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ABSTRACT

Automated computational tools are needed to estimate the position of a slice of interest within a contiguous stack of slices.
Such estimation is useful to retrieve relevant slices from a volume of slices in clinical analysis or it can be used as an initialization step to other post-processing and image analysis
techniques. In this paper, we present a novel method to determine the location of a slice of interest within a given volume
by formulating it as a regression problem. The input variables
for the regression are obtained from simple intensity features
computed from a pyramid representation of the slice. We assess the performance of the proposed method by comparing
the estimated positions of slices of interest in CT data with
manual annotations. Our method was validated on a dataset
of 45 volumes and promising results were obtained for 5 different target slices, the average error being 2 slices.
Index Terms— non-contrast CT, regression, image retrieval

1. INTRODUCTION
As part of the common practice of scanning large parts of
a patient’s body for diagnosis and therapy, large amount of
data [1] is obtained in each computed tomography (CT) scan
in clinics and imaging centers around the country everyday.
Non-contrast CT has been used as a tool for cardiovascular risk assessment, especially for coronary artery calcium
scoring (CACS). These cardiac CT scans might possess other
valuable information. For example, pericardial fat has been
shown to be associated with coronary heart disease (CHD)
events [2]. Also, Eisen et al. [3] showed an association of
thoracic aorta calcium with an increased risk of CHD.
The assessment of these CT scans is generally performed
manually or by semi-automated/automated methods. To perform manual assessment, slice(s) of interest, on which measurements are made, are ﬁrst identiﬁed. For example, measurement of the diameter of the thoracic aorta is performed either on the slice at the lower level of the pulmonary artery bifurcation [4] or at the mid-level of right pulmonary artery [5].
Furthermore, to apply a semi-automated/automated method
for thoracic fat measurement [6, 7] or calcium scoring [8, 9],
the upper and lower limit of heart need to be speciﬁed if the
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scans contain slices beyond the base and apex of the heart.
Similarly, the ascending aorta segmentation method by AvilaMontes et al. [10] requires a lower limit as the slice closest to
the root of the aorta. Thus, there is a critical need for the
automated localization of such key slices in a CT volume.
Feulner et al. [11] presented a method for estimating the
body region of an input CT volume based on 1D registration
of histograms of visual words. These are obtained by computing intensity histograms and SURF descriptors which are then
classiﬁed into visual words and accumulated in a histogram.
However, as the authors state, their method has difﬁculty localizing single slices. Seifert et al. [12] used PBT classiﬁers
and HAAR features to detect salient slices. All the slice detectors are connected into an network which has the advantage
of preserving the slice ordering.
In this paper, we propose a novel framework for estimating the position of a slice of interest within a CT scan. Unlike
other methods that require a similarity function to retrieve a
slice of interest, we use regression techniques to directly estimate the position of the target slice without the need for a
similarity criterion. Thus, given any slice in a volume, the
location of the target slice can be estimated using the learned
regression model. However, to robustly estimate the precise
position of the target slice, we have to learn a very complex
regression function with a large number of independent variables. Instead, we use simple intensity moments as independent variables to learn a less complex regression function and
use its estimate to initialize another function, successively.
Thus, each function reﬁnes the estimates of the previous function by compensating for the errors of its predecessor. We
evaluate the algorithm by comparing the predicted positions
with manual annotations of the following slices of interest:
the lower level of the pulmonary artery bifurcation, the midlevel of right pulmonary artery, the lower level of right pulmonary artery, the base of the heart and the root of the aorta.
2. METHODS
Given a CT volume, we want to predict the location of the
slice of interest using the learned regression model. The outline of the method is presented in Algorithms 1 and 2.
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Algorithm 1 Learning Phase
L1:
L2:
L3:
L4:
L5:

Extract the region of interest (ROI)
Compute features in the spatial pyramid representation of the ROI
Perform dimensionality reduction via Principal Component Analysis
Estimate the model parameters using grid search
Learn an embedding function via Cascaded Regression

Algorithm 2 Testing Phase
T1:
T2:
T3:
T4:
T5:
T6:

Extract the region of interest
Compute features in the spatial pyramid representation of the ROI
Project features onto the lower-dimensional space obtained by PCA
Predict the position for all the slices in the input volume
Compute a density estimate using a kernel-smoothing method
Select the position with the highest density in the position space

(a)

(b)

2.1. Learning Phase
L1: To include only relevant information, we extract the inner
thoracic cavity using a graph-based method [13]. To reduce
the effect of rotational variations in the slices at different body
positions of a subject, all slices were aligned with each other
along the major axis of the obtained thoracic cavity. Next, we
ﬁt a bounding box around the thoracic cavity as our region of
interest. However, since the features computed from the thoracic cavity contain a lot of redundant information from nonrelevant regions (e.g., the lungs in our case) that decreases the
descriptiveness of the features, we further reduce the region
of interest, which adapts to the relevant regions within the
thoracic cavity. The reduced region of interest is obtained by
ﬁtting a bounding box on the heart region obtained by thresholding and connected-component analysis (Fig. 1).
L2: The target slices are generally identiﬁed by the presence/absence or (dis)appearance of one or more anatomical
structures from those slices with respect to the neighboring
slices. Also, these anatomical structures have well-deﬁned
anatomical positions relative to other structures with some
inter-subject variations. To capture all the information from
the region of interest and also keep the spatial ordering of the
features with some tolerance to the inter-subject variations,
we use a spatial pyramid representation [14] to aggregate local statistical features as a slice descriptor.
The descriptor is computed in the following manner: (i) a
pyramid representation is built by dividing the region of interest successively into sub-regions of decreasing size, where at
each level the number of sub-regions are doubled along each
dimension (Fig. 2); (ii) a feature vector is computed by aggregating various statistical measurements (mean, standard deviation, skewness, kurtosis, and entropy) of the intensity values
from each sub-region at each level of the pyramid; and (iii)
the slice descriptor is obtained by concatenating the features
vectors from all the sub-regions. Thus, the ﬁnal slice descriptor characterizes the region of interest and also captures the
local information without disregarding its spatial layout.
L3: The dimensionality of the slice descriptor is further reduced by using Principal Component Analysis (PCA).
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(c)

(d)

Fig. 1: Depiction of the extraction of the region of interest (dashed
line). (a) Original CT, (b) thoracic cavity mask, (c) threshold mask
of tissue of interest, and (d) heart region (obtained by keeping the
largest component after applying the AND operation between the
masks (b) and (c)).

(a)

(b)

(c)

Fig. 2: Image grid obtained at three different levels of resolution (a)
level 0, (b) level 1, and (c) level 2.

L4: Any regression technique can be used to learn the model.
In this work, we use support vector machine based regressors
(SVR). Therefore, we perform a grid search in the space of
parameter C, which indicates the weight of the error penalty,
and γ, which determines the width of the RBF kernel used.
To create the predictors, for each pair (C, γ), we conduct a
ﬁve-fold cross validation over the learning data set, and select
the parameters leading to the highest accuracy.
L5: We formulate the problem of slice localization as a regression problem where the dependent variable to be learned
is the distance (in mm) of a particular slice from the target
slice. We use the slice descriptors as independent variables
to learn a regression function and use its estimate to initialize
its successor. Moreover, unlike a single regression function
that uses a ﬁxed set of variables, the variables of the cascaded
functions are updated at each level of the cascade based on
the current estimate of the position of the target slice [15].

We construct a cascaded regressor R = (R1 , · · · , RT ),
such that each component regressor is trained to learn the embedding function of the dataset D = {(x1 , y1 ), . . . , (xN , yN )},
where N is the total number of slices in the dataset, xi is the
extracted feature vector for the ith slice, and yi is the label
to be predicted for the ith slice. With each regressor level,
the objective is to minimize the difference between the target
location and the prediction obtained by the previous regressor.
To obtain the regressor model R1 , we deﬁne the label yi
by E(θ̂, θi ) where E(·) is a measure of relative error between
the location of the target slice θ̂ and the initial location of the
ith slice. In subsequent levels, t > 1, the label yi is deﬁned by
E(θ̂, Rt−1 (xi )), where Rt−1 (xi ) is the resulting prediction
from previous regressor Rt−1 . The process is repeated until
either the regressor Rt is incapable of reducing the prediction
error compared to the previous level or when a set number of
T levels is reached.
2.2. Testing Phase
T1-2: Given an unseen volume, the region of interest extraction and feature computation of each slice in the volume is
performed in the same manner as steps L1 and L2.
T3: Each feature descriptor obtained in the previous step is
then mapped onto the low-dimensional subspace, determined
during the learning phase described in step L3.
T4: Since each slice of the volume contributes to determine
the location of the target slice, we evaluate the cascaded regressor R obtained in the step L5, and predict the position θT
for each slice. Each predicted position is obtained by:
θt = θt−1 + Rt (xθt−1 )

(1)

from t = 1, · · · , T , where xθt−1 is the feature vector computed from the slice at position θt−1 , and Rt (xθt−1 ) is the
resulting prediction from the regressor at level t. The initial
position θ0 of each slice is its location (in mm) within the volume.
T5-6: We determine the location θ̂ of the target slice within
the unseen volume by as follows:
T
])
θ̂ = arg max K([θ1T | · · · |θM

(2)

where M is the total number of slices in the scan, θiT is the
resulting prediction from the cascaded regressor for the ith
slice of the volume and K(·) is the kernel-smoothing density
estimate. This process is depicted in Fig. 3.
3. RESULTS AND DISCUSSION
The performance of the proposed method was assessed on 45
non-contrast cardiac CT datasets. The images were acquired
at the Department of Imaging, Cedars-Sinai Medical Center,
as part of the EISNER registry; the acquisition protocol has
been described in detail by Dey el at. [7]. Each scan consisted
of a stack of 49 to 79 axial slices with a resolution of 0.68 mm
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Fig. 3: Schematic depicting the process of slice position prediction.
The dashed line represents the localization of the target slice, while
the dotted line represents the predicted position.

× 0.68 mm and slice thickness of 3 mm, resulting in a total
of 2701 CT slices. The dataset was split into two groups: a
learning set with 15 randomly selected volumes, resulting in
a total of 894 CT slices; and a testing set with the remaining 30 volumes, with a total of 1807 CT slices. We used the
LIBSVM [16] package to learn the regression functions.
In order to quantitatively assess the quality of the proposed method, our measure of error was deﬁned as the distance between the target slice location and the predicted location in voxel space. The descriptors were computed from
a three-level pyramid. The functions were trained using 40
dimensional descriptors obtained after dimensionality reduction. The number of principal components to be used for the
descriptor was determined empirically.
We compared the performance of the method on different
slices from the cardiac CT scan: lower level of the pulmonary
artery bifurcation, mid-level of right pulmonary artery, the
base of the heart and the root of the aorta. We also experimented with the lower level of right pulmonary artery slice
and found it to be more discriminatory, which was corroborated by the localization results. Table 1 provides descriptive
statistics of the error measures. Note that the performance
of the proposed method improved signiﬁcantly when the reduced adaptive bounding box (Sec. 2.1) was used. In addition,
the lower level of right pulmonary artery was the slice most
robustly detected by our method. In future work this slice can
be used to ﬁnd the position of other target slices by using a locally driven cascaded regression. We are currently using a 2D
descriptor, but including additional information from neighboring slices would be beneﬁcial to improve the quality of
the model. We consider this a topic for future research.
The main limitation of our method is that it cannot preserve the ordering of slices. For example, in a cardiac CT scan
the mid-level of right pulmonary artery slice is always above
the slice at the root of the aorta, but our method cannot ensure
that the relative position of these slices will be maintained.
While the accuracy on localizing slices from a CT scan covering the thoracic region has been assessed, further experiments
need to be carried out to evaluate the performance of our slice
localization method in other regions (e.g., abdomen).

Table 1: Descriptive statistics of the error (mean ± std) in number
of slices. BB1 and BB2 corresponds to the results using the reduced
adaptive bounding box and the thoracic cavity bounding box, respectively.
Target Slice
Lower Level of Pulmonary Artery Bifurcation
Mid-level of Right Pulmonary Artery
Lower Level of Right Pulmonary Artery
Base of the Heart
Root of the Aorta

BB1

BB2

1.9 ± 1.8
2.6 ± 2.2
1.4 ± 1.5
2.4 ± 1.6
2.0 ± 1.7

3.2 ± 2.9
4.5 ± 3.1
5.3 ± 3.7
5.6 ± 5.1
3.5 ± 2.7

[6]

[7]

4. CONCLUSION
In this paper, we presented a regression-based method for position estimation of a slice of interest within a volume. We
proposed to use a series of regression functions in a cascaded
manner, where each function reﬁnes the estimate of the previous function. We evaluated the performance of our method
by comparing its predictions with the manual annotations and
obtained promising results.

[8]

[9]
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