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Abstract. Pulmonary embolism is a common condition with high short—
term morbidity. Pulmonary embolism can be treated successfully but di-
agnosis remains difficult due to the large variability of symptoms, which
are often non—specific including breath shortness, chest pain and cough.
Dual energy CT produces 4-dimensional data by acquiring variation of
attenuation with respect to spatial coordinates and also with respect
to the energy level. This additional information opens the possibility of
discriminating tissue with specific material content, such as bone and
adjacent contrast. Despite having already been available for clinical use
for a while, there are few applications where Dual energy CT is currently
showing a clear clinical advantage. In this article we propose to use the
additional energy—level data in a 4D dataset to quantify texture changes
in lung parenchyma as a way of finding parenchyma perfusion deficits
characteristic of pulmonary embolism.
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1 Introduction

Pulmonary embolism (PE) consists of the obstruction of one or several arteries
in the lungs as a complication of deep vein thrombosis (DVT). Studies have
shown that acute pulmonary embolism mortality rates can reach 75% during
initial hospital admission [1] and 30% after 3 years of hospital discharge [2].
Pulmonary embolism is an avoidable cause of death if treated immediately with
anticoagulants. Delays in diagnosis of pulmonary embolism have shown to in-
crease the risk of death [3,4], making early diagnosis a key factor for successful
treatment.

Schwickert et al. [5] showed that pulmonary embolism induced wedge—shaped
pleura—based regions of heterogeneous increased attenuation in unenhanced com-
puted tomography (CT) scans for 54 over 75 patients that were also visible
on contrast—enhanced CT. Ganeshan et al. [6] observed that simple 3D tex-
ture attributes correlated well with ventilation and vascularization of the lung
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parenchyma in contrast—enhanced CT scans. Texture information is therefore
relevant to quantify pulmonary parenchyma ischemia in CT imaging.

Dual-energy computer tomography (DECT) contains 4D data: three spa-
tial dimensions and the level of x—ray energy between 40 and 140 keV used
for image acquisition. Iodine components from the contrast product have dif-
fering contrasts at varying energies and are related to the perfusion of the lung
parenchyma. Several studies showed the value of DECT to quantify perfusion
defects of the lung parenchyma [7-11] using iodine components, which can be
derived from CT attenuation at two energy levels of 80 and 140 keV.

This work investigates the use of texture-based image retrieval of 4D DECT,
where several energy levels add relevant information about the perfusion of the
lung parenchyma. Texture is very hard to visualize for dimensions higher than
2D. Since DECT acquires not only spatially—sampled but also energy—sampled
data, visual information is even more difficult to understand in an intuitive way.
Computer—assisted analysis of DECT is therefore required. In this article, tex-
ture is described by using the wavelet transform together with a visual words
approach. The use of texture analysis techniques and challenging 4D data al-
lows to evaluate the possible impact of DECT in early diagnosis of pulmonary
embolism.

2 Materials and methods

This section presents the data of 4D DECT images from PE patients and our
approach to 4D texture quantification based on two main ideas: a 3D wavelet
transform for multi-scale texture descriptors for each scale and visual words [12,
13], as a way of obtaining features based on patterns actually occurring in the
data set.

2.1 Dataset

Pulmonary parenchyma ischemia in 4D dual energy CT (DECT) images were
identified in collaboration with the emergency radiology of the University Hospi-
tals of Geneva. A small set of 13 currently annotated patients was used to train
and test the techniques.

For each patient, the five pulmonary lobes were manually segmented, and
the Qanadli index [14] was computed as a measure of the obstruction on a
lobe basis. The Qanadli index is computed by adding a score per artery in the
lobe: 0 if there is no obstruction, 1 if there is partial obstruction and 2 if the
artery is completely obstructed. The maximum value of the Qanadli index varies
among lobes, depending on the number of arteries. The Qanadli index value was
normalized using the maximum value per lobe, obtaining the percentage of the
Qanadli index Q(%) as a measure of the pulmonary embolism severity.

The images in the dataset contain approximately 300 slices per patient and
energy level. Energy levels are sampled from 40 to 140 keV in steps of 10 keV. The
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Fig. 1. DECT example with slices at three energy levels per row: 40, 90 and 140 keV.

total amount of data per patient is approximately 512 x 512 x 300 x 11 = 865.08
million voxels. Example images can be seen in Figure 1.

The image resolution is approximately isotropic in the spatial coordinates,
with horizontal resolution of 0.83mm /vozel and vertical resolution of Imm/voxel.
This allows for 3D analysis in the spatial domain, whereas the energy domain
needs to be taken into account separately, given the different nature of the data.
Therefore, experiments were conducted using a spatial, three-dimensional multi—
resolution analysis of each energy level. Visual features were then aggregated
through energy levels using a visual words approach.

2.2 4D texture analysis

Energy of wavelet coefficients The wavelet transform has been widely used
to analyze images and videos at multiple resolutions [15-17]. In medical imaging,
it showed to accurately characterize the lung parenchyma [18, 19, 12]. The mother
wavelet chosen for texture description is the Difference of Gaussians (DoG). Since
the image sampling is not fully isotropic, the multi—resolution analysis is based
on the Gaussian function g calculated in physical dimensions by scaling the
variables x, y and z using the corresponding values for the voxel spacing in each
direction (d4,0y,05):
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The choice of using Gaussian functions is based on their good isotropic prop-
erties, which allow to analyze image texture without making prior choices of
orientation, as opposed to co-ocurrence matrix based methods [20, 21].

The extracted coefficients are obtained by using the difference of Gaussians
(DoG), which provides a good approximation to the Laplacian of Gaussians
or Mexican Hat wavelets when the variance parameters ;2 of two Gaussian
functions g1 2 satisfy oo ~ 1.60;. Since the functions are calculated in physical
dimensions, there is no need for having anisotropic variance parameters of g o.
The resulting wavelets are shown in Equation 2. The number of scales j used for
the wavelet transform is five, with j ranging from 1 to 5.

Vi (®) = goy (T) — gou (). (2)
o2 = 1.601. (3)
o1 =27, (4)

The wavelet admissibility condition forces the mother function to have zero—
mean. Therefore, the images filtered with ¢;(x) will be bandpass images (i.e.,
also zero—mean images). For this reason the raw wavelet coefficients are not used,
since in the clustering phase all clusters would be located around 0. Instead, the
energy of the wavelet coefficients averaged in a small neighborhood was chosen
as a local feature for describing the images.

Given a voxel identified by its position «, and a neighborhood N with Sy
elements, the energy of the wavelet coefficients in the neighborhood is computed
as the sum of the squared coefficients within the neighborhood. Since voxels
near the boundaries of the image have fewer neighbors than those far from the
boundaries, the mean energy overN, F,,(x), was chosen instead of the energy,
as shown in equation 5. The neighborhood size was kept small (6 x 6 x 6) to
maintain a sufficiently local operator on the images. Although the energy was
averaged in neighborhoods, the wavelet transform was applied to the complete
3—dimensional image to avoid border effects.

By () = % 3 ()2 (5)

zEN

Visual words The term texture often has a fuzzy definition and refers to the
(sometimes regular or periodic) visual characteristics of the pixel values within
a certain region and their relationships, which is not always explicit to human
observers. Since the wavelet transform can describe the transient of the values
in the voxel surroundings, a way of aggregating this information for all regions
of interest is needed in order to describe the concept of texture which refers to
a scale larger than voxels.

Visual words [22,12] have been widely used in image retrieval and image
classification for describing image content (or regions of interest). The approach
is similar to the bag—of—words approach used for text retrieval or text similarity
matching [23].



Retrieval of 4D Dual Energy CT for Pulmonary Embolism Diagnosis 5

For each voxel, this technique maps a set of continuous low-level features in
a given neighborhood, e.g. gray values or wavelet coefficients, into a compact
discrete representation consisting of visual words.

Visual words are cluster centers in the feature space derived from the energy
of wavelet coefficients across different scales and energy levels. This guarantees
to have a set of visual features actually corresponding to discriminative patterns
that do occur in the database. Every image or region is subsequently described
by the histogram of the visual words within this region.

Definition 1 Let F = {f1, f2,..., fm} be the set of m descriptors, f; € RY,
describing visual characteristics of a given set of images or image regions. A
visual vocabulary Wr = {wi,we,...,wg}, with w; € RY s constructed by
grouping the elements of F into k disjoint subsets or words, and selecting their
k centroids w; with j € {1,...,k}.

The bag—of-visual-words of an image or region I, described by m; visual
descriptors {f1, fa, ..., fm,}, is defined as a vector hy = {c1,ca,...,ck} :

= _gi(fi) Vie{l,... Kk}
=1

where
Lif d(f,w;) <d(f,w) Vie{l,...,k}
0 otherwise

0i(h) = {

being d(f,w) the distance between two vectors f and w.

2.3 Experimental setup

First, the images were analyzed using the wavelet transform at two to five scales;
the energy of these wavelets in a 6 x 6 x 6 neighborhood was computed. A mask
of the lobes was used, storing only the values for the voxels contained in the lung
lobes. This process was repeated for all patients and all energy levels.

Given the small number of patients available, the leave—one—patient—out
cross—validation method was chosen. Leaving the features from one patient out
at a time, k—means clustering was carried out on the rest of the feature space
for all the concatenated features to find the visual words; five wavelet scales for
each energy level. The number of clusters or visual words ranged from 50 to 150
in steps of 50 as this was computationally feasible.

For all images, the voxels were labeled with the identifier of the nearest
cluster center of the vocabulary (e.g., visual word) built from all other patients.
For each lobe, the histogram of visual words within the lobe was considered as
an instance for retrieval using the k nearest neighbors and a Euclidean distance.
Figure 2 shows an overview of the complete experimental configuration with a
focus on the relative dimensionality of the feature spaces before and after the
visual word assignment.
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Fig. 2. System overview showing the data processing pipeline for each patient.

3 Results

In order to evaluate the retrieval precision, a relevance criterion needs to be
defined. Since the degree of obstruction of obstruction of the lobe is quantified
via the Qanadli index, and given the reduced size of the dataset, it is not possible
to define relevance with a strictly equal condition based on the Qanadli index,
only.

In this experiment, all lobes with Qanadli index larger than zero were con-
sidered not healthy, whereas only the lobes with Qanadli index equal to zero
were considered healthy. Precision at one (P@1), five (P@5) and ten (P@10)
were computed for a varying number of visual words, and wavelet scales. Ta-
ble 1 shows the precision values for the DECT images (4D) whereas Table 1
shows the corresponding results for a single-energy 70KeV CT (3D). This en-
ergy level was chosen because it is the standard energy level used by radiologists
to diagnose pulmonary embolism.

Table 3 shows the confusion matrices for the best performing configurations
for the top retrieved lobes. Tables 4 and 5 show the corresponding matrices for
precision of the first five and the first ten retrieved lobes.
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Visual Words Scales PQ1(%) P@5(%) PQ10(%)

50 1 55 56 56
100 1 58 55 57
150 1 58 56 56
50 2 62 58 55
100 2 62 62 60
150 2 63 62 60
50 3 58 54 55
100 3 60 59 58
150 3 57 62 58
50 5 45 52 51
100 5 57 52 51
150 5 58 52 52

Table 1. Precision values for a varying number of visual words with 4D data, including
all energy levels from 40KeV to 140KeV.

Visual Words Scales PQ1(%) P@5(%) PQ@10(%)

50 1 60 56 56
100 1 57 57 55
150 1 58 56 54
50 2 55 57 55
100 2 58 57 56
150 2 63 60 54
50 3 51 55 53
100 3 49 53 55
150 3 55 55 55
50 5 45 50 52
100 5 51 49 52
150 5 51 52 53

Table 2. Precision values for a varying number of visual words with 3D data only (i.e.
T0KeV).
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Table 3. Confusion matrices for the best performing configurations for the first re-

trieved lobes.

(a) Dual energy CT (4D) with 2 wavelet
scales per energy level and 150 visual words.

PQ1=63%
Healthy (%) Not healthy (%)
Healthy 47.6 52.4
Not healthy 29.5 70.5

(b) Single energy CT (3D) with 2 wavelet
scales per energy level and 150 visual words.

PQ@1=63%
Healthy (%) Not healthy (%)
Healthy 52.4 47.6
Not healthy 31.8 68.2

Table 4. Confusion matrices for the best performing configurations for the first five

retrieved lobes.

(a) Dual energy CT (4D) with 2 scales per
energy level and 100 visual words. PQ5=62%

Healthy (%) Not healthy (%)

Healthy 43.8 56.2
Not healthy 29.5 70.5

(b) Dual energy CT (4D) with 2 wavelet
scales per energy level and 150 visual words.

P@5=62%
Healthy (%) Not healthy (%)
Healthy 43.8 56.2
Not healthy 29.9 70.1

(c) Dual energy CT (4D) with 3
wavelet scales per energy level and
150 visual words. P@5=62%

Healthy (%) Not healthy (%)

Healthy 44.8 55.2
Not healthy 29.1 70.9
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Table 5. Confusion matrices for the best performing configurations for the first ten
retrieved lobes.

(a) Dual energy CT (4D) with 2 wavelet
scales per energy level and 100 visual words.

PQ@Q10=60%
Healthy (%) Not healthy (%)
Healthy 42.4 57.6
Not healthy 31.1 68.9

(b) Dual energy CT (4D) with 2 wavelet
scales per energy level and 150 visual words.

P@10=60%
Healthy (%) Not healthy (%)
Healthy 40 60
Not healthy 31.1 68.9

4 Discussion and conclusions

This article presents an approach for solid texture analysis on 4D dual energy
CT data to better detect and quantify pulmonary embolisms for a more efficient
and faster treatment in emergency radiology by retrieving visually similar cases
to support clinical decisions. To the best of the author’s knowledge such an
apprach has not yet been described in the literature.

Results in Section 3 show that four dimensional texture contains patterns re-
lated to the pulmonary embolism severity. Six out of the seven best performing
configurations are obtained with dual energy data. The number of visual words
and wavelet scales also have an impact on the accuracy. The optimal configu-
ration for the multiscale framework was found for 2 scales, and the number of
visual words that performed best was 150 visual words, which agrees with [12].

The confusion matrices from Tables 3, 4 and 5 show that the accuracy for
PE lobes is much better than for healthy lobes. There are two possible explana-
tions for these results. First, the dataset contains only patients with PE, which
can affect the lung parenchyma of the lobes without embolisms which can be
overloaded by redirected blood flows. Second, healthy lobes can contain a very
rich set of patterns possibly linked to other diseases.

In this paper, a novel use of dual energy CT data is proposed. The limitations
of visual inspection for higher dimensional data are underlined and an automatic
analysis is suggested as an aid for clinicians for detection and quantization of
pulmonary embolisms. Despite the small size of the dataset, the relationship
between four dimensional texture and pulmonary embolism severity was shown,
proposing a new diagnosis tool that may help particularly emergency radiologists
to diagnose and quantify pulmonary embolism and potentially reduce mortality
through quicker and more accurate treatment.
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A small scale evaluation was performed as there are currently no large data
sets with corresponding ground truth available and we only started acquiring
new cases with a DECT protocol. This only allows a few basic conclusions on
the techniques employed. However, the results state a baseline for future work
and point at the use of medical image computing as a means to overcome the
limitations of human perception and understanding of high dimensional image
data. Nevertheless, computational complexity is very high: the offline feature
extraction took approximately 4 hours per patient on a 24-core machine with
96 gigabytes of main memory.

We currently work on creating a larger database to allow for a better eval-
uation and also for more training data for our system. The future dataset is
foreseen to contain control cases that will allow for a better characterization of
the healthy lobes.
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