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a b s t r a c t
Purpose: Since real-time 4D dynamic magnetic resonance imaging (dMRI) methods with adequate spatial and temporal resolution for imaging the pediatric thorax are currently not available, free-breathing
slice acquisitions followed by appropriate 4D construction methods are currently employed. Self-gating
methods, which extract breathing signals only from image information without any external gating technology, have much potential for this purpose, such as for use in studying pediatric thoracic insuﬃciency
syndrome (TIS). Patients with TIS frequently suffer from extreme malformations of the chest wall, diaphragm, and spine, leading to breathing that is very complex, including deep or shallow respiratory
cycles. Existing 4D construction methods cannot perform satisfactorily in this scenario, and most are not
fully automatic, requiring manual interactive operations. In this paper, we propose a novel fully automatic
4D image construction method based on an image-derived concept called ﬂux to address these challenges.
Methods: We utilized 25 dMRI data sets from 25 pediatric subjects with no known thoracic anomalies
and 58 dMRI data sets from 29 patients with TIS where each patient had a dMRI scan before and after
surgery. A time sequence of 80 slices are acquired at each sagittal location continuously at a rate of
~480 ms per slice under free-breathing conditions, with 30–40 sagittal locations across the chest for each
subject depending on the thoracic size. In our approach, we ﬁrst extract the breathing signal for each
sagittal location based on the ﬂux of the optical ﬂow vector ﬁeld of the body region from the image time
series. Here, for each time point of respiratory phase, the net ﬂux of the body region can be regarded
as the ﬂux going into or out of the body region, which we term Optical Flux (OFx). OFx provides a
very robust representation of the real breathing motion of the thorax. OFx allows us to perform a full
analysis of all respiratory cycles, extract only normal cycles in a robust manner, and map all extracted
normal cycles on to one cosine respiration model for each sagittal location. Subsequently, we re-sample
one normal cycle from the respiration model for each location independently. The normal cycle models
associated with the different sagittal locations are ﬁnally composited to form the ﬁnal constructed 4D
image.
Results: We employ several metrics to evaluate the quality of the 4D construction results: Eie – error in
locating time instants corresponding to end inspiration and end expiration; Eto – deviation from correct
temporal order in each detected normal cycle; Ess – deviation in spatial smoothness; and Esc – deviation
from spatial continuity as scored by a reader. The means and standard deviations of these metrics for
normal subjects and TIS patients are found to be, respectively: Eie : 0.25 ± 0.05 and 0.38 ± 0.16 in units
of time instance (ideal value = 0); Eto : 2.7% ± 2.3% and 1.8% ± 2% (ideal value = 0%); Ess : 0.5 ± 0.17
and 0.54 ± 0.25 in pixel units (ideal value = 0); Esc : 4.6 ± 0.48 and 4.56 ± 0.98 (score range: best = 5,

∗

Corresponding author.
E-mail address: jay@pennmedicine.upenn.edu (J.K. Udupa).

https://doi.org/10.1016/j.media.2021.102088
1361-8415/© 2021 Elsevier B.V. All rights reserved.

Y. Hao, J.K. Udupa, Y. Tong et al.

Medical Image Analysis 72 (2021) 102088

worst = 1). The results show that the OFx method achieves excellent spatial and temporal continuity
and its yield was 100% meaning that it successfully performed 4D construction on every data set tested.
Compared to a recently published method, OFx is fully automatic requiring about 5 min of computational time per study starting from acquired dMRI scans. The method achieves high temporal and spatial
continuity even on complex TIS data sets that include many abnormal respiratory cycles.
Conclusions: A new 4D dMRI construction method based on the concept of optical ﬂux is presented
which is fully automatic and very robust in deriving respiratory signals purely from dynamic image sequences even when presented with complex breathing patterns due to severe disease conditions like TIS.
Evaluations show that its accuracy is comparable to the variations found in manual annotations. An important characteristic of the method is that it is independent of the number of sagittal locations used
in the construction process, which suggests that it is applicable to imaging techniques where data are
acquired at only a few sagittal locations instead of the full width of the thorax. The method is not tied
to any speciﬁc imaging modality, as demonstrated in this paper on not just dMRI but dynamic computed
tomography (CT) as well.
© 2021 Elsevier B.V. All rights reserved.

have increasingly focused on extracting motion signals based only
on the scanned image time series, which is often referred to as
self-gating or self-navigator approach.
The basic idea of self-gating approaches is to derive motion signal from the image based on some features extracted from the image. Many methods have been proposed recently, which can be
grouped into 3 main categories: feature-based surrogate, graphbased optimization, and manifold learning alignment.
Some studies use area of the body region in the MR images
as an internal respiratory surrogate to extract the breathing signal (Cai et al., 2011; Liu et al., 2014; Yang et al., 2014). The success of such an approach depends on the accuracy of body region
segmentation. Moreover, since only a portion of the body region
is selected as a reference for the motion signal, these approaches
require manual interaction for this selection which affects their efﬁciency and accuracy.
Tong et al. proposed a novel graph-based optimization approach
(Tong et al., 2017), which formulates the 4D construction problem
as an optimal path searching problem in a weighted graph where
the acquired slices constitute vertices and arc weight is determined
based on local spatial and temporal contiguity of slices. Based on
this graph method, Romaguera et al. proposed a modiﬁed method
that introduces the continuity of time into the graph weights to
identify respiratory end phases automatically (Vázquez Romaguera
et al., 2019). This method uses the vertical component median
value of optical ﬂow estimated around the diaphragm as a respiratory agent. Shortcomings of this method are that it does not
consider chest wall motion, and a region of interest (ROI) is selected for the process based on some knowledge, which reduce its
generality for some abnormal slices.
Manifold learning is another kind of self-gating approach for
4D MRI construction which embeds all acquired slices into one
global low-dimensional space according to the respiration phase.
Georg et al. used the Isomap technique with some alignment steps
to determine respiratory phase from axial CT data (Georg et al.,
2008). Wachinger et al. achieved gating with Laplacian Eigenmaps
for both ultrasound and MR images, with a requirement that the
lung region should be cropped ﬁrst before manifold learning is
performed (Wachinger et al., 2012). Baumgartner et al. proposed
a novel method based on simultaneous group-wise embedding of
data sets to increase the alignment robustness of manifold learning
(Baumgartner et al., 2013). Clough et al. proposed an adapted version of Wave Kernel Signature (WKS) as the graph descriptor for
Manifold Alignment where both image intensity and motion ﬁeld
are used to build the manifold (Clough et al., 2018). Additional
manifold learning based methods for 4D MRI construction are
demonstrated in (Baumgartner et al., 2015, 2014; Uh et al., 2016).

Introduction
Respiratory organ motion analysis is important in the study of
many disease processes (Crompton, 2006). In all such applications,
a 4D image constituting the organ system under study over one
respiratory cycle needs to be constructed ﬁrst. Since the patient
cooperation needed by gating or tracking techniques is often hard
to achieve, such as in the case of pediatric patients or for patients who are mentally impaired or have severe malformations
of the chest wall, diaphragm, and spine (Campbell Jr. et al., 2003;
Campbell Jr. and Smith, 2007), high-quality, highly automated 4D
imaging technology under free-breathing image acquisitions is becoming increasingly important in clinical applications. Compared
to computed tomography (CT), magnetic resonance imaging (MRI)
has three natural advantages: excellent soft tissue contrast, no ionizing radiation exposure, and greater ﬂexibility in selecting image
plane position, orientation, and duration. Therefore, MRI-based 4D
imaging technology is highly desirable in many clinical applications.
There are two main approaches to 4D image formation via MRI
(Cai et al., 2011): (i) Using fast 3D MRI sequences to acquire realtime 3D volumetric data. (ii) Using fast 2D MRI sequences to continuously acquire 2D images from all respiratory phases, location
by location spatially, then sifting these slices to select an optimal
subset to form 4D images. For the real-time 3D approach, limited
by current hardware and software, it is diﬃcult to achieve high
spatial resolution while ensuring adequate temporal resolution and
image quality. Therefore, the 2nd retrospective approach has become the focus of current 4D MRI imaging research. In the past
few decades, several approaches have been proposed to recover 4D
information from the original 2D MRI sequences.
In the retrospective approach, 2D slices of a 3D volume are
scanned separately during a number of breathing cycles. Slices
from these 2D sequences are retrospectively stacked into 3D images (von Siebenthal et al., 2007). Since the 3D structure is not
maintained in 2D MRI sequences, some form of internal or external respiratory surrogate is required to restore the respiratory motion, which is the most important part of these approaches. Consequently, these approaches inherit some drawbacks.
External respiration devices, like respiratory belts, often have low
correlation with the actual organ respiratory motion. Furthermore, external devices can affect the scanning process itself and
are sometimes not suitable for patients with certain diseases
(Remmert et al., 2007). Internal surrogates, like the 1D navigator
echo in (von Siebenthal et al., 2007) and (Karani et al., 2019), can
increase the scanning time and compromise the temporal resolution to some extent. To overcome these shortcomings, researchers
2
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Methods focusing on radial k-space (Chen et al., 2017; Deng et al.,
2016; Liu et al., 2015) have also been reported. Their major beneﬁt
is relative insensitivity to motion artifacts.
Although many of the above reviewed approaches provide an
effective 4D MRI construction solution, they all share one or more
of 3 key shortcomings. (i) They cannot handle the complex respiratory patterns associated with very sick, especially pediatric, patients whose data sets may contain several abnormal breathing cycles. (ii) They require some form of user input like an ROI or labels for end inspiration and end expiration phases (Tong et al.,
2017), making them not completely automatic. This interferes with
a production-mode operation where a large number of data sets
are to be processed routinely. (iii) Most importantly, instead of
scanning the complete thorax across the chest, it is often of interest to acquire dynamic data sets at selected spatial slice locations,
for example, to cover just one or both of the hemi-diaphragms
with just a few sparsely located slices. Some of the above methods run into diﬃculty because of their dependence on full data
sets with closely positioned neighboring slices to recover 3D information, which are lacking in sparsely located slices.
In this paper, we present a fully automatic 4D dynamic MRI
(dMRI) construction approach which by design tries to overcome
the above hurdles. The approach centers around a novel concept
we propose as a respiratory surrogate, called optical ﬂux, and consists of three major steps. Flux is a physical quantity used to describe the properties of a region in a vector ﬁeld, such as a magnetic ﬁeld or an electric ﬁeld. It represents the total “outgoingness”
of the region with respect to the vectors in the region. In our set
up, for each sagittal slice position through the thorax, a time series of slices is acquired and 4D construction is performed in three
steps. Step 1 : For each sagittal position, we use an optical ﬂow
algorithm to estimate the motion vector ﬁeld within the thoracic
body region from successive slices in the time dimension. If a slice
in the time series is in the inspiration phase, the vectors in the
optical ﬂow vector ﬁeld will mostly point toward the body region
boundary and the optical ﬂux will be positive. Conversely, for a
slice in the expiration phase, the ﬂux will be negative. This step
detects and outputs respiratory cycles via the mechanism of optical ﬂux. Step 2 : In this step, abnormal cycles are detected and
ﬁltered out based on features extracted from the detected cycles.
Step 3 : In this step, a 4D image is constructed representing the
breathing 3D thorax over one respiratory cycle. For each sagittal
position, one canonical cycle is created via a cosine model from the
detected normal cycles. Subsequently, the cycles from the different
sagittal positions are assembled together to form a 4D image.
We utilize dMRI data sets from 25 normal pediatric subjects
and 58 pediatric patients with Thoracic Insuﬃciency Syndrome
(TIS) as described in Section 2. Our complete ﬂux-based 4D construction approach is described in Section 3. In Section 4, we
present evaluation strategies and an analysis of the robustness of
the key steps in the 4D construction method. In Section 5, we
present the results and analyze them. In Section 6, we state our
concluding remarks.

ject. There are several advantages of sagittal plane scanning for
our application. (i) It allows us to capture slices during complete
breathing cycles with minimal out-of-plane motion. (ii) The sagittal slice orientation requires a small ﬁeld of view in the slice plane
and therefore leads to fast 2D acquisition for the same spatial resolution (von Siebenthal et al., 2007). More importantly, it requires
a fewer number of slices to cover the whole chest and speciﬁcally
each hemi-thorax. (iii) The hemi-diaphragms, among the most important structures in our study, are digitized optimally relative to
their 3D shape.
The dMRI scan protocol was as follows: 3T MRI scanner
(Siemens Healthcare, Erlangen, Germany), true-fast imaging with
steady-state precession sequence; TR/TE = 3.82/1.91 msec; voxel
size, approximately 1 × 1 × 6 mm3 ; 320 × 320 matrix; bandwidth = 558 Hz; ﬂip angle = 76°; and one signal average. For each
of 30–40 sagittal plane locations through the thorax, slice data
were obtained during 8–14 tidal breathing cycles at approximately
480 msec per slice amounting to about 80 time samples; total
acquisition time per subject = 40 min. This process yields over
20 0 0–30 0 0 slices in total for one patient and constitutes a spatiotemporal sampling of the subject’s dynamic thorax over 240–560
respiratory cycles.
The 83 dMRI scans employed in our study constitute a realistic mix of conditions that are commonly encountered in our application. Speciﬁcally, although the breathing rate was generally less
rapid in normal subjects than in patients, surprisingly their scans
more frequently contained abnormal breathing cycles due to shallow breathing or deep inhalation, etc., than the patient scans. In
the TIS application, since our overall goal is to study thoracic dynamics under normal or tidal breathing conditions and the change
in dynamics from pre- to post-operative condition (Tong et al.,
2019), cycles constituting only tidal breathing among the data acquired over 240–560 cycles are relevant. Thus, our 4D construction
method named OFx (symbolizing Optical Flux) should be able to
automatically discard abnormal cycles in the acquired scan data. To
give a preview of the data sets, we present a statistical portrayal of
the length of the cycles for each of the 25 normal subjects and 58
patient scans in Fig. 1, where the subjects are sorted and arranged
in the increasing order of their median cycle length from left to
right. The continuous line represents the median length. For each
subject, the lower and upper boundaries of the box represent the
25th and 75th percentiles of the respiratory period over all breathing cycles, and the upper and lower limits of the black line indicate the maximum and minimum lengths of tidal cycles that do
not constitute outliers. The “+” mark represents outliers. As can
be seen, the distribution of the cycle length is not uniform and
there are many outliers. Some outliers with longer lengths represent cycles with deep breathing or cycles with a period of holding breath or very shallow breathing. Some outliers with shorter
lengths may represent cycles with sharp and rapid breathing. Any
robust 4D construction method should be able to cope with these
outlier cycles automatically.
Methods

Materials
We propose a novel approach for 4D construction in this section. The goal of the 4D construction task is to recover the 4D information from uncoordinated spatio-temporal sampling of the 4D
space via 2D slices. The most important requirement for this task is
to preserve temporal and spatial continuity in the 4D constructed
image. Temporal continuity is naturally obtained in the acquired
data set but spatial continuity is broken due to the sampling process. Our construction method must restore the spatial continuity
as much as possible under the premise of preserving temporal continuity. This is the most important strategy of our approach, which
sets it apart from other methods. Another consideration is that if

In this paper, we utilize dMRI data sets from 25 pediatric subjects with no known thoracic anomalies and 58 dMRI data sets
from 29 patients with TIS where each patient had a dMRI scan before and after surgery. The scan data were obtained from the Children’s Hospital of Philadelphia (CHOP) following approval from the
Institutional Review Board at CHOP and the University of Pennsylvania along with a Health Insurance Portability and Accountability Act waiver. Each subject was scanned in the sagittal plane using the same imaging protocol from right lateral end to left lateral end under breathing conditions that are natural for the sub3
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Fig. 1. Cycle length statistics for (a) normal subjects and (b) TIS patients. The continuous curve depicts the median value for each subject; the box plot ends denote 25th
and 75th percentile values. “+” denotes outliers.

3.1. Respiratory signal extraction

Time sequence of slices Az for each z

We assume that there is a time varying anatomic body region B(t) (in our case, it is the entire region interior to the outer
skin boundary) whose domain is contained in a rectangular region  = X × Y × Z mm3 . For each subject,  is deﬁned and
ﬁxed by the imaging device xyz coordinate system. In practice,
X × Y is the imaging ﬁeld of view of the acquired 2D slices.
Our dMRI free-breathing scanning method produces a sequence of
slicesA = { fz1 ,t1 , fz1 ,t2 , ..., fz1 ,tM , fz2 ,tM+1 , ..., fz2 ,t2M , ..., fzN ,tN×M } representing a spatio-temporal sampling of  over a total scanning time
interval of [0, τ ] within which 240–560 cycles are covered. Each
slice fzi ,t j is acquired within a short time (~480 ms), when B(t) can
be assumed to be frozen in time/motion, such that zi ∈ Z and tj
∈ [0, τ ]. Note that in our protocol the z-axis is orthogonal to the
sagittal plane, typically N (the number of sagittal or z locations)
is 30 to 40, meaning that slices are acquired for N sagittal slice
locations, and the number of time points M for each sagittal location is usually 80. The +y direction is caudo-cranial, +x direction
is postero-anterior, and the +z direction is right to left. For convenience, we will denote the sequence of slices associated with a
speciﬁc z-location by Az = { fT1 , fT2 , ..., fTM }, z = z1 , z2 , …, zN , and
T1 , …, TM denote the time instances associated with the slices in
Az . Since there is no time coordination among slices in A, it constitutes an uncoordinated spatio-temporal sampling of  over the
time interval [0, τ ]. In other words, the respiratory phases of the
slices in the two time sequences Azi and Az j associated with any
two distinct z-locations zi and zj are not synchronized. Our approach actually constructs one cycle for each z-location such that
the constructed cycles for any zi and zj are in synchrony.
In this step of the approach, processing of the time series Az is
done independently for each z to output a respiratory signal depicting all potential cycles in each Az . There are three sub-steps
employed in this part: body region identiﬁcation, optical ﬂow estimation, and optical ﬂux derivation, as described below.

1. Respiratory Signal Extraction
- Body region identification
- Optical flow estimation
- Optical flux derivation

Loop on z

Optical flux function
2. Analysis of Cycles
- Extraction of cycles
- Measurements from cycles
- Filtering cycles
Normal cycles
3. 4D Image Formation
- Alignment of cycles
- Resampling cycles
One constructed cycle for each z, and a 4D image
Fig. 2. The framework of the optical-ﬂux-based 4D construction approach OFx.

the breathing cycles constructed from every sagittal location are
normal and synchronized, then eventually the ﬁnal constructed 4D
image will have good spatial continuity. The strategy of the whole
method can be summed up simply as follows: Each sagittal location proposes a constructed synchronous normal cycle independently, all of which together will constitute the ﬁnal constructed
4D volume.
The overall 4D image construction approach, depicted schematically in Fig. 2, consists of three main steps: (i) Respiratory signal extraction; (ii) Cycle analysis; and (iii) 4D image formation. In
the ﬁrst step, we derive optical ﬂux information, which can be regarded as a respiratory surrogate, from the time-series of slices associated with each sagittal location and extract all potential cycles.
In the second step, we conduct a full analysis of these cycles at
each location based on the ﬂux data and extract all near-normal
cycles. In the third step, we align all near-normal cycles to one
canonical respiration model and propose one cycle for each location independently. These proposed cycles are ﬁnally combined
from all locations to form the ﬁnal 4D image volume. We will examine these steps in detail in the rest of this section.

3.1.1. Body region identiﬁcation
Our goal is to infer the pseudo-periodic motion of the tissues
due to respiration within the body region B(t) from the sequence
of slices Az at each speciﬁc z-location. To avoid background noise
outside the body region in the images inﬂuencing the estimation of
ﬂux, we ﬁrst roughly segment the body region in the given image
sequence Az , as illustrated in Fig. 3. For the body region in a slice
fTi of Az as shown in Fig. 3(a), we will denote the segmented body
region by Ri as illustrated in Fig. 3(c). All subsequent operations
will be conﬁned to the segmented body region Ri .
4
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Fig. 3. Illustration of body region segmentation via thresholding. (a) An original MRI slice from Az . (b) Binary image after thresholding the image in (a). Binary image after
opening followed by closing operations.

borhoods of each pixel p = (x, y) are similar.

It is rather straightforward to segment the body region via
thresholding followed by morphological opening and closing operations. The binary image after thresholding the image in Fig. 3(a)
is shown in Fig. 3(b), and the ﬁnal segmented result is shown in
Fig. 3(c). We can see that the body region has been segmented
very well. We emphasize that precise segmentation of the body
region is neither the goal nor a necessary requirement since minor inaccuracies will not inﬂuence ﬂux estimation. We estimate
threshold θ 1 experimentally and ﬁx it at 10 0 0. We use a structuring element consisting of the 4 edge-adjacent neighbors for one
opening operation followed by a 24-neighbor (within the 5 × 5
neighborhood) structuring element for one closing operation. We
have examined the body region segmentation results for all data
sets used in this paper and conﬁrmed that the method works very
robustly in the above sense.
In Section 4.1, we will demonstrate that optical ﬂux estimated
for region Ri is largely not inﬂuenced by the size or shape of Ri .

 
u

v

−

⎣

−
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 ∂ ft (x,y) ⎦.

(4)

∂t

3.1.3. Optical ﬂux of body region
Flux is a property associated with a region in a vector ﬁeld introduced by Maxwell (Maxwell, 1881). It represents the net “outgoingness” for that region. One typical application of ﬂux is in electric ﬁelds. For a dipole (a pair of electric charges of equal magnitude but opposite sign separated by a small distance), the electrostatic potential ﬁeld it generates is typically as shown in Fig. 5. As
we can see, the ﬂux (net outgoingness) of any region like A (including the +ve charge) will be positive, the ﬂux of a region like
B (including a -ve charge) will be negative, whereas the ﬂux of a
region like C (without containing any charges) will be zero. For region D, which includes both +ve and -ve charges, the ﬂux going
into and out of D are the same and hence its net outgoingness will
be 0.

(2)
where ε denotes residual sum over higher order terms in the series. If we divide throughout by t, the ε /t will tend to 0 when
t tends to 0 and the above equation leads to

∂ fTi
∂ fTi
∂f
u+
v + Ti = 0,
∂x
∂y
∂t



The mechanism of optical ﬂow generates a vector ﬁeld Vi (p):
Ri → R2 , which is a mapping from the discrete body region Ri in
2D image plane to the vectors in the 2D space R2 corresponding
to time instance Ti . In other words, to every pixel p = (x, y) in Ri
identiﬁed in slice fTi , we assign a vector (u, v)t which indicates the
velocity vector at p at time Ti .
Since we estimate optical ﬂow based on the identiﬁed discrete
body region Ri , the OFx process reduces the impact of background
noise from outside the body region inﬂuencing analysis within the
body region. This idea is crucial for capturing the motion of lungs
and hemi-diaphragms precisely. Two examples of optical ﬂow estimated within the body region Ri are shown in Fig. 4. In Fig. 4(a),
the two time-adjacent slices are in the inspiration phase. The optical ﬂow vector ﬁeld in this case generally points outwards the
body region boundary. In Fig. 4(b), the two time-adjacent slices
are in the expiration phase, and the vector ﬁeld points inwards
as shown. From a close scrutiny of all data sets, we observed that
optical ﬂow can capture the non-rigid local movement within the
body region precisely and robustly. This robust means of estimating optical ﬂow led us naturally to formulate optical ﬂux as a respiratory surrogate.

With the assumption of small motion from Ti -1 to Ti , by Taylor series expansion,

fTi (x + x, y + y ) = fTi−1 (x, y ) +

=⎣

⎡

3.1.2. Optical ﬂow estimation
The mechanism of optical ﬂow assumes that the motion under
consideration at every pixel (x, y) is small in going from slice f Ti−1
at Ti -1 to slice fTi at Ti . This leads to the image constraint equation
shown below where t = Ti – Ti -1 and (x+x, y+y) denotes a
pixel neighboring pixel (x, y).

fTi (x + x, y + y ) = fTi−1 (x, y ).

⎡

(3)

x y t
where (u, v )t = ( 
t , t ) denotes the velocity vector with its horizontal (antero-posterior) component u and cranio-caudal component v at pixel p = (x, y) at time t = Ti . We employ the Lucas–
Kanade method (Lucas and Kanade, 1981) to solve for u and v
based on the assumption that the optical velocities in local neigh-
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Fig. 4. Examples of optical ﬂow and ﬂux within the body region in (a) inspiration and (b) expiration illustrated for two consecutive slices in a time sequence Az .

Fig. 6. Optical-ﬂux curve z (Ti ) derived from the dMRI scan Az of a normal pediatric subject for one z location.

Fig. 5. Illustration of the concept of ﬂux. Flux for the three depicted regions A, B,
and C are positive, negative, and 0, respectively. Flux for region D, which includes
both A and B, is also 0.

at most pixels in Fig. 4(b) is negative, as depicted by the blue end
of the color scale. The total outgoingness for body region Ri corresponding to time point Ti (and slice location z), which we will
term optical ﬂux z (Ti ), is simply an integral of divergence over Ri .

In our case, we have the vector ﬁeld Vi (p) generated by the
mechanism of optical ﬂow to capture the motion of the tissues
within the body region Ri as explained above and depicted in
Fig. 4. Although the notion of ﬂux is applicable to any region
within the slice domain, our focus will be the segmented body
region Ri . During inspiration, chest wall and diaphragm move outward with respect to the lung tissues, which is reﬂected in the outward direction of the vectors in Vi (p) as shown in Fig. 4(a). (From
the electric ﬁeld analogy, this situation is as if there is positive
electric charge inside the body region and negative charge outside.)
Toward the end of inspiration, this outgoingness will gradually decrease and reverse during inspiration when the vectors will change
direction to orient generally inwards corresponding to the inward
motion of the chest wall and diaphragm, as in Fig. 4(b). (Analogously, the interior positive charge gets gradually depleted toward
the end of inspiration, with a reversal of charge to negative inside
and positive outside during exhalation.)
The method to derive ﬂux from the vector ﬁeld is through the
concept of divergence, div(Vi ), (or derivative) of the vector ﬁeld
Vi (p). Divergence (Korn and Korn, 20 0 0) at a point (pixel) p in Vi
is a local measure of outgoingness at p. In other words, it denotes
the amount (a scalar) of outward ﬂux locally within an inﬁnitesimal volume (area) around p.

div(Vi ) = ∇ · Vi =

∂ ∂
,
∂x ∂y

t

· (u, v )t =

∂ u ∂v
+
∂x ∂y

z (Ti ) =

p∈Ri

div(Vi ( p)).

(6)

As we can see, the optical ﬂux for the inspiration phase depicted
in Fig. 4(a) is positive and that for the expiration phase in Fig. 4(b)
is negative1 .
After estimating optical ﬂux for each time point Ti in Az based
on adjacent time slices in Az as expressed by Equations (1)–(6), we
derive an optical-ﬂux curve z (Ti ) associated with Az as shown in
Fig. 6, which can be regarded as a surrogate to respiratory signal
associated with sagittal slice location z. Notably, optical ﬂux can
represent the respiratory signal remarkably accurately!
From the deﬁnition of ﬂux, we can see that it is an indicator to
measure the total "outgoingness" of a certain region in the vector
ﬁeld. For the optical ﬂow ﬁeld, ﬂux can represent the total amount
of movement outwards or inwards with respect to the region. In
this case, movement is mainly caused by air entering or leaving
the body. The magnitude of movement is highly correlated with
the amount of breathing. Therefore, from another perspective, the
optical ﬂux can be also regarded as the air ﬂux entering or leaving
the human body. In summary, the body region Ri as the reference
region for estimating ﬂux is simple and effective. In Section 4.1,
we will examine if and how the size of the body region may affect
z (Ti ).

(5)

The divergence map (divergence value at each pixel) for the optical
ﬂow vector ﬁeld is shown in the Divergence part of Fig. 4. Notably,
the divergence at most pixels in Fig. 4(a) is positive, as indicated by
the red end of the color scale. On the other hand, the divergence

1
The unit of measurement for ﬂux is mm/second. The values shown in Fig. 4 are
in mm per unit time slice. Since our time slices are roughly 480 msec apart, these
ﬂux values should be divided by 480 to express them in physical units.
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Fig. 7. EI and EE points detected on the ﬂux curve z (Ti ) derived from the dMRI
scan Az of a TIS patient.

Fig. 8. Cycles detected on the ﬂux curve z (Ti ) derived from the dMRI scan Az of a
TIS patient.

3.2. Analysis of Cycles

3.2.2. Deriving features from cycles
In natural breathing, the patterns of movement are quite varied
and complex. After closely studying these patterns from 10 0 0 s of
cycles in our data set, we arrived at 4 major rules that characterize
respiratory movement as described below. These rules guide us to
deﬁne the features that will be used to distinguish between normal and abnormal cycles.

Typically, Az includes 10–15 cycles in the z (Ti ) curve associated with Az . Some of these cycles are near-normal, constituting tidal breathing, and others are abnormal, representing shallow or deep breaths, etc. In this step, for each time sequence Az
corresponding to each z location, the goal is to output the set of
“normal” cycles contained in z (Ti ), denoted Cz = {c1 , …, cm },
and the associated set of subsequences of time slices in Az , denoted Sz = {s1 , …, sm }. Toward this end, we (i) ﬁrst identify the
End-Inspiration (EI) and End-Expiration (EE) time points (Fig. 7) in
z (Ti ) and identify all cycles in z (Ti ); (ii) derive features from
cycles to help classifying them as normal or abnormal; and (iii)
classify cycles, based on features, and ﬁlter out abnormal cycles to
output Cz and Sz . These individual steps are described below.

1) Rule 1: The tidal volume is the most important feature to distinguish between normal and abnormal cycles. Typically, there
are 8–14 cycles in one acquired sequence of slices (Az ). Normal
cycles always have a stable tidal volume but abnormal cycles do
not. For example, tidal volume of deep breathing cycles will be
much greater and that of shallow breathing cycles will be much
smaller. Reﬂected in the signal, the tidal volume for a sagittal
location over a cycle is the sum of the optical-ﬂux of all time
points in the cycle. This rule alone can distinguish most abnormal cycles in the signal from normal cycles, but to make the
analysis more detailed so border-line cycles are also detected,
we have included additional rules.
2) Rule 2: In very few breathing cycles, hesitation seems to appear
during tidal movement. For example, when breathing moves towards inspiration, the breathing pauses suddenly and a slight
exhalation takes place (it is too short to be considered a cycle),
but then quickly returns to the inspiration process. Reﬂected in
the breathing signal, this will show one or more peak(s) or valley(s). The impact of this kind of cycles on construction is low
and very few such cases exist.
3) Rule 3: The relationship between the inspiratory tidal volume
and the expiratory tidal volume can also be regarded as a feature that distinguishes abnormal cycles. Their ratio in the normal cycle should be ~1, but the ratio in the abnormal cycle will
be much smaller or much larger. When we evaluate absolute
tidal volume, Rule 1 already covers this situation to some extent. Here we use it as an additional rule to make our analysis
more reﬁned and robust.
4) Rule 4: Some cycles may have an abrupt stop at the end of inspiration. Some cycles may stay for a while at the endpoint. Although these cycles can be considered normal cycles (if their
volumes in Rule 1 are acceptable), we can use this rule to determine which cycle is more normal. This phenomenon is re-

3.2.1. Extraction of cycles
The goal of this step is to identify EI and EE time points in
z (Ti ) and thereby partition z (Ti ) into respiratory cycles. If all
respiratory cycles are near-normal as in the example in Fig. 6, we
can detect EI and EE points easily depending on the zero-crossings
of the ﬂux curve. However, Az typically contains abnormal patterns. An example is illustrated in Fig. 7. Notably there are shallowbreathing or breath-holding patterns with z (Ti ) hovering around
0. After examining images manually, we found that the reason for
the ﬂux curve appearing irregular was not due to any deﬁciencies
with the concept of ﬂux or its estimation, but was instead due to
the real breathing motion pattern, where the ﬂux curve truly portrays it.
To detect EI and EE points, we ﬁrst ﬁnd all peaks on the z (Ti )
curve and then ﬁlter out peaks with values close to 0. The ﬁnal
detected peaks are shown in Fig. 7, represented by triangles. Then,
following the time sequence, we ﬁnd the last time point (slice)
with positive ﬂux after each peak as an EI point and the ﬁrst slice
with negative ﬂux before each peak as an EE point. The detected
EI-EE points are displayed in Fig. 7.
With the detected EI-EE points, we can extract all cycles in Az
by just following the EI-EE sequence and simply taking the subsequence of time points from one EE point to the next EE point in
the sequence as one cycle, as shown in Fig. 8.
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ﬂected in the signal as the time distance from the peak to the
endpoint.

After substituting these 2 cases into the function model, we can
solve for parameters P1 and P2, which come out to be -0.5479 and
-0.3443, respectively. The ﬁnal form of L1 , as depicted in Fig. 9(a)
will be:

To implement these rules (Rule 1-Rule 4), we derive the following features from each cycle identiﬁed in z (Ti ).
Flux volume during inspiration (F1) and expiration (F2): F1 is deﬁned as the sum of the ﬂuxes z (Ti ) associated with the time
points Ti corresponding to the inspiration phase of the cycle. F2 is
similarly deﬁned for the expiration phase of the cycle but by taking only the magnitude and ignoring the sign. [F1 + F2] represents
the total ﬂux for the cycle.
Number of peaks (F3) and valleys (F4): These features express the
degree of smoothness of the respiratory motion of the cycle. Since
the instantaneous ﬂux z (Ti ) represents the speed of motion of the
body region Ri at time Ti , the smaller F3 and F4 are, the smoother
will be the motion of Ri within the cycle. Ideally, we should have
one peak and one valley in a cycle. In the example displayed in
Fig. 8, the ﬁrst cycle has 2 peaks and 2 valleys, the 3rd cycle has 1
peak and 1 valley, and the 4th cycle has 3 peaks and 3 valleys.
Time distance between peak and EI time points (F5): It also represents the smoothness of the movement in the cycle. It denotes the
time taken from the fastest positive speed to change to a negative
speed. In Fig. 8, the distance is 2 for the 2nd cycle and 0 for the
3rd cycle.



L2 ( x ) =

P3
+ P 5,
x + P4

(10)

where P3, P4, and P5 are the parameters of the model. When
x = 2, L2 should be 0. As x → 30, we would like L2 → +∞. Considering the number of time points in a cycle, x = 30 is large enough
where L2 (x ) should approach +∞. As with L1 , we deﬁne the tolerable boundary to normalize the loss to [0, 1]. When x = 4, L2 = 1.
Because the normal respiratory cycle contains only one peak and
one valley; 4 is the tolerable boundary for normal cycles. Thus, our
conditions are



x = 2 ⇒ L2 ( x ) = 0
x = 30 ⇒ L2 (x ) = +∞
x = 4 ⇒ L2 ( x ) = 1.
(11)

After substituting these 3 cases into the function model, we can
solve for P3, P4, and P5, which yields P 3 = −364, P 4 = −30, and
P5 = -13. The ﬁnal deﬁnition of L2 , as depicted in Fig. 9(b), will be

1) L1 : This loss function follows Rule 1. First, we deﬁne Fm as
the median of cycle volumes [F1 + F2] over all cycles in the
signal associated with each z location. Then variable x is deﬁned as the ratio x = (F1 + F2 - Fm)/Fm. The greater this ratio,
the deeper the breathing is in this cycle. The smaller the ratio,
the shallower is the breathing. The best case is when the ratio is zero. The loss should increase exponentially as the ratio
increases in the positive direction and increase exponentially
with a negative exponent as the ratio becomes more negative.
Therefore, we deﬁne L1 (x) via an exponential model as follows:

L2 ( x ) =

364
− 13.
30 − x

(12)

3) L3 : This loss function follows Rule 3. Here we deﬁne x =
|F 1 − F 2|/(F 1 + F 2) and L3 to exponentially increase with x. But
unlike L1 , x cannot be too large since lung vital capacity is limited. Therefore, we formulate L3 as an inverse function of x as

L3 ( x ) =

(7)

P6
+ P 8,
x + P7

(13)

where P6, P7, and P8 are parameters of the model. When x = 0, L3
should be 0. Also, as x → 1 we would like L3 → +∞. For the tolerable boundary, when x = 0.2, L3 = 1. In normal cycles, inspiration
and expiration volumes should be almost the same, 0.2 is the tolerable ratio for normal cycles. Thus, our conditions are

where P1 and P2 are the model parameters. Clearly, when x = 0,
L1 = 0. We normalize the loss range to [0, 1]. We also deﬁne the
tolerable boundary based on experience. When x = 0.7, we would
like L1 to be 1. This means x = 0.7 is the acceptable boundary of
the normal breathing cycle, which is normalized to 1. The reason
for using 7 as the base is that we wish to adjust the ratio of the
positive (deep breathing) and negative (shallow breathing) parts
of the function2 . Shallow breathing has little effect on the subsequent construction process, which should be assigned a smaller
loss. Thus, our conditions are



x = 0 ⇒ L3 ( x ) = 0
x = 1 ⇒ L3 ( x ) = +∞
x = 0.2 ⇒ L3 ( x ) = 1.

(14)

After substituting these cases into the model, we arrive at P6 = -4,
P7 = -1, and P8 = -4. The ﬁnal model of L3 , as depicted in Fig. 9(c),
will be



x = 0 ⇒ L1 ( x ) = 0
x = 0.7 ⇒ L1 ( x ) = 1.

(9)

2) L2 : This loss function follows Rule 2. The number of peaks
and valleys is x = [F 3 + F 4]. Based on our cycle extraction process, x ≥ 2. As x increases, L2 should also increase exponentially.
However, x cannot grow indeﬁnitely. When x approaches a certain value, we would want L2 → +∞. So, the model for L2 can
be chosen to be:

3.2.3. Filtering cycles
We design four loss functions L1 -L4 corresponding respectively
to the 4 rules as explained below. First, according to the characteristics of each rule, we choose a parametric function such as linear,
hyperbolic, exponential, etc. Second, we solve for the parameters
of the functions based on the rules.



L1 (x ) = 7x+P1 + P 2,



L1 (x ) = 7x−0.5479 − 0.3443.

(8)

L3 ( x ) =

2

We found that when employing the commonly-used 2 as the base, the value
of L1 is not much different when x is positive vs. when x is negative; for example,
when x = 0.7, L1 (x) = 1, and when x = -1, L1 (x) = 0.8. But in fact, in the subsequent reconstruction process, shallow breathing has little effect on the quality of
the ﬁnal reconstruction result, while deep breathing does. Therefore, we need to
adjust the Loss values when x is negative to smaller values. Therefore, while keeping other conditions unchanged, we compared among the bases 2, 5, 7, and 10 and
observed that in the four functions, the curve does not change much when x is positive. However, the part where x is negative changes more drastically. From 2 to 5,
the loss value when x = -1 changes greatly, but from 5 to 7 and then to 10, the loss
value when x = -1 changes very little. Thus, we empirically choose 7 as the base.

4
− 4.
1−x

(15)

4) L4 : The design of this loss function follows Rule 4. By examining
all cycles, we found that F5 for most normal cycles is in the
range 0–3, with F5 = 1 and 2 being the best. To formulate L4,
we deﬁne x = F5. We would like L4 (x) to increase faster than
linearly with x and so deﬁne our model as a quadratic function,
with the symmetric point situated at x = 1.5, as

L4 ( x ) =
8

(x + P9)2 + P10
P 11

,

(16)
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Fig. 9. Loss functions L1 -L4 employed in ﬁltering cycles. Variable x denotes the feature combinations used in the deﬁnition of each loss function. Their counterpart linear
formulations L1 − L4 described in Section 4.2.1are also shown.

with P9, P10, and P11 as model parameters. For x = 1 and 2, L4
should be 0, and when x = 0, we would like L4 = 0.25. The tolerable boundary of L4 will be between 4 and 5 as shown in Fig. 9(d).
Thus, our conditions are



x = 1 ⇒ L4 ( x ) = 0
x = 2 ⇒ L4 ( x ) = 0
x = 0 ⇒ L4 (x ) = 0.25.

(17)

Again, solving for the parameters, we get P9 = -1.5, P10 = -0.25,
and P11 = 8. The ﬁnal model of L4 , as depicted in Fig. 9(d), will be

L4 ( x ) =

(x − 1.5)2 − 0.25
8

.

(18)

Since we have normalized the losses to [0, 1], 0 is the ideal value
for each loss function Li (c) associated with each cycle c and 1 is the
normalized tolerable boundary value. We combine them linearly as
in Eq. (19) such that w1 + …+ w4 = 1.
4

L (c ) =

wi Li ( c )

(19)

i=1

Fig. 10. An example of cycles for a ﬂux curve z (Ti ) derived from the dMRI scan Az
of a TIS patient together with the associated loss value of each cycle. The selected
“normal” cycles after ﬁltering are shown in bold.

From the goal of cycle analysis, Rule 1 is the most important
rule, the remaining being auxiliary ones. So, we set w1 = 0.7 and
the others such that they sum up to 0.3. The composite loss function L(c) assigns a score to each cycle c in [0, 1], 0 being the best
score and 1 being at the tolerable boundary for normal cycles. We
set a threshold θ 2 such that if L(c) ≥ θ 2, then c is considered to
be abnormal. Due to the complexity of human breathing, 1 is just a
fuzzy boundary. Therefore, we should set θ 2 between 0 and 1. We
ﬁx θ 2 at 0.4 experimentally since we observed that L(c) of most
abnormal cycles is greater than 0.4. A special case needs attention,
for a z location where there is no cycle with L(c) less than 0.4, we
select the cycle with the smallest loss as the normal cycle. Some
examples of cycles detected from a ﬂux curve together with their

L(c) values and the normal cycles resulting after ﬁltering are displayed in Fig. 10. The ﬁgure suggests that the ﬁltering method is
effective in weeding out cycles that are clearly abnormal.
3.3. 4D Image Formation
The ﬁnal output from the previous step is set Cz of normal cycles contained in z (Ti ) for each z-location and the associated set
Sz of image sequences. Note that Cz is determined for each z independently of other z-locations. This stance is intentional and makes
9
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Fig. 11. (a) Cosine model for normal respiratory cycle. Time instances from two different normal cycles (red and green) are mapped on to the model. The x-axis represents
respiratory phase and the y-axis denotes the ﬂux volume as a surrogate for the position of the diaphragm. (b) Time instances from all m normal cycles from a z-position
are mapped on to the model where the inspiration (red) and expiration (yellow) phases are shown in different colors. (c) A model cycle with equi-spaced time instances
marked by dashed lines for mc = 7, and the actual time instances selected (marked in red/ yellow) from the composite normal cycle czn in (b).

OFx general and, as we explain in Section 4, capable of handling
situations where we may wish to acquire dMRI time sequences for
very few z-locations and still be able to perform 4D construction
and analysis. However, it has so far completely ignored the spatial
contiguity in the z dimension. The purpose of this step is exactly
to handle this factor to ﬁnally form a 4D space-time image. This
goal is accomplished in three steps: (i) Modeling respiratory cycle.
(ii) Constructing one composite respiratory cycle czn per z-location
guided by the model based on all cycles in Cz . (iii) Resampling cycles czn for different z-locations to form the 4D image.

cles in Cz to the same model. This results in a single cycle czn and
the associated time sequence szn of slices, which is a subset of the
slices in Az . This process is illustrated in Fig. 11(b). Note that the
model facilitates aligning all cycles for z.3
3.3.3. Resampling cycles czn for different z-locations
Given czn and the associated time sequence of slices szn , for
z = z1 , …, zN , in this step, we ﬁrst obtain the minimum number
mc of time samples in the composite cycles czn over all z. Subsequently, from each cycle czn , we select mc time samples as maximally uniformly distributed over the cycles as possible. In other
words, we ﬁrst divide the model cycle into mc equal instances and
mark these time instances. The actual time instances for which
data were acquired that are closest to these marked ideal instances
are then selected from czn . This process is illustrated in Fig. 11(c)
for the case of mc = 7. This process yields a cycle czns and the
associated time sequence of slices szns for each z. Finally, the 4D
constructed image corresponding to the acquired data set A is obtained by simply compiling together the slices in the sequences szns
over all z.
OFx has an interesting and desirable theoretical property: Let
A1 and A2 be two dMRI acquisitions such that the z-locations for
A2 are a subset of the z-locations for A1 and the corresponding
constructed 4D images be I1 and I2 , respectively. Then I2 will be
a proper sub-image of I1 in the sense that the slices in I2 will be a
subset of the slices in I1 .
OFx as a process as a whole has only two key parameters:
Threshold θ 1 used for body region identiﬁcation and threshold θ 2
on the loss function L(c). The process for estimating these parametric values has already been described in this section.

3.3.1. Modeling respiratory cycle
The ventilation model of human respiration has been studied in
the past (Crooke et al., 2002; Low et al., 2005; Mols et al., 1999;
Quanjer et al., 1993). Seemingly, a trigonometric function (like cosine) can accurately model this phenomenon, even though normally there is a slight difference between the lengths of the inspiration and expiration phases. As such, some 4D construction methods have employed a trigonometric function with only one parameter as an approximation of the respiration model (Clough et al.,
2018; Uh et al., 2016). There are several reasons in support of this
approximation. First, typically the acquisition temporal sampling
frequency is not large enough to capture the details of this asymmetry, since only about 5–7 time points are sampled in one respiratory cycle. Second, for the subsequent analysis of the constructed
4D image for tidal volume estimation, it is more important to capture the slices at the EI and EE points than at other time points.
So, we adopt a cosine function as shown in Fig. 11 as the model.
Now, consider two different cycles ci and cj in set Cz . Since
slices are acquired under free breathing conditions, the number of
and the actual respiratory phases of sampled time points in ci and
cj will be generally quite different. However, once we perform a
cosine ﬁt to ci and cj , each separately, we will know within the ﬁt
cosine model, the exact phase of each time instance in the two cycles. This idea is illustrated in Fig. 11(a) where time instances from
two cycles are mapped on to a single cosine model. Note that the
basis for this idea is the use of ﬂux as a surrogate for respiratory
function. The ﬂux value for each time slice can be regarded as the
moving velocity of the slice. For each cycle c in Cz , we can estimate the moved distance from velocity for each time slice in c by
accumulation, which can be regarded as the tidal volume signal of
the slice in the cycle. For all cycles in Cz , we normalize the position signal from [min value, max value] to [-1, 1]. Following this
procedure, we can align all time slices of the cycles in Cz into the
cosine model as presented in Fig. 11(b).

Method Analysis
In this section, we will ﬁrst outline our evaluation strategies and metrics and then analyze the robustness of two key
steps in the whole methodology: (a) body region identiﬁcation
(Section 3.1.1) and (b) ﬁltering cycles (Section 3.2.3). We employ
ﬁve metrics as follows. Metrics (i) and (ii) are used for robustness
analysis, and metrics (ii)-(v) are used to evaluate the accuracy of
the 4D construction process from different perspectives, with (ii)
and (iii) referring to the temporal aspect and (iv) and (v) to the
spatial component. Experiments and results for the actual performance evaluation of the method is presented in the next section.

3
Possibly, the detected EE and EI points can also be used to measure phase
within each cycle by assuming that phase changes linearly from EE to EI and EI to
EE. The accuracy of this method will depend on hitting the EE and EI time points
accurately while acquiring data.

3.3.2. Constructing one composite cycle czn per z-location
To construct one normal cycle for each z-position, we simply
follow the above principle of mapping time instances from all cy10
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Fig. 12. Different body region deﬁnitions. R0 is the original Ri . R1-R3 crop the bottom part of R0 by 5%, 10% and 20% according to the height of R0. R4-R5 crop the top part
of R0 by 5% and 10% according to the height of R0. R0-R5 represent the entire trimmed body region within the skin boundary. The cropped MRI slice together with the
segmented binary body region displayed as an overlay is shown for each case of cropping.

Table 1
Error in detecting EI and EE time points (Eie ) for 25 normal pediatric subjects with different body regions R0-R5.

(i) PNC – Percentage of correctly identiﬁed normal cycles in the
ﬁltered set of cycles: Not all normal cycles at each z location are required, and in principle a few or even one normal
cycle is suﬃcient for obtaining 4D constructions. Yet, abnormal cycles may affect our 4D construction results especially
if they are grossly abnormal. Therefore, PNC is an important
indicator of the effectiveness of the ﬁltration process.
(ii) Eie – Error in detecting EI and EE time points: For a given
detected EE (correspondingly EI) time point t in a time sequence Az , we deﬁne the error in its detection Eie (t) as its
distance (in terms of the number of time points) from the
closest true EE (correspondingly true EI) time point.
(iii) Eto – Error in temporal order: This metric deﬁnes the number of time instances in a cycle that are out of cyclic order
as a fraction of the total number of time instances in the
cycle.
(iv) Ess – Degree of spatial smoothness: This metric deﬁnes spatial smoothness in the z dimension of the constructed 4D
image. For each time-instance of the 4D image, we select
one point at the middle of the hemi-diaphragm dome manually. These points will form a curve as a function of z. The
smoothness of this curve reﬂects the spatial continuity quality along z of our 4D construction. To quantify this smoothness, we ﬁrst ﬁt a spline function to the curve and then use
the mean of the absolute distance from the labeled points
to the ﬁtted curve as the smoothness factor Ess for that time
point.
(v) Esc – Degree of spatial continuity: This metric is similar to
Ess except that it is determined via a reader study wherein
a reader assigned a spatial smoothness score Esc on a 1 to 5
scale with the following meaning: 1 = the diaphragm region
is non-smooth overall; 2 = the diaphragm region at more
than 3 locations is non-smooth; 3 = the diaphragm region
at 2–3 locations is not smooth; 4 = the diaphragm region
at only 1 location is potentially out of order; 5 = the diaphragm region is smooth overall. A score is determined for
each time point by visualizing all z-location slices and checking the smoothness of both hemi-diaphragm regions.

Mean
SD

R0

R1

R2

R3

R4

R5

0.250
0.055

0.248
0.053

0.244
0.053

0.235
0.051

0.253
0.057

0.252
0.057

As can be seen from the results, the mean Eie value for each
trimmed case is ~0.25 which is much less than 1 time point. Additionally, for R0-R3, when the region contains less of the lower
abdomen, the results seem to get a little better. This is perhaps
now due to our focus on the real motion of interest. This analysis
vividly demonstrates that the ﬂux estimated from body region Ri
is a robust means of tracking respiratory motion.
4.2. Evaluation of the robustness of the method of ﬁltering cycles
There are three key factors deﬁning the ﬁltering process: the
form of loss functions L1 -L4 , weights w1 -w4 , and threshold θ 2. We
will examine these factors in turn in relation to ﬁlter robustness.
4.2.1. Choice of loss function models
In this section, we will demonstrate that the cycle ﬁltration process is robust and not very sensitive to the elaborate designs by
replacing the models used in the four loss functions expressed in
Eqs. (7)–(18) by simple linear counterparts, as illustrated in Fig. 9.
We will employ metric PNC to compare the accuracies of the two
ﬁltering processes. Here again, we established the ground truth by
labeling all cycles from 25 normal pediatric subjects (~10,0 0 0 cycles) manually as “normal” or “abnormal”.
In general, loss functions L1 -L4 can be replaced by any other
forms, including linear. As long as we comply with Rule 1 - Rule 4,
we basically obtain the same results. Eqs. (20)-(23) show the linear
counterparts, denoted L’1 , …, L’4 , which we arrived at by following
Rule 1 - Rule 4.



4.1. Inﬂuence of body region on detecting EE and EI time points
We cropped the size of Ri (Fig. 12) to study how this may inﬂuence the error Eie in detecting EE and EI time points. For each cropping condition, we perform the EI and EE detection experiment for
all 25 normal pediatric subjects, and obtain the mean and standard
deviation (SD) of the Eie value over all subjects, listed in Table 1,
and for each subject, depicted graphically in Fig. 13. The true locations of EE and EI points for all cycles (~10,0 0 0) were determined
by a trained technician.

L1 ( x ) =

10x
7
3x
− 10

L2 ( x ) =

x
− 1,
2

when x ≥ 0
when x < 0,

L3 (x ) = 5x,


L4 ( x ) =

x−2
4
1−x
4

(20)
(21)
(22)

when x ≥ 1.5
when x < 1.5.

(23)

When using loss functions L1 -L4 , PNC obtained over all 25 pediatric subjects was 98.88%, and for linear loss functions L’1 -L’4 ,
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Fig. 13. Error in detecting EI and EE time points. Mean Eie value over the cycles in each data set for 25 normal pediatric subjects with different body region deﬁnition (R0,
R1, R2, R3, R4, R5).

PNC = 96.79%. This demonstrates that the ﬁltering process is not
sensitive to parameters in L1 -L4 and is indeed very robust. The reﬁned designs based on L1 -L4 not only make the results a little better, but also make the method conceptually sounder.
4.2.2. Choice of weights w1 -w4
In the design of L1 -L4 , 0 is the ideal value and 1 is the normalized tolerable boundary value. Therefore, when weighting the
loss functions, we should not change their scale. The sum of w1 w4 should be equal to 1. These four parameters are set according to the importance of the 4 rules Rule 1-Rule 4. From our observation, we found that the actual settings did not matter much
once the spirit of the above meaning is satisﬁed. We varied the
weights within this meaningful range, like [0.4, 0.2, 0.2, 0.2], and
found that the resulting PNC over the 25 pediatric subjects changed
from 98.88% to 98.15%, suggesting that once their relative meaning
is maintained, the actual value chosen is not very sensitive to the
result.

Fig. 14. Variation of PNC as a function of θ 2.

on data sets. To evaluate the accuracy of the 4D construction process from different perspectives, we employ the four metrics described in Section 4: Eie , Eto , Ess , and Esc .

4.2.3. Threshold θ 2
The role of θ 2 is to ﬁlter out the abnormal cycles via thresholding the loss L(c). Since we have normalized the tolerable boundary
of L(c) to 1, θ 2 should be set between 0 and 1. Due to the complexity of human breathing patterns, 1 is really a fuzzy boundary.
When θ 2 is closer to 0, our attitude is conservative which yields
higher PNC , but the total number of ﬁltered normal cycles (NNC )
may be less. Conversely, when θ 2 is closer to 1, we are more liberal which leads to more ﬁltered cycles (NNC ), but PNC itself may
be lower. θ 2 is a trade-off between PNC and NNC . For the 4D construction process, as we pointed out, all normal cycles are not really needed, and a few or even one normal cycle per z location can
yield good results, although abnormal cycles may affect the ﬁnal
results. Therefore, PNC (accuracy of normal cycle detection) is more
important than NNC . Hence, we select θ 2 as 0.4 to keep PNC at a
high level. The relationship between PNC and θ 2 for the 25 subjects is depicted in Fig. 14. We can see that 0.4 is a good choice to
keep high precision of detecting normal cycles.

(i) Eie : Error in detecting EI and EE time points
The true locations of EE and EI points for all ~29,0 0 0 cycles (83
dMRI data sets × 35 z-locations × 10 cycles per location) were determined by a trained technician by visualizing an animation of
the cine sequence Az . Since our interest is only in normal cycles,
we focus on them for evaluating Eie . To understand the distribution of normal and abnormal cycles in our data sets, we display
in Fig. 15 these numbers separately for the normal pediatric subjects and TIS patients. A considerable fraction of the total number
of cycles is constituted by abnormal cycles – 9.92% for normal data
sets and 11.27% for the patient data sets. The number of normal cycles detected per z-location for the two data sets is 2 to 16 with a
mean value of 11.2 for normal subjects and 1 to 20 with a mean
value of 11.4 for patients. Fig. 16 summarizes Eie values for the two
data sets separately. The mean and standard deviation of Eie over
all data sets are found to be 0.25 ± 0.05 and 0.38 ± 0.16, respectively, for the two subject groups.
(ii) Eto : Error in temporal order

Experiments, Results, and Discussion

This metric deﬁnes the number of time instances in a cycle that
are out of cyclic order as a fraction of the total number of time
instances in the cycle. In the examples shown in Fig. 17, all cycles

We tested OFx on dMRI data sets from 25 normal pediatric subjects and 58 pediatric patients with TIS; see Section 2.1 for details
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Fig. 15. Distribution of normal and abnormal cycles in our data sets: (a) normal subjects and (b) TIS patients. Subjects and patients are ordered along the x-axis according
to increasing number of normal cycles.

Fig. 16. Error in detecting EI and EE time points. Mean Eie value over the cycles in each data set for (a) normal pediatric subjects and (b) TIS patients.

Fig. 17. Examples of temporal order/ disorder. The cycles in (a) and (b) are in cyclic order. The cycle is out of order at time instance 6 in (c) and at 2 in (d).

Fig. 18. Error in temporal order. Mean value of Eto over the cycles in in each data set for (a) normal pediatric subjects and (b) TIS patients.

have 7 time instances and 6 time intervals, the cycles in (a) and
(b) have all of their time intervals in the proper cyclic order, hence
Eto = 0, and the cycles in (c) and (d) have 1 interval out of order –
intervals 6 in (c) and 2 in (d) – and thus Eto = 1/6 for these cycles.
Fig. 18 summarizes Eto values for the two data sets separately. The
mean and standard deviation of Eto over all data sets are found to
be 2.7% % 2.3% and 1.8% % 2%, respectively, for the two groups.

ﬁrst ﬁt a spline function to the curve and then use the mean of
the absolute distance from the labeled points to the ﬁtted curve
as the smoothness factor Ess for that time point. Two examples are
shown in Fig. 19 for one time-instance– (a) with Ess = 0.226, and
(b) with Ess = 2.422 (both in pixel units). Note that in each example, for anatomic accuracy, the right hemi-diaphragm appears on
the left in the graph, the left hemi-diaphragm appears on the right,
and the graph depicts roughly the shape of the hemi-diaphragms
at the selected time point in a coronal section corresponding to
the chosen mid-point. Fig. 20 demonstrates the mean of Ess values
over all time instances for each constructed 4D image for normal
subjects and patients in our cohort. Several large spikes seen in
Fig. 20(b) corresponding to patients 20B, 41A, 59B, 173A, and 198B
happen to be due to patient movement during scanning. Notably
our method of evaluation caught those poor scan cases correctly.

(iii) Ess : Degree of spatial smoothness
This metric deﬁnes spatial smoothness in the z dimension of
the constructed 4D image. For each time-instance of the 4D image, we select one point at the middle of the hemi-diaphragm
dome manually. These points will form a curve as a function of z.
The smoothness of this curve reﬂects the spatial continuity quality
along z of our 4D construction. To quantify this smoothness, we
13
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Fig. 19. Pattern of change in the y-location of the mid-point in the right and left hemi-diaphragm domes: An example of a spatially smooth (a) and non-smooth (b)
construction.

Fig. 20. Degree of spatial smoothness. Mean of Ess values (blue) and Esc values (red) over all time instances in the constructed 4D image for each normal subject (a) and TIS
patient (b) in our data cohort.

rate in the two subject groups (Eto is statistically indistinguishable,
p = 0.08) notwithstanding the fact that the cycles in patients are
more complex. This is largely due to the accuracy of our detected
normal cycles and the method of forming one composite cycle using the model. (iv) Spatial continuity as determined computationally (Ess ) and manually (Esc ) correlate exceptionally well (Pearson
correlation = -0.74) suggesting that the computational method behind metric Ess is valid. The deviation of the estimated y-positions
of the hemi-diaphragm domes from a smooth ﬁt is much less than
one pixel as suggested by Ess .
Finally, in Figs. 21 and 22, we present exemplary slices from
a constructed 4D image of a normal subject and a TIS patient.
To save space, only selected slices through the right and left
lung (z-locations) are shown but with the full temporal resolution
achieved in the 4D construction. Two video sequences representing
visualizations of one 4D constructed image are available at here4
(a normal pediatric subject). The ﬁrst video animates the dynamics for each z-location over the respiratory cycle of the 4D image
and then loops over the z-locations. The second video animates the
spatial variation in the z-direction for each ﬁxed time instance and
then loops over the time instances over the respiratory cycle.
Applicability to dynamic CT (dCT): To test the applicability of
OFx to dCT images, we performed 4D construction on a dCT data
set gathered from a rabbit in connection with a small animal
model we have been studying to understand the phenomenon underlying TIS (Tong et al., 2019). The respiratory rate of the rabbit
was 37 cycles per minute, the orientation of the slice plane was
sagittal with a total of 124 sagittal locations, and the acquisition
rate of the slices was at 285 ms per slice for a total of 20 time
samples acquired in the time dimension. OFx was applied unmodiﬁed to this data set except for threshold θ 1 set to 800 to account
for the different modality. OFx successfully constructed a 4D im-

Excluding these poor scan cases, the mean and standard deviation
of Ess values over all data sets are found to be 0.50 ± 0.17 and
0.54 ± 0.25, respectively, for the two subject groups.
(iv) Esc : Spatial smoothness score
This metric is similar to Ess except that it is determined via a
reader study wherein a reader assigned a spatial smoothness score
Esc on a 1 to 5 scale with the following meaning: 1 = the diaphragm region is non-smooth overall; 2 = the diaphragm region
at more than 3 locations is non-smooth; 3 = the diaphragm region
at 2-3 locations is not smooth; 4 = the diaphragm region at only
1 location is potentially out of order; 5 = the diaphragm region is
smooth overall. A score is determined for each time point by visualizing all z-location slices and checking the smoothness of both
hemi-diaphragm regions. Fig. 20 displays the mean of Esc values
over all time instances for each constructed 4D image for normal
subjects and patients. The mean and standard deviation of Esc values over all data sets are found to be 4.6 ± 0.48 and 4.56 ± 0.98,
respectively, for the two subject groups.
From the above results (and others not shown), we make the
following observations: (i) The range and mean value of the number of time points in the constructed 4D image for the two populations were: [5, 9], 6.6; and [3, 13], 6.4. Thus, with the same
imaging protocol, not surprisingly, normal-subject data sets can
be constituted with higher temporal resolution than patient data
sets. A desirable feature of our approach is that as the number
of normal cycles included in the scan increases, the temporal resolution of the constructed image increases. (ii) As observed previously (Sun et al., 2019), manual labeling itself has a variability
of 0.34 ± 0.66 time instances, and thus, our Eie results statistically have a variability of 0.34 ± 0.15, which is statistically the
same (p = 0.98) as that from the reference manual method in locating EI and EE time points. Understandably, Eie for normal data
sets is less than that for TIS patients with statistical signiﬁcance
(p = 0.0 0 02) due to the higher complexity of the cycles in the latter data sets. (iii) The temporal order seems to be equally accu-

4
http://www.mipg.upenn.edu/Vnews/Materials/4D_video_sequences.pptxhttp:
//www.mipg.upenn.edu/Vnews/Materials/4D_video_sequences.pptxhttp://www.
mipg.upenn.edu/Vnews/Materials/4D_video_sequences.pptx
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Fig. 21. A display of slices selected from a constructed 4D image of a normal pediatric subject. Each column represents a z-location, and each row represents a time instance.

age with the following error metric values: Eie = 0.26; Eto = 1.77%;
Ess = 0.19; and Esc = 5. Analogous to Fig. 21 and 22, we display in
Fig. 23 some sample slices from the 4D constructed image for the
right and left lung.
Computational considerations: The computational time taken
per study for our method on a computer with Intel Core i7-8700
is as follows: Step 1 – Respiratory signal extraction: ~321 s; Step 2
– Analysis of cycles: 0.59 s; Step 3 – 4D image formation: 0.02 s.
Thus, the total time for fully automated 4D construction from one
dMRI scan data set is ~322 s.
Comparison with other methods: The only published methods that we are aware of that operate fully automatically
on free breathing slice acquisition data are (Clough et al.,
2018; Georg et al., 2008; Vázquez Romaguera et al., 2019;
Wachinger et al., 2012). The method in (Vázquez Romaguera et al.,

2019) extracts an ROI based on knowledge on the spatial distribution of the organ within the image, which is not robust for slices
in patients with abnormal cycles. Methods in (Clough et al., 2018;
Georg et al., 2008; Wachinger et al., 2012) extract respiratory signal based on manifold learning, but do not ﬁlter the abnormal cycles before alignment, which makes them susceptible to outlier cycles. Among published works, only (Tong et al., 2017) has demonstrated its ability to handle free-breathing dMRI acquisitions from
pediatric subjects, as compared to dCT from adult subjects addressed by all other approaches. These two factors are crucial since
the challenges in handling pediatric dMRI are much harder than
those for adult dCT due to lower image quality and the increased
complexity of the respiratory cycles. There are several key differences between our approach and that described in (Tong et al.,
2017). (i) (Tong et al., 2017) requires manually identifying EI and
15
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Fig. 22. A display of slices selected from a constructed 4D image of a TIS patient. Each column represents a z-location, and each row represents a time instance.

EE time points ﬁrst on all Az sequences which requires a substantial amount of human time. (ii) It formulates a weighted graph
where space and time continuity are nested to solve the optimization problem of ﬁnding the best 4D volume. Due to this nesting,
it cannot handle data sets when only a few slices at sparse zlocations are acquired. Such acquisitions are often helpful for estimating tidal volumes for patients who cannot tolerate long scan
times required by full scans. (iii) It does not identify and ﬁlter out
abnormal cycles, and hence, abnormal cycles in the data can affect the quality of the constructed 4D image or such data sets have
to be simply discarded. (iv) The proposed approach has two desirable properties which are not shared by (Tong et al., 2017): First,
as already pointed out, the temporal resolution of the constructed
image increases with the number of normal cycles in the data set.
Second, the existence of the theoretical property mentioned in Section 3, namely the image constructed from a sparse scan is a subimage of the image constructed from a full scan. In summary, the
proposed method has several strong features which are unique and
make it stand out among currently available approaches for 4D
construction.

such as CT and other MRI protocols. It is not speciﬁc to the TIS application illustrated in this work. With some changes, it can also
be applied to other dynamic and moving organs such as heart, upper airways, abdominopelvic, and musculoskeletal structures. (iii)
The 4D construction principle is independent of the number of zlocations, which implies that it can be employed even when imaging is done to gather only partial data and not the full set across
the chest, body region, or organ of interest. Recovering spatial continuity based on guaranteed temporal continuity is the fundamental premise of this approach. (iv) It has two desirable theoretical
properties – the image constructed from partial data being a subimage of the image constructed from full data; and the temporal
resolution increasing with the number of normal cycles included
in the scan. In fact, as the dMRI temporal resolution increases, in
the limit, OFx would converge to a perfect solution.
It should be noted that OFx is different from methods that employ body region area to derive a surrogate for respiratory signal.
The area measure is sensitive to errors in segmentation of the region and may require some user interactive help. Optical ﬂux is
insensitive to segmentation errors and is actually a measure of the
body motion due to respiration, not just of the outer skin surface
but also of the internal structures including the chest wall and
diaphragm. Structures with greater motion make correspondingly
larger contributions to optical ﬂux. An underpinning of OFx is that
it ﬁrst ensures time continuity and then restores spatial continuity while preserving time continuity. During normal breathing, the
motion depicted in Az for different z will be similar. Therefore, the
effectiveness of OFx will be guaranteed once similar normal cycles
are detected and the phase for each time instant in each cycle is
accurately identiﬁed.
One current gap in OFx is that if a time series Az does not contain any normal cycles (or if the method fails to ﬁnd any such cycles when the series actually contains normal cycles), it will fail

Concluding Remarks
In this paper, we present a novel approach, named OFx, for automatic 4D image construction from dynamic free-breathing MRI
acquisitions of the thorax based on the central concept of optical ﬂux. We believe that optical ﬂux is highly correlated with
the volume of actual gas exchange and hence acts as an accurate and powerful respiratory surrogate. The method has the following unique features. (i) It is fully automatic while not sacriﬁcing robustness to other impediments such as abnormal breathing
patterns. (ii) It is general. With minor changes (mainly relating to
body region identiﬁcation), it can be applied to other modalities
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Fig. 23. A display of slices selected from the constructed 4D image of a rabbit. Each column represents a z-location, and each row represents a time instance.

to form a 4D image. In our analysis of all 83 data sets, however, we did not encounter such a situation. Second, we believe
that the cycle ﬁltering approach may perhaps be improved via the
use of deep networks such as Long Short-Term Memory (LSTM)
(Hochreiter and Schmidhuber, 1997) which may help in salvaging
some near-normal cycles which our current rather conservative approach may fail to detect. Third, the cosine function utilized by OFx

may not be suitable to model a normal breathing cycle since the
inspiration and expiration phases are known not to be identical in
length. Notably, OFx is not dependent on the speciﬁc cosine function and so other more appropriate non-symmetric functions such
as a Rayleigh distribution (Wait, 1985) can be utilized in the future.
Our future goal is to adapt OFx to other modalities, body regions, organs, populations, and applications.
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