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AIM: To explore the possibility of a neural network-based method for quantifying calcifi-
cations of the abdominal aorta and its branches.
MATERIALS AND METHODS: In total, 58 computed tomography (CT) angiography volumes

were selected from a dataset of 609 to represent different stages of sclerosis. The ground truth
segmentations of the abdominal aorta, coeliac trunk, superior mesenteric artery, renal arteries,
common iliac arteries, and their calcifications were delineated manually. Two V-Net ensemble
models were trained, one for segmenting arteries of interest and another for calcifications. The
branches of interest were shortened algorithmically. The volumes of calcification were then
evaluated from the arteries of interest.
RESULTS: The results indicate that automatic detection is possible with a high correlation to

the ground truth. The scores for the ensemble calcification model were dice score of 0.69 and
volumetric similarity (VS) of 0.80 and for the arteries of interest segmentations: aorta: dice
0.96, VS 0.98; aortic branches: dice 0.74, VS 0.87; and common iliac arteries: dice 0.72, VS 0.91.
CONCLUSIONS: The presented neural network model is the first to be capable of automat-

ically segmenting, in addition to calcification, both the aorta and its branches from contrast-
enhanced CT angiography. This technology shows promise in addressing limitations inherent
in earlier methods that relied solely on plain CT.
� 2024 The Authors. Published by Elsevier Ltd on behalf of The Royal College of Radiologists.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
Introduction challenge and impose a considerable burden on healthcare
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the world.1 They represent a significant global health
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calcification has been established as a significant predictor
of cardiovascular morbidity and mortality. Calcification of
the abdominal aorta is associated with poor outcomes in
other severe conditions, such as chronic kidney disease,
cancer mortality, strokes, and complications in gastroin-
testinal surgery.2e10 At present, there are several widely
utilised risk scores for cardiovascular risk assessment
including Framingham risk score (FRS), SCORE risk chart,
American College of Cardiology/American Heart Association
(ACC/AHA) risk calculator and QRISK, none of which incor-
porate aortic calcification as a risk factor.11e14

Most methods of quantifying aortic calcification require
manual assessment of radiographs or computed tomogra-
phy (CT) images or the use of thresholding methods, which
are challenging to apply to contrast-enhanced imag-
ing.2,9,15e17 There is also a lack of standardised, objective,
reproducible protocols for the assessment of atherosclerotic
burden at defined vascular segments leading to heteroge-
neity in reported methods. Therefore, the comparability of
investigations and results is limited.

These limitations have prompted the development of
more efficient and reliable techniques that can be applied to
large datasets.

One of these techniques is the use of neural network-
based methods. In recent years, neural network-based ap-
plications have been developed to quantify aortic calcifi-
cation using both radiographs and unenhanced CT
images.18,19 To the authors’ knowledge, no neural network-
based methods or other image analysis techniques have
been reported as available to automatically quantify aortic
calcification from contrast-enhanced CT, which offer
improved visualisation of visceral and renal arteries. The
aim of present study was to minimise the interobserver
variability and to gain an automatic objective and repro-
duceable score for burden of atherosclerosis at defined ar-
teries. The aim of the present study was to develop a
method for analysing the abdominal aorta and its major
branches.
Materials and methods

The present sample consisted of patients with peripheral
artery disease. All patients underwent CTangiography (CTA)
imaging (between 2011e2013) which were performed us-
ing standard protocols for CTA at the Department of Radi-
ology, Helsinki University Hospital. Patient files were
followed-up until 1 January 2020, which was considered
to be the end of the study. The institutional review board of
University of Turku reviewed and accepted the study (IRB
no. T344/2017). Due to the nature of the study, no informed
consent from patients was required. From 609 CTA volumes
a total of 58 volumes were selected. Based on previous
experience, the number of volumes needed for model
training was estimated to be between 50 to 60. Patients in
the original sample were assigned a randomised ID number.
In order to have a representative sample, the volumes were
categorised visually in three groups based on the level of
calcification (minimal, moderate and extensive) following
the order of the cumulative ID numbers until a suitable-
sized training set was identified. From the selected vol-
umes, one volumewas excluded due to suboptimal contrast
concentration, and another due to being the sole repre-
sentative of Leriche syndrome in the cohort, resulting in
insufficient data for training the model for this condition.
The rest of the volumes were divided into the training set
(n¼41) and the test set (n¼15). The diagram of this process
is shown in Fig 1. The common parameters are found in
Table 1. Manufacturers were GE Medical Systems (for
models LightSpeed16; eight in total, three in the test set),
Optima CT660 (19 in total, four in the test set), Siemens (for
models Sensation 64 (16 in total, three in test set), SOMA-
TOM Definition ASþ (10 in total, four in the test set), and
Toshiba (for model Aquilion ONE; three in total, one in the
test set). The entire method is illustrated in the flow chart
shown in Fig 2.

Ground truth segmentation

Ground truths for each volume of the dataset were
created using three-dimensional (3D) Slicer version 5.2.120

and a previously developed 2D V-Net.21 The aorta was
first segmented using the two-dimensional (2D) V-Net. The
iliac arteries were segmented manually using 3D Slicer up
to the iliac bifurcation, while the coeliac artery, superior
mesenteric artery, renal arteries, and their respective
branches were segmented as individual segments, as far as
they could be reliably identified.

Dense plaques with a radiodensity measurement >300
HU were identified and considered as calcifications where
anatomically suitable. Intraluminal stents were segmented
separately from calcifications where possible. The seg-
mentation task was performed by a vascular surgery resi-
dent with 4 years of post-medical school graduation
training with guidance and consultation from a senior
radiologist with >20 years of experience.

Training of the segmentation models

Two neural network ensemble models comprising five
V-Nets22 with similar architectures as proposed in 21 were
trained for two purposes using MONAI framework.23 The
first objective was to concurrently perform segmentation of
the abdominal aorta and its visceral and renal arterial
branches, as well as the common iliac arteries. The second
objective was to segment the calcifications from the rele-
vant vessels. Each neural network used V-Net architecture
with the same specifications as proposed in 21, but with the
number of filters starting from 8. Each V-Net had a unique
training dataset split into 31 volumes used for training and
10 for validation. Data pre-processing during training of all
V-Nets was otherwise the same as discussed in 21, but the
intensities were scaled to [0,1] interval using e500 and
3,000 intensity cut-offs, training volumes resampled to
1 �1 �1 mm spacings for four V-Nets and 1 �1 � 2mm for
the fifth V-Net due to GPU memory constraints and input
patch size set to 320 � 320 � 64. During each training, the
optimiser was Adam with learning rate 0.001, which was



Figure 1 Flowchart demonstrating the selection process of the training set. Volumes were given a cumulative randomised ID number and
categorised visually into three groups based on the level of calcification until a suitable-sized training set was identified.
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halved after 1,200 steps and loss function combination of
multiclass Dice loss and cross entropy loss. The trained V-
Net ensemble was used for segmenting the test set of 15
volumes using majority voting. The GPU used was a Tesla
v100 32 GB.

Blood vessel segmentation

The arteries were classified into three categories: the
abdominal aorta, the common iliac arteries, and the
branches of the abdominal aorta, which encompassed the
Table 1
Common parameters of the dataset.

Parameter Test set (n¼15) Training set (n¼41)

Age in years 72 (58e89) 70 (53e90)
Tube voltage range (kV) 80e120 80e120
Gender 10 M, 5 F 26 M, 15 F
Section thickness (mm) 1.8 (1e2.5) 1.9 (1e2.5)
Spacings (mm) 0.84 (0.68e0.98) 0.83 (0.63e0.98)

The average is given for slice thickness, spacings and age with the range in
brackets.
renal arteries, coeliac trunk, and superior mesenteric artery.
The V-Nets of the model were trained for an average of
1,760 epochs. Visualisation of an example prediction of the
model is illustrated in Fig 2.

Initial artery segmentations, excluding the aorta, were
shortened algorithmically to the first 1.5 cm (branches) and
2 cm (common iliac arteries) to represent the proximity of
these major abdominal aortic branches. First, utilising
SimpleITK v. 2.2.1,24 a binary label map of the aorta was
created and resampled to be isotropic using nearest
neighbour interpolator with spacing of the largest dimen-
sion of the volume. Then, the aorta was dilated using a ball
with a radius of one as a structuring element25 and then
masking it with a binary label map containing either both
the aorta and the branches or the aorta and the common
iliac arteries. This was repeated until the desired length was
achieved. Fig. 3 illustrates the end result.
Calcification segmentation

The model for segmenting the calcification was trained
using two labels: one for all blood vessels and another for



Figure 2 Flow chart of the method for quantifying the calcification of the abdominal aorta and major side branches. The input CT volume is fed
to two ensemble V-net models resulting in two segmentations: one of which separates the different arteries and the other one segments the
calcification and blood vessels. Artery segmentation is processed by an algorithm that shortens the aortic branches to approximately desired
lengths. The calcification volume for each artery is computed by combining the outputs of the algorithm and V-Net calcification ensemble model.
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calcifications, the cardiovascular stents were treated as
calcifications. The V-Nets of the model were trained for an
average of 1,880 epochs. An example prediction of the
model is visualised in Fig 2. The calcification volume was
calculated from different blood vessels by checking the in-
dexes of the calcifications to those of the blood vessels.
Evaluation metrics

The chosen metrics for the evaluation of the segmenta-
tion by the models were the Dice score and volumetric
similarity (VS).26 The evaluation metrics used for the eval-
uation of the quantity of the calcification in different
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arteries were the Pearson correlation coefficient and R-
squared (R2) between the ground truth values and the
predicted values, whichwere calculated using Python 3.10.6
modules NumPy v. 1.24.2 and scikit-learn v. 1.2.2,
respectively.

The model predicting the blood vessels was evaluated
after cutting the veins using the method above. The calci-
fication model was evaluated without any post-processing
in order to better evaluate the segmentation of calcifica-
tions specifically and only the calcification label was taken
into account as the second label was not of interest.

Results

Model results

The ensemble model performance was compared to that
of a single model, chosen at random from the ensemble
model results are seen in Table 2. Figs 3 and 4 show the
comparison between the predictions and ground truths.

Statistical metrics of calcification volume and the effect of
vessel segmentation to the metrics

The calcification volume was assessed using the pre-
dicted vessels and compared to the volume defined from
Figure 3 The trimmed vessels. On the left, there is a slice of the CT
volume thresholded to emphasize the area of interest. In the next
image a slice of the CT volume is shown with arteries labels to
illustrate the process. The aorta for both the prediction and the
ground truth is shown in green to better illustrate the difference of
the segmented base of the aortic branches. 3D rendering of the
ground truth processed with branch shortening algorithm is pre-
sented as the last image and prediction is presented left of it.

Table 2
Ensemble model evaluation metrics and single model evaluatio

Label Ensemble

Dice score VS

Aorta 0.96 [0.88e0.98] 0.98 [0.9
Aortic branches 0.74 [0.29e0.85] 0.87 [0.3
Common iliac arteries 0.72 [0.21e0.89] 0.91 [0.4
Calcification 0.69 [0.42e0.90] 0.80 [0.4

The vessels were predicted by a model then cut using the met
measured separately. The calcification models were evaluated
were the Dice score and volumetric similarity (VS). The scores w
of comparison. The lowest and highest values for the scores we
the ground truth segmentations. Predicted calcificationwas
also assessed based on the ground truth vessel segmenta-
tions to evaluate the effect of the automated vessel seg-
mentation on the measured volume. The results are seen in
Table 3.

Figs 5e7 visualise the predicted volumes versus the
ground truth volumes of the calcification for each patient
evaluated using the predicted vessels and the ground truth
vessels separately. The impact of stents and prosthetic cases
was assessed on the selected evaluation metrics, with the
results presented in Tables 3 and 4, demonstrating the in-
fluence of stents and prostheses.
Discussion

The present study describes a novel neural network-
based method for automatically quantifying the calcifica-
tion of the abdominal aorta and its branches to the common
iliac arteries, coeliac trunk, renal arteries, and the superior
mesenteric artery. The present method uses a convolutional
neural network model V-Net that segments calcifications
and the aorta and its branches automatically, enabling the
quantification of calcification patterns in the aorta and its
associated arteries. The method performed had high cor-
relation to the ground truth, especially in the main aorta.

In the study of Summers et al.,27 the authors trained their
model partly with contrast-enhanced CT to automatically
segment abdominal aortic calcifications and compute the
Agatstson score based on the segmentations. Unlike in the
present study, the calcifications in the aortic branches were
not segmented and the precision of the segmentations was
not evaluated. During the manual segmentation process, it
was discovered that the calcifications could not be
segmented accurately with a single threshold in the present
dataset. Similar results have been previously reported.17

Therefore the accuracy of calcification delineations was
evaluated via the correlation of the volumes of predicted
calcification with the volumes of ground truth calcification.
This metric could be used to evaluate both small absolute
but large relative differences, and large absolute but small
relative differences between volumes. The performance of
the V-Net ensembles in the segmentation tasks was
measured using the Dice score and volumetric similarity,
with a former used as a metric that complemented the Dice
score by not considering the overlap of segmented volumes.
n metrics.

Single model

Dice score VS

2e1] 0.96 [0.87e0.98] 0.99 [0.94e1]
1e1] 0.71 [0.16e0.86] 0.85 [0.18e0.99]
8e1] 0.71 [0.13e0.91] 0.89 [0.33e1]
8e0.98] 0.69 [0.33e0.88] 0.81 [0.44e0.98]

hod above and the metrics of different vessel groups were
using the original predictions. The evaluation metrics used
ere reported to two decimal places for consistency and ease
re included in brackets.



Figure 4 The predicted calcification. The first two images are the prediction and the ground truth segmentations with the ground truth marked
as red and the prediction marked as blue. The last two images are the 3D renderings of the ground truth segmentation and the predicted
segmentation. The image without any labels is seen in Fig 3.
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The segmentation of the aortic branches and common
iliac arteries is less accurate than that of the aorta. The
results indicate the highest correlation when identifying
calcifications in the aorta itself with the lowest correlation
for the common iliac arteries when including the stents.
The largest discrepancy resulting from blood vessel pre-
dictions originated from the branches. This is partly
explained by the decision to include the base of the branch
in the ground truth into the branch and the model had
trouble including the entire base and predicted it at least
partly as aorta as can be seen from Fig 3; however, the
results show that the evaluation of calcification volume is
still of significance even in these arteries and given more
training data the model might learn to segment the other
arteries more accurately. The correlation was calculated
from both the predicted arteries, i.e., using the complete
method and from the ground truth arteries in order to
better understand the effect of blood vessel segmentation
on the correlation between the predicted and ground truth
calcification volumes.

Removing the stents from the data did not significantly
impact the evaluation metrics for the different models,
except that the removal of prosthetic cases affected the
prediction scores for the common iliac arteries (Table 4).
These changes are noteworthy, considering there was only
one prosthetic case in the test set. The correlation coeffi-
cient values in Table 3, pertaining to the common iliac ar-
teries, indicate that both prosthetic cases and stents
significantly influence the predicted calcification volume
Table 3
Statistical evaluation of the models’ ability to segment the calcification.

Blood vessel Pearson
correlation

R2 Pearson correlation
(no stent)

Aorta 0.94 (0.96) 0.85 (0.87) 0.95 (0.96)
Aortic branches 0.84 (0.96) 0.43 (0.85) 0.82 (0.95)
Common iliac arteries 0.60 (0.65) 0.17 (0.38) 0.95 (0.99)

The calcification was evaluated in both the cases of predicted blood vessels fully ut
both cases the vessels were cut before evaluation. The values for the second cas
mentations on the calcification correlation. The metrics used were the Pearson
evaluated again while leaving out stent and prosthesis cases. The scores were re
and cannot be disregarded in analyses where they are
present.

The calcification segmentation included the blood ves-
sels with the intent for the model to better learn the loca-
tion of the relevant calcifications. The potential impact of
vascular stents and prosthetic grafts on the estimated
calcification volume can be a limiting factor for the method,
as their presence based on the results can affect the accu-
racy of the calcification segmentation. Table 4 illustrates
that the presence of stents changes the correlation with the
ground truth significantly and can provide a significantly
larger volume of calcification at the location of the stent.
The presence of the prosthetic graft affects blood vessel
segmentation significantly, as there was limited data for the
model to learn that the graft is not part of the blood vessels.
Treating the stents as background was considered, but
preliminary experiments implied that the number of cases
was not enough for the model to learn to distinguish stents
from calcifications. The results were not significantly
different except for R2 correlation, which, in general, was
slightly higher for the model that was trained as stents
marked as calcifications with the exception of the calcifi-
cation predicted from the predicted common iliac arteries
(0.17e0.2). It was decided to report on the model that
treated them as calcifications during the training.

The ensemble model and the single model cases were
compared. Table 2 shows the ensemble model slightly
outperformed the single model in the blood vessel seg-
mentation case, mostly by improving the worst results of
R2 (no stent) Pearson correlation
(no stent or prothesis)

R2
(no stent or prothesis)

0.85 (0.87) 0.97 (0.97) 0.91 (0.91)
0.36 (0.83) 0.86 (0.97) 0.47 (0.88)
0.90 (0.90) 0.99 (0.99) 0.95 (0.91)

ilising themethod and then separately from themanually segmented ones in
e are in brackets and evaluate the effect of the automated blood vessel seg-
correlation coefficient and R-squared correlation. Then the metrics were

ported to two decimal places for consistency and ease of comparison.



Figure 5 The predicted calcification volume compared with the ground truth one is plotted for the branches. Blue spots refer to predicted
volume evaluated using predicted vessels and orange cross refers to predictions evaluated using ground truth vessels. Two lines were fitted
through the points blue being the predicted vessels and orange the ground truth vessels. The line was fitted using the least squares method.

Figure 6 The predicted calcification volume compared with the ground truth one is plotted for the abdominal aorta. Blue spots refer to predicted
volume evaluated using predicted vessels and orange cross refers to predictions evaluated using ground truth vessels. Two lines were fitted
through the points blue being the predicted vessels and orange being the ground truth vessels. The line was fitted using the least squares
method.
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Figure 7 The predicted calcification volume compared with the ground truth one is plotted for the common iliac arteries. Blue spots refer to
predicted volume evaluated using predicted vessels and orange cross refers to predictions evaluated using ground truth vessels. Two lines were
fitted through the points blue being the predicted vessels and orange the ground truth vessels. The line was fitted using the least squares
method.
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the single model. In the calcification case, both models
performed similarly but the ensemble model had a less
wide range of scores.

The present study has its limitations. The ground truths
were created by ON. In cases where the annotation was not
well-defined, a more experienced radiologist was con-
sulted, especially when the areas were totally occluded or
thrombus-filled arteries were difficult to segment. The
shortening algorithm has limitations. If the aortic branches
run parallel to the aorta and the segmentation of the
branch is partially connected to the aorta, it will be
mistakenly included from that point as a separate
branching point of the aorta and included in the shortened
segmentation, as observed in one case in the test set.
Another limitation is that the method takes the distance
from the closest aorta voxel, which might lead to slightly
longer vessels than intended when measuring along the
middle line. The choice of training a model that labelled
stents as calcifications can also be considered as a
Table 4
Evaluation metrics for the models with stent removed from the collected data al

Label Dice score (no stent) VS (no stent)

Aorta 0.96 [0.88e0.98] 0.98 [0.93e1]
Aortic branches 0.73 [0.29e0.86] 0.85 [0.31e1]
Common iliac arteries 0.72 [0.21e0.89] 0.91 [0.48e1]
Calcification 0.69 [0.42e0.90] 0.79 [0.48e0.98]

Evaluation metrics used were the Dice score and volumetric similarity (VS). Th
comparison. The lowest and highest values were included in brackets.
deficiency. In the current setting, the present method
cannot segment calcifications in the vicinity of the stents
correctly. Before the model can be applied to more varied
datasets, particularly in patients with peripheral arterial
disease, it needs further training with more cases con-
taining stents and prostheses. Despite these limitations and
considerations, the present results demonstrated potential
for accurate and reliable quantification of aortic calcifica-
tion in cases where stents were not present. This indicates
that the technology has the potential to be a valuable tool
in medical imaging, but further research is needed to
establish its utility and limitations.

The present method offers several advantages in terms of
objective, as it eliminates interobserver variability. Its
automated nature allows for the examination of large
datasets, which would have been labour-intensive with
manual approaches. Additionally, the present method can
detect calcification from contrast-enhanced CT images,
which is considered the reference standard in aortic
ong with a different case where prosthesis was also removed.

Dice score (no stent or prothesis) VS (no stent or prothesis)

0.97 [0.92e0.98] 0.98 [0.93e1]
0.72 [0.29e0.86] 0.85 [0.31e1]
0.75 [0.29e0.89] 0.95 [0.78e1]
0.69 [0.42e0.90] 0.79 [0.48e0.98]

e scores were reported to two decimal places for consistency and ease of
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imaging and is routinely performed on patients with aortic
maladies. With further training, the method could provide
automatic risk information from routine imaging. Further-
more, it introduces an objective way to monitor disease
progression over time, allowing us to track and quantify
changes in calcification patterns. Even though cardiovas-
cular risk scores are widely utilised in clinical practice
especially in targeting primary prevention, there is uncer-
tainty about their impact on patient outcomes.28 There are
also concerns about the generalisability of risk scores to
external populations.29 Incorporating atherosclerotic calci-
fications into risk scoring have shown promise in past
studies. Coronary artery calcification scoring appears to
enhance the precision of risk stratification and aortic
calcification has been reported to outperform the Fra-
mingham risk score.30,31 Despite its established associations
with increased mortality and morbidity, aortic calcification
is not utilised in clinical practice due to the current limita-
tions in scoring feasibility. The existing manual methods for
quantifying calcification are not practical for clinical use,
necessitating the development of an automated approach
applicable to routine imaging to enhance adoption.2,9,15,16

As there is evidence for renal and visceral artery calcifica-
tion being independent cardiovascular risk factors, it seems
logical to broaden scope to the aortic branches as well.32e35

The burden of vascular disease and calcification of specific
arterial segment in the lower extremity seems to have a
significant impact on cardiovascular mortality.36e39 In
future studies it will be interesting to expand the automatic
segmentation from the aorta distally to the lower limbs.
This would allow comprehensive and reproducible analysis
of the overall mortality and cardiovascular risk based on
calcification patterns in the arterial system.

Outside overall cardiovascular risk scoring arterial
calcification has been associated with increased risk in
surgical complications. Aortic and iliac calcifications have
shown promise in being a good marker for the risk of
anastomotic leakage especially in rectal and oesophageal
anastomosis.8,10,40 Implementing an automated calcifica-
tion scoring method could aid clinicians in personalising
operation plans based on risk.

In conclusion, the present study presents, to the authors’
knowledge, the first neural network model capable of
automatically segmenting both the aorta and its branches,
including calcification, from contrast-enhanced CTA images.
This technology shows promise in addressing limitations
inherent in earlier methods that relied solely on plain CT
images.

The ability to evaluate the aortic branches introduces
new opportunities for research within the field of athero-
sclerosis and extends to other areas such as nephrology and
gastroenterology. This potentiality broadens the investiga-
tive scope, paving the way for diverse and multidisciplinary
inquiries.
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