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Abstract
Acute Respiratory Distress Syndrome (ARDS) is a life threatening respiratory condition characterized by hypoxemia (low oxygen), change in
tissue homogeneity, inflammation and increased permeability in the lung.
ARDS is a very heterogeneous pathology both in causes and anatomy. In
most cases mechanical ventilation is needed to keep patients alive while
the cause is treated. The objective of the work presented in this report
is to obtain and display data found from lung CT scans to assess ventilation parameter settings and reduce collateral damage produced by an
unfitting ventilation. A general method for lung aeration quantification is
proposed along with a measure for tissue inhomogeneity and tissue expansion. The general quantification method allows for a global, regional or
local measure. This method is used in the context of the project to calculate local recruitment, i.e, opening of collapsed alveoli, enabling to locate
and measure the impact of successfully reopened regions. We calculate
the Jacobian, i.e, determinant of the matrix of all the first order partial
derivatives of the transformation fields derived from image registration,
to assess local volume change during the breathing cycle. We find inhomogeneity in the image to measure density changes in the lung tissue and
its relationship with its resistance to the recruitment. The result of this
method is to produce maps for the desired measures. We present maps for
localized recruitment, inhomogeneity and tissue expansion/contraction.
KeyWorkds: Acute respiratory distress syndrome, Recruitment, Mechanical ventilation, 3D CT scan, Segmentation, Registration
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1

Introduction

Acute respiratory distress syndrome (ARDS) is a severe respiratory condition
that prevents the lungs from fulfilling the task of bringing oxygen to the bloodstream, resulting in hypoexemia, collapsed alveoli and inflammation. ARDS
may be the consequence of different pulmonary aggressions (e.g., bacteriological
or chemical) such as pneumonia, near drowning, chemical product aspiration,
or extrapulmonary sepsis.
In this chapter we will start by presenting the context of ARDS (section 1.1).
Section 1.2 shows the quantification measures proposed. Section 1.3 shows the
animal study and the context of the project and section 1.4 lists the objectives
of this work.

1.1

ARDS context

Acute respiratory distress syndrome (ARDS) is a severe respiratory condition
that is characterized by airspaces being filled with edema fluid, inflammatory
cells, and inflammatory cytokines (proteins that signal inflammation). The end
result of these processes is loss of airspace volume and collapse. Physiologically, this produces mechanically stiff lung that have low ventilation and low
oxygenation in the blood. Clinically, this is manifested as hypoxemia. This condition calls for high pressures to mechanically ventilate the lungs and reopen
collapsed airspace. Literature on ARDS provides various results regarding mortality. Rates range from 26 to 58 percent [1], these rates are found in different
databases from the United States, Europe and Australia. Treatment for ARDS
requires respiratory support from a mechanical ventilator, which, if not appropriately adjusted, may deteriorate the state of the patient. Although different
ventilation protocols have been proposed and probed to reduce the mortality
rate, mechanical ventilation must be adapted to each particular case.
Flooded and collapsed air spaces can be reopened in a process called recruitment, when the intra-airspace pressure is raised above the surface tension.
Extra-airspace pressures are produced by compliance of lung tissue and mechanical properties of the thoracic cage. Basic parameters for mechanical ventilation
are a positive-end-expiratory pressure (PEEP) and a tidal volume (Vt ); Vt is
the volume of air inspired or expired in a single breath during regular breathing. Within the lung tissue there will be an airspace area which includes lung
tissue that is still to be recruited and areas that have already been reopened.
Air is compressed in open areas waiting for the positive airway pressure to be
raised above the pressure needed to reopen the remaining alveoli. As pressure
is applied above the opening pressure, gas is delivered to expand the airspace.
If expansion begins to exceed the normal maximal capacity of the already open
area, overstretching may occur [2]. Occasionally over-distended tissue can be
reopened forcefully by using the same PEEP during the mechanical ventilation
but once the therapy is no longer applied, the tissue would already be damaged.
Without compensation, the external pressure will close the alveoli permanently
[3].
3

In a lung presenting ARDS, different regions will have different opening
pressures and pressure-volume relationships. This means that, given an applied
PEEP and a Vt , the result may be insufficient to surpass the opening pressure
in one region but may be excessive in another region. Over-distention and
repetitive alveolar collapse-expansion (RACE) are among the most common
ventilator-induced lung injuries (VILI). VILI must be minimized as much as
the oxygenation level has to be maximized. In other words, recruitment of the
lungs is to be maximized according to a tradeoff between recruitment and VILI.
Furthermore, VILI may hinder recovery from the initial lung injury, make way
for infection and result in multiorgan dysfunction [4], thus having a negative
impact on the patient’s recovery.
Computed tomography (CT) voxels represent tissue density of the scanned
material. The information contained in a CT scan can be used to assess the aeration of the tissues, based on the relationship between the CT value (Hounsfield
units - HU) and the proportion tissue/air in each voxel [5].
In ARDS, lung parenchyma is locally filled with liquid, i.e., infiltrations,
that reduce or even erase the clear definition of lung boundaries which is an
essential characteristic used by lung segmentation methods. In fact, these infiltrations increase the density of the parenchyma until a point where no intensity
distinction may be observed between lungs and surrounding tissue (see figure 1
). The effect becomes more notorious near the borders of the lungs, where the
distinction becomes more difficult even for radiological experts. This contrastmissing characteristic has been identified as one of the main challenges for lung
segmentation algorithms.

Figure 1: Example of ARDS (A) Patient with severe gas exchange dysfunction
after near-drowning. A major part of the lung presents an increased density
(lack of image contrast with surrounding tissues) B. CT scan performed 2 days
later reveals that the lungs appear normally aerated (dark) [6].

1.2

Quantification measures

CT scans provide information about the tissue density from which supplementary information can be found. Lungs are analysed in thoracic CT scans to
reveal properties of the tissue and the structure under the influence of ARDS.
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In this work we present a new method that allow different types of quantification under global, regional and even local scopes. We developed this method in
an attempt to localise recruitment, which resulted in a general method to calculate more measures such as aeration changes in tissue. Additionally measures
for tissue contraction/expansion and tissue inhomogeneity were implemented.
These measures are dynamic as they are calculated based in two different states
of the lung.
Tissue properties change depending on aeration and this is reflected in CT
scans voxel intensities. These intensities are measured in Hounsfield units. The
lung tissue is generally classified into one of four categories based on the intensity
of the image: over-aerated, normally-aerated, poorly aerated and non-aerated
[7]. The denser the tissue, less likely it is to have air inside. An example of
this can be seen in figure 2 and 3. Figure 2 shows the classification for voxels
according to their intensities, figure 3 shows an axial cut with classified tissue.
In the medical field, recruitment can be calculated in CT scans by finding the
change in non-aerated tissue between two lung states. Finding and calculating
the weight difference in non-aerated tissue means that previously non-aerated
lung is now aerated and that, possibly, there has been recruitment.
Valid only inside lung segmentation

Over aeratedNormally aerated
Air

-1000

-500

Poorly aerated

Non-aerated
Soft tissue

0

Bone

500

1000

Figure 2: Voxel classification according to Hounsfield value and values for tissue
and bone in the scale

Figure 3: Example of voxel classification of an axial slice according to Hounsfield
value. (A) Expiration. (B) Inspiration.
Figure 2 shows the voxel classification based on Hounsfield units and figure
3 shows the classification of an axial slice of a pathological lung in both inspiration(A) and expiration (B). In figure 3 the bronchial tree appears red as an
over aerated section and blood vessels at their side will appear as non-aerated
in green. The areas presenting more collapse or edema appear green meanining
non-aerated.
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In order to be able to compare two different lung breathing states, be it
intratidal or PEEP-induced, a spatial relationship must be found between the
two CT scans. This relationship is described by an image registration process.
Image registration has increasingly been used in the medical field. The result of
the registration is a deformation field, which allows to relate spatially both lung
states and be able to follow each voxel from an initial state into a final state, thus
becoming an important input to be able to localise change and quantification.
The deformation field contains a set of vectors that define how each voxel in the
image is moving from one state to the other. This movement information can
provide with details on the nature of the direction and change in tissue volume
(contraction and expansion) [10]. Using the Jacobian of the deformation fields,
each point is analysed and compared with the movement of its neighborhood.
As mentioned earlier, ARDS is an heterogeous disease. Alveolar collapse
and permeability occur all over the lung but it spreads unevenly. Computed
tomography (CT) scans of ARDS patients demonstrate that lung injury is heterogeneous, with predominantly dependent lung distribution (dependent refers
to the portion of the lung that is most subject to gravity [10]). In the supine
position the weight of the heart compresses the dependent parts of the lung and
enables the nondependent regions to expand. In the prone position, the heart
is resting on the sternum with little or no effect on the pressure distribution of
the lung [11].
During a normal breathing cycle, the tissue not comprising blood vessels
must be aerated. After ARDS various regions in the lung lose oxygen and some
airspace regions collapse (close). When this happens the lung becomes harder
and difficult to reopen. In order to achieve an opening pressure in collapsed
alveoli the PEEP must be risen. If pressure is not high enough to open the
collapsed airspace, the introduced air will try to go elsewhere, over-distending
other regions of the lung, thus augmenting pressure in the mentioned zones.
Denser zones reluctant to open are prone to become pressure multipliers, whenever the collapsed region refuses to be reopened, PEEP will act as if multiplied
inside other zones.
Inhomogeneity in the tissue becomes an important factor in the decision for
mechanical ventilation parameters, that is why a quantification method for inhomogeneity is proposed in this project. Along with tissue contraction/expansion,
tissue inhomogeneity is an important factor for recruitment and aeration quantification assessment. Along with recruitment, the three measures will be explained in detail in the next sections.

1.3
1.3.1

Experimental setup
Animal model

This study was realized within the context of a research project led by the team
of Réanimation Médicale of the Hôpital de la Croix-Rousse, Lyon, France. The
project is based on a piglet animal model. The study and its use on piglets
was approved by the institutional review board for the care of animal subjects
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(comité d’expérimentation animale de l’Université Lyon 1). The piglet animal
model is one of the most used, together with sheep model, when dealing with
lung research. Advantages of this model are anatomical similarities to humans,
such as lung size. However, piglets present anatomical differences compared to
humans. These differences become a study on its own when results are to be
applied in a human context. [12, 13].
1.3.2

Ventilation protocol

The ventilation and acquisition protocol was composed of two main trials after
syndrome induction: decremental pressure and random tidal volume trials [12].
The syndrome was induced by repeated intra-tracheal instillations of a warmed
saline solution until the ratio P aO2 /F iO2 was lower than 100 mmHg. Then,
a sequence of different ventilation conditions was applied to the piglet. Each
ventilation condition was defined by two parameters, P EEP and Vt . The
sequence was divided in two trials: The first trial maintained a constant Vt
(6 ml/kg) while the PEEP was reduced from the highest (20 cmH2 O) to the
lowest (2 cmH2 O) value by steps of 2 cmH2 O (Fig. 1.9). The second trial
kept a constant PEEP, (one of the following values: 5, 8, 10, 12, 14, 16, or
20 cmH2 O) chosen for each subject according to one of three different PEEP
selection methods [12], while eight different Vt values (4, 5, 6, 7, 8, 10, 15, and
20 ml/kg) were applied randomly.
Pairs of images were acquired for each ventilation condition, i.e., combination
of PEEP and V t, during end-expiratory and end-inspiratory pauses performed
by the ventilator. The protocol was applied to 16 piglets, thus, in terms of
CT images concerning this thesis, normally yielding 36 images per piglet (576
images). However, not all the subjects were exposed to all the ventilation conditions of the protocol due to different causes such as generation of pneumothorax
(air inside the pleural space). This implied a total number of 503 acquired images during the protocol. Additional to these protocol images, 90 non-protocol
images, i.e., pre- or post-protocol images, were acquired. Therefore a total of
593 images (503 protocol + 90 non-protocol images) were acquired in the study.
CT images were acquired with the CT scanner Biograph mCT/S, Siemens,
Munich, Germany. The settings were as follows: voltage 120kV, pitch 1.2 mm,
interval 1 mm, and field of view 300 mm. Each thorax CT was taken during
15 seconds and reconstruction was performed using a medium smooth filter
with the B31f kernel. Image slice thickness varied between 0.7 and 1 mm, and
in-plane spacing varied from 0.46 to 0.58 mm.
1.3.3

Materials

This project was done using the ITK framework to read and process the images.
We built the necessary filters. Deformation fields and image registration were
obtained using the Elastix [15] framework which is based on ITK. Visualisation tools include Mevislab and VV software from the CREATIS laboratory in
Lyon, France. Currently a software for visualization and ventilation condition
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comparison is being developed by the CREATIS laboratory.

1.4

Objectives

Optimum mechanical ventilation parameter settings depend on the patient and
their calculation depends on a number of factors, such as the density of the
lung, the recruitment variation, lung weight, lung total volume, oxygenation
levels among others. Thus ventilation parameters are still a matter of intense
study. The major concern is the selection of the parameters in order to minimize
VILI and maximize recruitment.
The goal of this project is to calculate and visualize local characteristics that
could be useful for doctors to better evaluate the lung’s response to the current
ventilation parameter settings. Three different measures and a general method
for calculation are presented within this project, local recruitment, tissue contraction and inhomogeneity are contributions of this work.
Specific objectives become:
• Describe a general method to calculate several parenchyma quantification
measures. From this method, calculate a local recruitment image.
• Evaluate lung tissue inhomogeneity in CT images. This measure can be
related to localized pressure multiplication.
• Use the deformation fields acquired by registration between inspiration
and expiration images to find a relationship with lung volume expansion
or contraction.

2

Related work

In this section we present previous work that has been done in aeration quantification of lung tissue. Some of this previous research does not focus directly on
images in presence of ARDS. Recruitment has been given several definitions and
scopes which will be explained in section 2.1. Tissue expansion and contraction
assessed in lungs not subject to ARDS is explained in 2.3. Inhomogeneity tissue
is explained in section 2.4.

2.1

Recruitment

Physiologivally, recruitment is the opening of collapsed alveoli. This can be
interpreted in CT scans in several ways. Quantification measures, including
recruitment, can be found within a pair of end-expiration and end-inspiration
moments [8], or between two expiration moments captured under different mechanical ventilation conditions of PEEP [9]. If it is found between expiration
and inspiration the process is called intratidal, if it is found between two different ventilation conditions the process is referred to as PEEP induced. Figure
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4 explains the directions: intratidal and PEEP-induced. Intratidal is the comparison of expiration and inspiration states while intratidal is the comparison
between two expiration images under different PEEP applications.

In general, one value for recruitment is found globally which
refers to one value for all the
lung. Sometimes recruitment can
be counted as one value for several defined regions in the lung.
These regions can be defined either
by voxel aeration classification or by
specific shapes and locations inside
the lung.
The latter is referred
to as a regional recruitment measure.
In the literature, recruitment
identification in CT scans is defined
in various ways. In [9, 17] recruitment es defined as the difference of
non-aerated tissue between two ventilation states. For this definition, all
the non-aerated tissue is found in the
CT scan of each one of the ventilation
Figure 4: The figure presents the two states desired and the difference bedirections or pairs of ventilation states tween these values is the recruitment.
between which recruitment or any mea- If recruitment is intratidal the value
for a global recruitment is found as in
sure.
equation 1.
Recruitment = Vnon_aerated (Expiration) − Vnon_aerated (Inspiration)

(1)

In [8] it is defined as the difference in air volume in a region defined as the
union of non-aerated and poorly-aerated regions. This second definition relies
on the fact that air and tissue percentage can be calculated from the voxel
intensity. For instance in equation 2 shows how to calculate the air percentage
of a voxel. This value can be multiplied by the voxel’s volume thus enabling the
calculation of the volume of air. Values for HUtissue and HUair can be looked
up in the scale in figure 2. Previously, both poorly and non-areated regions
must have been segmented in the two ventilation states and their volume of
air calculated. The difference between these values is what Malbouisson calls
recruitment in [8].
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AirV olume =

HUtissue − HU (x)
HUtissue − HUair

(2)

As we mentioned earlier in the introduction, recruitment is currently found
globally and regionally. Table 1 shows the different approaches and what we
were able to find in comparison. To the best of our knowledge we are the first
to calculate recruitment locally and present it as a map of localized tendency
to recruitment under the presence of ARDS in 3D CT scans.
Table 1: Different recruitment definitions
Gattinoni
Malbouisson
Caironi
Type of recruit- PEEP
in- PEEP
in- Intratidal
ment
duced
duced
Measure
Difference of Difference of Difference of
non-aerated
air volume in non-aerated
tissue weight non-aerated
tissue weight
and poorly
aerated
regions
Scope
Global
Regional
Global

2.2

Solorzano
Intratidal
Difference of
non-aerated
tissue weight

Local

Registration

Spatial correlation is very important to our project. Several factors can introduce errors to the image registration and that is why in [13] a non-rigid
B-spline registration is proposed. This registration is guided by motion masks
as proposed in [14] to tackle the problem of the sliding motion of the lung.
Let IM and IF be d-dimensional images, e.g., d = 3 for 3D images. We
denote ΩM ⊂ Rd and ΩF ⊂ Rd the respective spatial supports of IM and IF .
Image registration is an optimization problem where a moving image (IM )
is deformed to be aligned to a fixed image IF . The degree of misalignment is
represented as a distance function D between the deformed moving image and
the fixed image. In order to improve the alignment, the optimisation seeks to
minimize the distance function with respect to a transformation function on the
moving image. Registration becomes the problem of finding a displacement u(x)
that makes IM (x + u(x)) spatially aligned to IF (x). An equivalent formulation
is to say that is the problem of finding a transformation T (x) = x + u(x) that
makes IM (T (x)) spatially aligned to IF (x). The original optimisation problem
becomes:
T ∗ = argmin E(IF , IM , T )

(3)

T

where E is a cost function combining a distance function D between the images, and a regularization term P, typically used to constrain the transformation
to physically plausible deformations.
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E is defined as
E(IF , IM , T ) = D(IF , IM , T ) + αP(T ),

(4)

where α is the weight given to the regularization.
The transformation used is a B-spline transformation which is defined as:


X
x − xk
pk β 3
Tµ (x) = x +
(5)
σ
xk ∈Nx

where xk are the control points, β 3 (x) are the B-spline polynomials of degree
3, pk are the B-spline coefficients, σ is the spacing between control points,
and Nx are the set of control points corresponding to the compact support of
the control point x. The vector of parameters µ is composed by the B-spline
coefficients pk of the control points.
In [13] the distance measure is normalized mutual information, and the optimization parameter is stochastic gradient descent. Various parameters for
registration were tested to compare the results on 3D CT image in presence or
ARDS. Normalized mutual information provided the best alignment of shapes
and stochastic gradient descent arrived faster to the transformation.

2.3

Tissue expansion and contraction

In [10] Reinhardt et al. showed the benefits of registration and deformation fields
to do regional analysis. They analysed sheep lungs with no specific pathologies
and developed a specific quantification measure that is found regionally in small
subvolumes. These subvolume are transformed using the deformation fields in
order to be able to quantify the change between two lung states. Additionally,
based on the deformation fields the expansion and contraction of the tissue can
be found by finding the derivative of the movement of the lung.
We use a similar method in order to follow subvolumes in lungs with ARDS
and quantify our own measures using the corresponding values between two lung
states. This will be explained in detail in the next section.

2.4

Inhomogeneity

In [16] Cressoni et al. presented an inhomogeneity quantification measure and
related it to the probability of pressure multiplication (stress raisers). Their
method does not present the result as a map, it presents it regionally. We
modified the quantification calculation and tried to eliminate the numerical
instabilities detected (undefined divisions), parametrized the size of the filter
and normalized the measure. The result is an inhomogeneity map that allows
to pinpoint problematic regions and even model and quantify the zones that are
most likely to resist recruitment.
We use a similar method to calculate inhomogeneity but we solve numerical
instabilities that the previous method introduces. Our method will be explained
in the next section.
11

3

Methodology

In this section we present the contributions of this work. Detailed explanations
on how the measures were calculated are presented as follows, section 3.1 will
briefly explain how the previous work becomes our input. section 3.2 will explain our general method for quantification and a resulting local recruitment
measure. Section 3.3 explains tissue inhomogeneity and section 3.4 explains the
deformation fields and Jacobian.
-Registration -Segmentation -Motion masks

Previous work
Nitrogen
wash in
wash out
(WI-WO)
Electrical Impedance
tomography

ARDS
induced

Computarized
Tomography scan

Positron emision
tomography
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Airway removal
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Registration
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deformation
fields

P1
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Registration
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.
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.
.

With the deformation
field, segmentation
masks are
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P1
P2
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.
.
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.
.
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Local recruitment

Inhomogeneity map

●
Convolution matrix
●
Scope (global, regional or local)
CT inspiration and
●
Type of measure (amount of
expiration
●
voxels, tissue weight, air weight
Segmentation inspiration
●
Intratidal or PEEP-induced
and expiration
Output: Localized recruitment or measure

Input:

Input:

CT inspiration and
expiration
●
Segmentation inspiration
and expiration
Output: Tissue inhomogeneity

●

●

Deformation field characterization
Input:

●
Deformation fields
●
Segmentation
Output: Jacobian

Figure 5: The figure presents previous work and how it is related to the methodology of this project. The general method and the quantification measures are
also related to the input necessary to calculate them. In violet, outputs from
previous work are represented as inputs for this project.

3.1

Previous work : lung segmentation and registration

The objective of this work was to develop image processing strategies that can
handle the difficulties imposed by the radiological expression of ARDS in 3D CT
images for a subsequent extraction of consistent measurements of lung aeration.
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These strategies must provide, on the one hand, a correct lung segmentation for
the quantification of the lung aeration, and, on the other hand, a correct spatial
correlation between images.
As mentioned in the previous section. Our work is part of a larger project
dedicated to the analysis and treatment of ARDS. An important input for our
project is lung segmentation. Segmentation of lung parenchymal tissue determines the regions where information is extracted from to analyze the lung
aeration in CT images. Voxel frequency distribution in aeration classes and spatial air distribution are the main information required for the evaluation of the
lung’s condition. Segmentation is focused on the region wrapped by the pleura,
which encompasses lung parenchyma together with pulmonary bronchi, vessels,
and nerves. Tackling the difficulties in segmentation due to the radiological
expression of the syndrome (reduced or missing contrast between lungs and surrounding structures) in [13] a novel approach to lung segmentation was proposed
and the masks were made available for this work, enabling the completion of the
quantification objectives of this project. Along with the segmentation masks,
the methodology includes registration parameters that enabled the registration
to adapt to the problem of lost contrast. We use the same registration process.

3.2

General quantification method

Aiming for a localised recruitment quantification we decided to propose a method
that becomes general and allows to find several measures in a local fashion, we
believe this method is able to quantify recruitment in all the ways shown in
table 1.
An analysis of each image must be done locally by means of convolution and
is then related spatially using the transformation T found using registration.
Convolution
Convolution is often referred to as filtering an image, which means that each
value in which an image function f exists, another function h often referred to
as kernel, is evaluated.
Let x~0 be a point in function (or image) I so that x~0 ∈ I. The discrete
convolution C of f with h becomes:
C =f ∗h=

1 X
f (x~0 ) × h(~x − x~0 )
V

(6)

~
x∈Ωh

Where V is the spatial volume of the support Ω of matrix h, e.g., multiplication of the length of the sides of matrix h
If h contains only ones then voxels can be summed, averaged, or weighted
within a neighborhood.
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Registration

Scope

Scope

Convolution

Convolution

Measure

Figure 6: The figure presents the general method to find a quantification measure. Starting from two sets of images corresponding to two lung ventilation
states. the inputs are IF , IM , BF , BF which are the anatomical images and the
binary lung segmentations. A is the scope of the measure, h is the convolution
matrix and δ is the desired measure
Localisation
We are interested in analysing the same piece of lung (voxel) in the two states,
it is important to follow voxels from one lung state to the other using the
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acquired deformation fields. After both images have passed through the specified
processes the resulting measure can be described as
dif f erence(x) = CF − CM (x + u(x)) = CF − CM (T (x))
3.2.1

(7)

General function

Our general method receives a series of parameters, χ for type, δ for measure,
h for the kernel and S for the scope. They are presented such as:

0 if intratidal
χ=
(8)
1 if PEEP induced

 0 for amount of voxels
1 for tissue weight
(9)
δ=

2 for air weight

 0 if global
1 if regional
(10)
A=

2 if local
The matrix h can be an all ones matrix, or a gaussian coefficient matrix or
any matrix desired.
We can call the general method as Q where
map = Q(IF , IM , BF , BM , h, χ, δ, A)

(11)

Figure 6 shows the diagram of the general method where the input images
go through a pipeline to become a map of a desired measure. Two sets of I and
B enter. Each of these sets corresponds to one of the two states of the lung.
Function χ is implicitly chosen with the decision of the input images.
3.2.2

Local recruitment

In order to calculate local recruitment in the context of our project we chose
the following parameters:
• (hijk ) ⊆ Ωh |hijk = 1, all ones matrix h
• χ = 0 for intratidal
• δ = 0 for amount of voxels
• A = 2 for local
To build the resulting map, the non-aerated voxels will be counted, then the
corresponding vector from the deformation field will be followed to arrive to
the corresponding voxel in inspiration. Here surrounding voxels will be counted
again. The difference of non-aerated voxels from expiration and inspiration will
become the value of an image of the same support and size of the expiration
15

image. This new image becomes a map of what we defined as tendency to
recruitment.
In order to be able to count voxels instead of taking into account their
intensity, the lung segmentation binary mask is used, the convolution mask
goes through the binary image resulting in the sum of 1 every time a voxel is
“on” and resulting in 0 every time a voxel is “off” thus resulting in the sum of
voxels in the neighborhood.
Figure 7 shows the process of finding local recruitment. Central voxels for
regions in expiration and inspiration are shown. Within the areas surrounding
the central voxels there are non-aerated voxels marked in blue. These nonaerated voxels are counted in each region, the difference between the amount
of non-aerated voxels in expiration and inspiration is the recruitment. Since
we are taking into account the neighboring regions of each voxel we define the
resulting map as a tendency to recruitment or recruitability.

Figure 7: Blue cubes are representations of non-aerated voxels, the red and
yellow cubes are the representations of the size of the h-matrix. Central voxels
of each region are marked. The transformation T (x) relates expiration with
inspiration spatially and allows the calculation to take place.

3.2.3

Regional recruitment

In order to find the recruitment regionally, the lung voxels are classified and
every non-aerated voxel is set to 1 while any other voxel is set to 0. The result
is an image that contains only the non-aerated region of the lung. This region is
then divided in cubes in the expiration image. A cube region inside the lung will
have a value of 1 for the whole region if it has at least one non-aerated voxel
and 0 if it has no voxels inside. These cubes all have the same size, around
4mm3 and in the images in this experiment they comprise 448 voxels (8x8x7).
Spacing can vary between the images, this is why the length of the cube is given
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in milliliters and then transformed to the corresponding amount of voxels. Once
the image is divided into cubes, it is transformed using the deformation fields.
The cube in the fixed image and its transformed version in the moving image are
compared using the same measure for lung recruitment, the difference between
the number of non-aerated voxels.

Figure 8: A) CT slice of the lung with a marked region. B) Same region representing tags with in closed-in view. The lung’s originally non-aerated regions
are marked in grey. Everything outside is marked in black. C) Transformed
cube regions. Results are found by comparing (B) and (C)
Figure 8A shows an example of a location in the lung, corresponding to
an area mostly composed of non-aerated voxels. On 8B the region is divided
into cubes that will be transformed into 8C. Cubes and their corresponding
transformation are compared to detect recruitment by finding the difference in
the amount of non-aerated voxels in expiration and inspiration.

Figure 9: Illustration of a regional recruitment calculation. The limits of the
region, i.e., cube, are presented in blue and the non-aerated voxels in red. In
the first one there is cube region in expiration, then the transformed region in
inspiration
Figure 9 shows a 3D representation of a cube in an expiration image and an
example of the cube transformed to the inspiration image which may contain a
different number of voxels than the original. The process implies counting the
number of non-aerated voxels (represented in red) inside the cube in expiration
and counting the number of non-aerated voxels in the deformed region in inspiration and finding the difference. In the example there are less non-aerated
voxels in the inspiration region which means some voxels inside it have been
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recruited. The process results in a local recruitment approximation.

3.3

Tissue inhomogeneity

In a healthy lung tissue the air/tissue ratio is constant except for blood vessels
and the airway tree. In the presence of ARDS this ratio changes. Profiting from
this knowledge an inhomogeneity map is proposed to observe where the highest
inhomogeneity occurs. It is important to consider that ARDS manifests itself
in a great number of ways. In 20% of the cases there are areas significantly
more inhomogeneous than others creating a visible border around it. This is
noticeable on the map immediately, but it may not always be the case. Due
to the lack of standard reference, an automatic threshold is not possible. That
is the reason an inhomogeneity as map is proposed instead of a quantifiable
threshold to classify inhomogeneities as in [16].
For each voxel in the lung its inhomogeneity is measured taking a spherical
neighbouring region and a crust around this sphere. The absolute value of the
difference between the mean values of the sphere and the crust is normalized by
the absolute value of their sum to know how significant the difference is. For
instance, the difference between 2 and 1 is 1, and so is the difference between
500 and 499, but in the first case the difference of 1 unit represents a 100%
difference while in the second case the difference is only that of 0.2%. Afterwards
a Gaussian filter, the size of which is equal to the radius of the sphere is applied
to remove noise. The size of the sphere is 1.5 mm and the crust starts from 1.5
mm to 2.25mm. It is very important to have the same number of voxels in the
sphere as in the crust.

Figure 10: 2-Dimensional illustration of spherical and crust regions around a
pixel in which mean values are calculated and compared
In figure 10 an illustration of the spherical neighborhood and the crust region
is shown. Let S and C be the mean values inside the sphere and the crust
respectively, then inhomogeneity per voxel Ih is:
Ih = Γ(

|S − C|
, rs )
|S + C|

−(x−µ)2
1
√ e 2σ2
σ 2π
Where Γ is a standard Gaussian function

Γ=
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(12)

(13)

with a mean µ at 0 so that it is centered at the voxel and a standard-deviation
σ equal to the radius of the sphere rs thus becoming
Γ=

1
√

rs 2π

−x2

e 2rs2

(14)

Due to the lack of an absolute reference standard the map can not be automatically classified. If the goal is to quantify and classify the inhomogeneities
automatically then a balanced histogram thresholding can be used. This would
only yield particular results per image pair but would still highlight the stress
raisers. The interest for classification relies on the desire of eventually correlate
the result of inhomogeneity with further clinical results such as PET images to
determine inflammation if inhomogeneity, density, inflammation and pressure
multiplication are correlated.

3.4

Tissue contraction and expansion

In lung tissue analysis and pathology assessments, tissue volume change is the
key. In ARDS there is a special interest in following various regions and knowing
their volume change and behavior. Parenchyma expansion and contraction can
locally show abnormal movement and illustrate how much a region of interest
is expanding, contracting or not changing at all.
The Jacobian of the deformation field can account for this expansion or
contraction of the lung volume on a per-voxel basis since it is calculated in each
voxel taking into account the direction vector given by the deformation field.
Let T : R3 → R3 be the vector-valued transformation function T (x) =
[T1 (x)), T2 (x), T3 (x)] and u(x) be the displacement u(x) = [u1 (x), u2 (x), u3 (x)],
then T (x) = x + u(x) where x = (x1 , x2 , x3 ) is the voxel index. The Jacobian
of the transformation then becomes:

J=

1+
=

∂T1 (x)
∂x1

∂T2 (x)
∂x1

∂T3 (x)
∂x1

∂T1 (x)
∂x2

∂T2 (x)
∂x2

∂T3 (x)
∂x2

∂T1 (x)
∂x3

∂T2 (x)
∂x3

∂T3 (x)
∂x3

∂u1 (x)
∂x1

∂u1 (x)
∂x2
∂u1 (x)
∂x3

∂u2 (x)
∂x1

1+

∂u2 (x)
∂x2

∂u2 (x)
∂x3
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∂u3 (x)
∂x1
∂u3 (x)
∂x2

1+

∂u3 (x)
∂x3

This calculation can be done rapidly since the deformation field is already
calculated per voxel. Nevertheless this formulation does not immediately offer
the physiological explanation as to its usefulness describing volume change.
Let F describe the continuum deformation from the point-wise displacements
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dx
(16)
du
which be decomposed into a rotation tensor R and a stretch tensor U so
that F = RU. The decomposition itself would take more time than the previous derivation of the Jacobian but it only serves the purpose of explaining its
meaning.
Since R is orthogonal it can be factored out by squaring F
F=

FT F = UT RT RU = UT U

(17)

The eigenvectors of the stretch matrix are the principal direction of the
stretches and for this reason the principal stretches may be calculated from the
relationship in (1) as the squareroot of the eigenvalues of F.
p
(18)
λU = λF T F
In terms of a physical meaning, the eigenvalues represent the principal
stretches of a voxel as it is transformed into a different rectangular parallelepiped
in the three main directions.
The Jacobian is the product of the eigenvalues of the stretch tensor matrix.
Y
J=
λUi
(19)
and so for a given region the determinant of the Jacobian matrix (often referred to only as the Jacobian) is the ratio of the current volume to the reference
volume. The value of the jacobian can be directly translated into a percentage
of growth or contraction. Negative values are undesired and the registration
ensures that negative values will never appear. Values between 0 and 1 indicate
a percentage of contraction, a value of 1 indicates no change and values greater
than one mean expansion. Theoretically, the values can increase to infinity,
but then again, these values are nto expected du to the regularization term in
the registration. The regularization ensures that the movement is physically
meaningful and accurate.

4

Results

This section presents the results obtained after calculating the four measures
proposed in this project. The measures conveyed the information intended and
gave results that the physician could interpret and relate to actual phenomena.
Figure 11 shows the results for all the quantification measures compared to
an anatomical cut in 11A. The measures will be presented and interpreted. The
loss of contrast inside the lung and the location of the most damaged parts is
visible in 11A.
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Figure 11: A) Tomography of the lung anatomy. B) Localised recruitment.
C) Regional recruitment. D) Tissue inhomogeneity. E) Jacobian expressing
contration or expansion.
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4.1

Local recruitment

Figure 12: Difference of non-aerated voxels in neighborhoods around central
voxels.
For local recruitment, each voxel has a value that in our case study represents
the difference of non-aerated voxels between the neighborhoods around two central voxels each in one of two different lung ventilation states. The ventilation
states are spatially related by the deformation fields.
In figure 12 the green voxels represent a higher tendency to recruitment.
Since there is a big positive difference it means that in the surrounding volume
around the central voxel, a high number of voxels became aerated.
The scale would vary according the size of the neighborhood, in this case,
each neighborhood around the voxel had a size of 5 × 5 × 5 = 125. Meaning
that at most there would be a difference of 125 voxels. In the presented image
the maximum value found was 64 voxels.
It can be noticed that there are blue areas that mean a negative difference.
Theoretically, negative difference arise when there are even more non-aerated
voxels despite inspiration, this is translated some times in a derecruitment of
the lung. Nevertheless, blue areas are most times results of errors in registration
and segmentation. For instance there is no sense in finding recruitment in blood
vessels. The vascular tree presents problems during registration and during the
voxel classification. Voxels inside the blood vessels are counted as non-aerated
due to their Hounsfield value and they are taken into account when calculating
recruitment, thus creating mistakes.

4.2

Regional recruitment

Figure 13 represents the amount of voxels that were recruited in each cube. If the
number of voxels inside the region in inspiration was smaller than in expiration
it means that there was derecruitment instead of recruitment, for this reason
the scale includes negative numbers. Not all the non-aerated regions can be
recruited, some times there is inflammatory liquid that drops the probability

22

Figure 13: Measure regional recruitment inside macro-voxels (cubes of 7x7x7
voxels)
of recruitment drastically, in this case negative recruitment can be found. The
presence of regions where there will never be recruitment, such as regions inside
blood vessels should be removed to avoid having falsely derecruited regions in the
image. When the number of non-aerated voxels decreases going from expiration
to inspiration it means that recruitment occurred and it can be spotted in the
image where the values are greater than 0.
Local and regional recruitments appear similar to the naked eye, however,
local recruitment shows an important improvement over the errors in a regional
recruitment. In regional recruitment, even if recruitment consists of one voxel,
the macro-voxel would still be given a value and a color, counteracting the
benefits of the visualisation. Regional visualisation is also more prone to errors
where the segmentation goes outside the actual lung.

4.3

Inhomogeneity

Figure 14: Measure for inhomogeneity in the tissue. The grater the value the
more inhomogenous.
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Every voxel of the inhomogeneity map holds the value of the difference between two adjacent neighborhoods around the voxel (a sphere and a crust around
the sphere). If these two neighborhoods are similar, then the tissue is considered
homogeneous, giving a small value. If the two neighborhoods are very different
then the tissue is considered inhomogenous and is given a high value.
Inhomogeneity may be correlated to an elevation of the applied pressure
during ventilation. Inhomogenous tissue may be more resistant to recruitment,
this possibility makes it important to quantify inhomogeneity and relate it to
the condition of the patient.
As with recruitment, the passing from parenchyma to blood vessels is counted
as inhomogeneity. As a result, it is noticeable in the axial cut in 14 a round
pink element coating the vessel which is not inhomogeneity but simply indicates
the presence of a blood vessel.

4.4

Tissue expansion

Figure 15: Measure for the tissue expansion and contraction
Registration in our method is done from expiration to inspiration, meaning
that tissue is expected to expand. As explained earlier, a jacobian of 1 means
no change, while any number greater than 1 means expansion. It can be seen
in figure 15 that white corresponds to 1, while blue represents all greater than
1. A predominant expansion is seen in the lung. Nevertheless, a brown area
is noticeable near the dorsal area. Brown color represents contraction. Since
mostly expansion was expected, brown areas are suspicious. Brown areas could
be correlated with the areas of most inhomogenous tissue and visibly most
affected areas of the lung.
It must be taken into account that registration is not perfect, but even so,
brown and white areas may allow the implication that tissue didn’t expand
enough to allow enough air in, becoming a possible way to assess recruitment.

24

5

Discussion

The objective of the work presented in this article was to help physicians assess the aeration of the lungs in patients diagnosed with acute respiratory distress syndrome (ARDS). Since mechanical ventilation is an essential part in the
treatment of ARDS, we quantify and visualize the aeration changes induced by
this process. To be able to quantify and visualize aeration measures locally,
computed-tomography (CT) images acquired at distinct respiratory conditions
were compared. In this work, we compared images from end-expiration and
end-inspiration, resulting in intra-tidal recruitment. However the same method
can be used to compare images from different values of positive end-expiratory
pressure (PEEP), resulting in an evaluation of PEEP-induced recruitment.
As existing definitions of the recruitment are global [5] or regional [8], and
cannot be directly applied to calculate and display a map of local recruitment, we
proposed a new computational scheme, which brought these global/regional definitions to a (macro)-voxel level. The method proposed builds on a preliminary
image-registration step devised to align the pulmonary structures. After global
and regional, the general method we propose allows a localised measure that
can be compared to the concept of convolution since the value calculated and
displayed for each single voxel exploits information from a predefined neighborhood. In the context of our study, all the voxels from the neighborhood equally
contribute to the final value assigned to the central voxel. Nonetheless, while
the size of the neighborhood during the convolution is constant, our method
had to cope with lung-volume changes between expiration and inspiration or
between different ventilator settings. These changes were managed by locally
adapting the size of the neighborhood from one image to another. To do so, we
used the Jacobian determinant calculated from the deformation field resulting
from the registration step.
Tissue inhomogeneity could be related to localized pressure multiplication if
compared to a different type of image acquisition, namely PET images. These
images, eventhough of lower resolution, could overlaid with the inhomogeneity
map and confirm if the regions with most inhomogeneity cause inflammation.
This work lacks validation against an independent reference. This is because
such ground truth does not exist and our proposal is exploratory. Our method
expects the structures to be correctly aligned by the previous (semi)automatic
registration step.ARDS image registration is a difficult task and has been very
little explored so far. Development and evaluation of an appropriate registration
method was beyond the scope of this article. We used a recent method that
was specifically devised for ARDS images. Nevertheless, the local recruitment
maps calculated by our method displayed unexpected results near bronchi and
blood vessels. Errors are partly due to imperfections in the registration, but
also anatomical trees should be removed before recruitment computation since
calculating the recruitment in them does not make sense.
Even with some limitations, the method proposed is an important step towards the assessment of local changes in lung aeration. Displaying such local
changes is expected to give better insight into the state of pulmonary tissues
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suffering from ARDS and into their response to mechanical ventilation, thus
opening a path toward better-adapted patient-specific ventilator settings.
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