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Abstract—Primary ciliary dyskinesia (PCD) is a disorder
characterized by sinopulmonary disease arising from ciliary
motion defects in respiratory epithelia. An essential first step
in the diagnostic evaluation of PCD is the use of high-speed
videomicroscopy to analyze ciliary beat patterns in nasal epithelia
biopsies. This includes a quantitative assessment of ciliary beat
frequency (CBF, where CBF of < 11 Hz is referred to further
diagnosis), followed by a visual examination of ciliary beat
patterns to detect the presence of dyskinetic motions, such as stiff,
incomplete, wavy and others. Both procedures lack standardized
protocols, hence CBF is often counted manually by observing the
ciliary image frames in slow motion, while a manual examination
of beat patterns is subjective, cumbersome, and error-prone. We
are building automated image analysis methods to address this
problem. To this end, we report the use of image velocities
for measuring CBF and demonstrate the effectiveness of the
differential image velocity invariants, curl and deformation, in
deconvolving the various motion defects.

I. I NTRODUCTION
Primary ciliary dyskinesia (PCD) [1], [2] is a genetically
heterogeneous disorder characterized by sino-pulmonary disease, laterality defects (abnormal placement of organs in the
body), and male infertility. PCD is autosomal recessive [3], [4]
with an incidence rate of around 1:15000 in the Caucasian population. Defects in the structure and function of motile cilia,
the hairlike projections from cell surfaces, are associated with
a range of human diseases, including PCD, congenital heart
disease [5], [6], [7], polycystic liver and kidney disease [8],
and many others [9].
For diagnosing PCD it is a common practice on the clinical
side to assess for the effectiveness of mucociliary clearance,
and test for low nasal nitric oxide (nNO) levels [10], [11],
however this is unreliable with young children, and low
nNO is also seen in other pulmonary diseases. Transmission
electron microscopy (TEM) of ciliated epithelia can be used
to inspect defects in the ciliary ultrastructure and determine
ciliary orientation within cells [12], [13], however some of the
ciliary structures are difficult to detect due to low contrast [14].
High-resolution immunofluorescence is extremely useful and
can identify several subtle ultrastructural defects [15], but
it requires the cells to be fixed, making live observations
impossible. High-speed videomicroscopy has become one of
the more popular methods [16] for its simplicity and ability
to capture specific beat patterns that correspond to different
ultrastructural defects, and in practice it has become an essential first step in the diagnostic evaluation for PCD [17]. This

includes a (i) quantitative assessment of ciliary beat frequency
(CBF) and (ii) qualitative assessment of ciliary beat patterns
for abnormalities [18]. However, both these procedures suffer
from lack of a standardized protocol.
Ciliary oscillations are often counted manually by observing
the image frames in slow motion. This has also made such diagnostic assessments cumbersome, expensive, and error-prone,
and impossible to execute on a large-scale, as comparing
findings procured manually from different clinical centers is
difficult. In addition, for many patients PCD is diagnosed
much later in life when permanent lung damage has already
occurred [19]. Thus, early and accurate diagnosis using quantitative, automated methods can have a significant impact on
both short-term and long-term morbidity, as lung function can
be maintained, unnecessary ear, nose and throat surgery can
be prevented and lung transplants can be avoided [20].
We address the need for a standardized and accurate diagnosis of PCD with automated videomicroscopy analysis methods.
In particular, we report here our preliminary work on using
image velocities for measuring ciliary beat frequency and
differential image velocity invariants, curl and deformation,
for deconvolving the various motion defects. We approach the
task of automating ciliary beat pattern analysis as a problem
in dynamic texture analysis and synthesis [21]. Dynamic
textures–such as motion sequences of fire, smoke, water,
foliage or flowers in the wind, and crowds of people waving–
commonly exhibit some form of temporal regularity. Ciliary
beat patterns also constitute dynamic textures: the sweeping
motion consists of forward and backward stroke of the cilia
executed rhythmically across the surface of the respiratory
epithelium. Early on, Julesz (1962) observed that there is
a correlation between statistical and perceptual similarity of
(dynamic) textures [22]. Following this key observation, we
hypothesize that the perceptual correlates, e.g. wavy, stiff etc.,
derived from a visual inspection of ciliary motion videos
can be attributed to the fluctuations of stochastically-driven
harmonic oscillators, whose properties can be captured by
image velocity differentials.
II. DATA
Ciliated nasal epithelium was collected from volunteer
patients using curettage. The volunteers had been diagnosed
with cogenital heart disease (CHD) and heterotaxy, as a
consequence of which the patients often develop respiratory

issues. Thus, CHD associated with heterotaxy is hypothesized
to share a common etiology with PCD [23]. The ciliary nasal
tissue was suspended in small L-15 medium for videomicroscopy using a Leica inverted microscope (DMIRE2) with
a 100X oil objective under DIC optics. Several dozen digital
movies of cilia from a handful of patients exhibiting normal
and abnormal ciliary motion were recorded at 200 Hz at
room temperature using a Phantom v4.2 camera. These digital
recordings were then evaluated by a blinded expert panel [23]
in order to determine motion categories (stiff, wavy, etc). All
videos are in AVI format, are typically at least half a minute in
length, and are grouped according to manual expert labeling.
Two consecutive example frames from one video in the data
set can be seen in Fig 1. All videos are taken from this
top-down perspective, allowing us to analyze the cilia that
are effectively lying flat within the camera’s two-dimensional
plane of focus.
III. M ETHODS
A. Estimate image velocities
We invoke the standard brightness constancy assumption
I(x, y, t) = I(x + uδt, y + vδt, t + δt),

(1)

which states that the image intensity (or a filtered version of it)
I at pixel location (x, y) at time t is preserved locally for small
changes (uδt, vδt) observed in space in a small time interval
δt. Here (u, v) constitute the horizontal and vertical image
velocites, also called the optical flow, at (x, y). A gradient
constraint follows from the brightness constancy assumption
to combine spatial derivatives (Ix , Iy ) and temporal derivative
It with optical flow [24],
Ix u + Iy v + It = 0.

(2)

The gradient constraints pooled over a small neighborhood
around pixel (x, y) form an overdetermined system of linear
equations from which the optical flow is derived. We use
a variation of the classical optical flow algorithm suggested
by Black and co-workers [25] that incorporates a non-local
smoothness terms to integrate information over large spatial
neighborhoods.
Results: Fig. 1 shows two consecutive frames from an
abnormal ciliary motion sequence (panels A and B) and the
estimated optical flow in a vector form
p (C) and a color coded
diagram with flow amplitude a = (u2 + v 2 ) computed at
each pixel (D). It is possible that that the brightness constancy
assumption may not truly hold, as ciliary motions can cause
occlusion or cilia from overlapping cells might occlude one
another. We plan to investigate this issue in more detail in the
future.
B. Estimate CBF from motion amplitude waveforms
Before computing CBF, background pixels which are nearstationary, i.e. they exhibit small motion amplitudes over the
entire course of the video, are identified by applying a suitable
threshold on the variance of the amplitude distributions at each
pixel. The threshold is data-driven and operator independent.

Fig. 1. (A,B) Two consecutive frames of a ciliary motion video undergoing
abnormal motion. Optical flow computed with algorithm in [25]
√ is shown as
a (C) vector field and (D) color coded with amplitude a = u2 + v 2 and
angle τ = arctan(u, v).

After identifying pixels demonstrating motion between frames
(Fig 1), the amplitude waveform at each pixel is analyzed with
a discrete fourier transform and the peaks of the power spectrum are used to identify the dominant ciliary beat frequency
automatically.
Results: In Fig. 2 we show the results from estimating
CBF for the video in Fig. 1. Any frequency less than 3Hz is
suppressed and is shown in white along with the background
pixels. There are two dominant frequences: 6.7Hz and 13.3Hz
clearly visible in the motion video. The pixels on the cell wall
are mostly in blue indicating very little motion and some of the
medium surrounding the tips of the cilia is also in blue. Optical
flow measurements have been used before by Vozzi et al [26]
in computing CBF, however the flow fields are estimated at a
sparse set of pixels. Instead, we are computing a dense optical
flow field and providing a complete distribution of the ciliary
beat frequencies for a more quantitative analysis. It is worth
noting that there is much debate in the community on the use
of CBF in diagnosing PCD [17], [18] and it is generally agreed
that beat pattern analysis has more diagnostic value. Next, we
present a novel approach to beat pattern analysis.

C. Find differential image velocity invariants
Differential image velocity invariants [27] have been used
before to characterize and classify dynamic textures. We use
the well-known result from Koenderink and Van Doorn [28],
[29] showing how to decompose optical flow fields into first-

Fig. 2. CBF is automatically estimated from the peaks of the power spectrum
of the flow amplitude signal. CBF results here are for the video shown in
Fig. 1. CBF values are color coded at each pixel and the color bar indicates
CBF in Hz (the video was captured at 200Hz). The background pixels are all
shown in white color.

Fig. 3. Hypothetical motion at the tips of the cilia decomposed into two
simpler waveforms: circular plus downward translation. Curl, divergence, and
deformation can be derived from optical flow. The amount of curl in the
flow field in the left hand side above is exactly the same as that in the first
operand, but is zero for translation-only motion. These first-order differentials
are invariant to image rotation and translation, thus providing a quantitative
basis for discriminating ciliary motions.

Fig. 4. (frequency is plotted as a histogram for each property) We see
that there is good separation between the motion categories using curl and
deformation as features. Divergence is not shown, as its histogram shows
overlap between the various motion patterns, making its use as a discriminative
property negligible.

order differential components:
curl u = −(uy − vx ),
div u = (ux + vy ),
(def u) cos 2µ = (ux − vy ),
(def u) sin 2µ = (uy + vx ),

(3)

where the subscripted horizontal and vertical image velocities:
(ux , uy ) and (vx , vy ) correspond to spatial flow derivatives.
Curl, divergence (div) and deformation (def) capture spatial
distortions in the form of rotation, expansion (or scaling)
and biaxial shear, respectively. We hypothesize that even
ciliary motions can be approximated by these image velocity
gradients. As shown in Fig. 3, it is conceivable the beat
pattern at the tips of the cilia in the multi-ciliated epithelia
can be represented as a vector flow of two simpler waveforms:
circular plus downward translation. Curl, divergence, and
deformation are particularly convenient properties of the video,
as they are rotation and translation invariant.
Results: We run a first-derivative of a Gaussian filter (with
σ = 1) to compute the spatial derivatives of the optical flow
in the x and y directions and ignore information from the
background pixels identified earlier.
D. Use curl and deformation magnitude as motion signatures
We study the feasibility of distinguishing abnormal ciliary
waveforms seen in heterotaxy patients, described as wavy or
stiff, from normal ciliary motion seen in control individuals.
Our goal is to compute the differential invariants for all

the motion frames and study the probability distributions
summarized over all the pixels. Having removed the background pixels, we hope for the histograms to reveal features
characteristic to the motion type.
Results: We decompose labeled videos of different motion
types–normal, wavy, and so on–and calculate the CBFs of
the videos along with the image velocity invariants. The
histograms in Fig. 4 show the probability distributions for curl
(panel A) and deformation magnitude (B), for motion categories of stiff, wavy and incomplete, along with the controls
from three different inviduals. The most distinguishing feature
is the separation in the tails of the distributions. Stiff and
incomplete motions form the extrema of the distributions and
are easily separable. However, the wavy and control motions
overlap for a significant portion of the allowable curl and
deformation magnitudes. For robustness, we varied the sampling rate to observe that the curl and deformation magnitude
histograms are insensitive. We also observed that divergence
is not a good discrimant of the motion categories (data not
shown). The separation in the histograms is being caused
by the tails of the respective distributions, as a consequence
we expect a significant amount of motion data has to be
collected and analyzed before the tails become sufficiently
discriminative.
IV. C ONCLUSIONS AND F UTURE W ORK
We invoked brightness constancy assumption to estimate
image velocities from high resolution high-speed video mi-

croscopy of human airway ciliary motions. CBF was robustly
estimated from the periodic motion amplitude signal, thus
allowing easy automation of determining CBF. We characterized ciliary motions patterns using differential image velocity
invariants, curl and deformation magnitude. These quantities provided robust signatures for separating ciliary motion
classes. Therefore, we believe image velocity invariants can
be effectively used to deconvolve the complexities of human
airway ciliary motion, allowing not only the automation of
CBF estimation, but also an objective classification of different types of abnormal ciliary motion based on quantitative
parameters. Using this novel approach, we have been able to
distinguish abnormal ciliary motion previously described as
wavy, stiff, or incomplete stroke from patients with heterotaxy
vs. normal ciliary motion of healthy controls.
In the future, we plan to incorporate this strategy into a
diagnostic toolbox, a complete system that can be utilized
by clinicians for rapid and quantitative diagnosis of PCD.
Furthermore, we plan to expand upon the initial foundation of
using curl and divergence and will introduce low-dimensional
generative models of ciliary motion and test their effectiveness
on videos sampled at low-resolutions.
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