, such features rely on the definition of a common reference space, which typically
requires complex non-elastic registration steps.
The presented method outperformed previously published techniques for automatic CAC detection in nonECG-synchronized chest CT. Xie et al.9 reported results for 41 scans using only four Agatston-based risk categories (0–10, 11–100, 101–400, >400), to which 58.5 % of the subjects were correctly assigned. Using the same
metric, the here proposed method achieves 94.8 % risk categorization accuracy. In comparison to the method
published by Išgum et al.,8 which was evaluated on the same set of 231 scans as in this work, our convolutional
neural network performed only slightly better in terms of accuracy of risk category agreement (84.4 % vs. 82.2 %).
However, even though both approaches were optimized for minimal volume error, the CNN performed much better in terms of lesion-wise sensitivity (89 % vs. 59 %) and volume-wise sensitivity (97 % vs. 79 %). However, the
CNN had a higher false-positive rate (10 mm3 vs. 4 mm3 ).
In other studies with low-dose chest CT scans for screening purposes, images are acquired with a wide variety
of imaging protocols and exhibit a large range of pathologies. The transfer of automatic calcium scoring methods
to other data sets is therefore not trivial. However, the here presented method exclusively relies on convolutional
neural networks, which learn to extract and combine features based on the appearance of the provided training
images. It will therefore likely adapt well to characteristics of different populations and imaging protocols. In
future work, we are planning to evaluate the performance on images from other studies and for a larger number
of subjects.

5. CONCLUSIONS
We presented an automatic approach for coronary artery calcium scoring in low-dose chest CT. This method
employs deep convolutional neural networks for detection of coronary calcifications and achieved high detection
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Figure 3. FROC curves for the CNN with and without
removal of candidates outside the heart prior to training
and testing. Detection performance is here reported in
terms of detected lesions.

Figure 4. Example of classification result without using a
cardiac bounding box. The CNN falsely detected calcification in the descending aorta (box), but still correctly
detected CAC in the right coronary artery (circle).

Figure 5. Examples of typical true-positive and false-positive detections. On the left, correctly detected calcifications in
the coronary arteries (circles). Aortic calcifications in direct proximity were correctly classified as negatives. On the right,
a false-positive detection of an imaging artifact (box) close to the right coronary artery.

accuracy and excellent agreement with manually determined cardiovascular risk categories. Because it relies
exclusively on self-learned features and does not rely on prior knowledge or hand-crafted features, it likely adapts
well to low-dose chest CT scans from other studies with different acquisition protocols and study population.
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