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Abstract

The use of the Optical Flow method is investigated for observation of intra-cellular Calcium
signaling in neural glia. Image sequences are captured for cells incubated with a Ca2+ fluorescent
dye, where increases in cytosolic calcium are indicated by an increase in image brightness. After
the cells are mechanically stimulated, they communicate with other connected cells, propagating the
change in calcium density and thus intensity. The optical flow technique is used to measure the speed
of the signal and understand the cellular connectivity and receptor placement, by determining signal
velocities at all points in the image sequence. We find that the signaling behaviour and functional
connectivity is highly complex, showing a wide range of signal propagation speeds and motifs.

1. Background/Motivation
The study of complex networks is a central pursuit in a wide range of fields, from biology to engineer-
ing to sociology, and determination of network connectionsfor large(> 100) systems is a difficult if
not intractable problem. With the recent development of Calcium sensitive dyes, signal propagation
through a network can be observed by capturing image sequences using fluorescence microscopy
following cellular stimulation. In the Silva lab at the Jacobs Retina Center (silva.ucsd.edu), we are
trying to understand network dynamics and information flow in glial cellular networks [1]. Within
the retina, glial cells function as helper cells to neurons,directing growth and removing by-products.
Recently, glial cells have been found to communicate with one another and with neurons in sponta-
neously growing networks [2]. Glial networks are of clinical importance, as they have been found to
interfere with neuron regeneration following injury.

2. Optical Flow Method
2.1. Theory and Methods
The optical flow method is most commonly used in estimating object motion between subsequent
frames. The method is based on the assumption that an object’s intensity does not change between
subsequent frames, and that image pixel intensity changes between frames can be explained in terms
of the movement of that particular object. Mathematically,the underlying assumption is that the
intensity of a pixelI(x, y, t) on an object is constant over short time periods:(dI

dt
= 0). Expanding

this in an image space, with a moving pixel yields the common optical flow brightness constraint
equation:

∂I

∂x

dx

dt
+

∂I

∂y

dy

dt
+

∂I

∂t
= 0
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Definingu = dx
dt

andv = dy
dt

as the local velocity components, the optical flow constraint equation
reduces to:

∇I · (u, v) = It

implying that a time change in intensity is the product of thelocal intensity gradient times the local
velocity. To solve for the local velocities, various constraints are proposed. Horn and Schunck [3]
impose a velocity smoothness constraint, and develop an iterative method by minimizing deviation
from the local velocity smoothness. A more effective methodfrom Lucas Kanade [4] implements a
weighted least-squares fit of local first-order constraintsto a constant model of a local(u, v) in each
small spatial neighborhoodΩ by minimization of the following expression:

∑

(x,y)∈Ω

W 2(x, y) [∇I(x, y, t) · (u, v) + It(x, y, t)]2

whereW (x, y) is a window function that can be made to favor center constraints. The solution to
the above equation becomes:

AT W 2A(x, y) = AT W 2
b

where, forn points(x, y) ∈ Ω, at a single timet,

A = [∇I(x1, y1, t), · · · ,∇I(xn, yn, t)]T

W = diag [W (x1, y1, t), · · · ,W (xn, yn, t)]

b = − [It(x1, y1, t), · · · , It(xn, yn, t)]T

Thus the solution to the velocity vectoru = (u, v) is:

u = [AT W 2A]−1AT W 2
b

Barron, Fleet and Beauchemin [5], show improved performance of this method over the original Horn
and Schunk iterative solution and was chosen here for analyzing glial signaling. The implementation
details are outlined in the methods section.

2.2. Application To Calcium Signaling
While the original intent of the optical flow equation was to determine the velocity field for rigid
objects in image sequences, we have found the method to be useful in characterizinginformation
flow in glial networks, when observing image sequences of changing Ca2+ concentrations in a field
of cells following stimulation. Glial cells communicate intracellularly through external ATP diffusion
and through gap junctions. As a result of this communication, Ca2+ is released in the cytosol mainly
from sources in the endoplasmic recticulum (ER) inside the cell and can be observed with a Ca2+ -
sensitive dye. Ca2+ is released quickly through channels that are activated andare afterwards pumped
out of the cytoplasm. It has been shown that Ca2+ diffusion inside the cell is minimal and Ca2+

stays local to the source before it is pumped back to the ER [6]. Ca2+ does affect the release of other
messengers that propagate the signal to other areas of the cell and to other cells. Thusinformation
flow is defined as spatiotemporal progression of the cycle of Ca2+ increase and decrease in visual
field. The direction and rate of propagation of the Ca2+ information flowis the result of the complex
dynamics of second messengers, and the non-homogenous location of receptors, gates, and pumps
inside the cell ultimately yield a moving Ca2+ transient through the cellular network.
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Figure 1: Line profiles for subsequent frames in selected region of astrocyte culture.

When observing the traveling Ca2+ transient, the rising edge will provide the highest spatiotem-
poral derivatives and will most affect the local flow field calculation. Because the uptake of Ca2+

is much slower than the release, the falling edge does produces a very small velocity component in
the calculation. This is illustrated in figure 1, where a series of intensity line profiles are shown for
several frames, showing the progression of the Ca2+ signal and subsequent activation of downstream
another cell. Figure 2 shows the source frames along with computed optical flow at each frame of
the same captured astrocyte culture sequence.

One of the limitations of the optical flow method is the aperture problem, where the flow field
estimation of large objects is incorrect inside the object,as there is no aparent intensity time change.
In observing Ca2+ signals, this problem is not encountered, as the Ca2+ transient is neither rigid nor
of constant intensity. Since the initial Ca2+ rising edge is of interest, a local optical flow calculation
suffices to produce a velocity estimate.

3. Characterization of information flow motifs
With a computed optical flow field for each frame in an image sequence, it is possible to label
different areas of the cellular network according to the observed pattern of information flow. We
have defined four distinct domains:

• Flow Generation. These are areas where information flow originates and accelerates. While
it is not to be confused as a source of Ca2+ , it is likely the region of the cell where the signal
originates.

• Flow Attenuation. In this motif the signal is decelerated, either as a point oras a barrier.
A flow attenuation areas are only an indirect indication, andcellular signaling may continue
beyond it, without direct observation of Ca2+ concentration.

• Flow Propagation. This is the key cell area where signal is propagated in a parallel fashion
most rapidly, without relative generation or attenuation.At a cellular level, this domain is a
likely indicator of cellular machinery responsible for relaying information within and between
cells.

• Flow Rotation. This domain can be thought of as areas around which information travels
circularily, or in opposing directions. A superposition ofmany of these areas indicates alternate
paths of information exchange within and between cells.
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Figure 2: Frames 114, 120, 126, 132, 138 of astrocyte network, shown with computed optical flow, using
a 2-frame step for computaton.
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Figure 3: Flow motif convolution kernels for an9 × 9 window. In clockwise order, starting from the
top-left corner:flow generation, flow attenuation, flow propagationshown with an example(1, 1) center
vector,flow rotation.

To identify areas in the visual field that exhibit each of these four domains, a vector field filter was
convolved with the optical flow field to obtain a response for each domain. This method is known
as the Clifford vector convolution, and enables a form of pattern matching in vector fields [7]. The
method is the convolution of the dot product of the flow fieldQ with the vector field filterV over the
regionΩ:

s(r) =

∫∫

Ω
< Q(ξ), V (r − ξ) > dξ

where the< A,B > is the dot product of vectorsA andB. The flow generation, attenuation, and
rotation vector fields were generated and are shown in figure 3. For the flow propagation domain, the
vector in the image at the middle of the convolution regionΩ populates equally the entire filter. Thus
vectors of large magnitude will yield a large signals(r) at pointr if it is surrounded by other vectors
of similar magnitude and direction.

Flow motifs can be characterized both for a flow field at a specific frame or the combined flow
field for the entire sequence, by obtaining a composite flow field from the sum of individual frame
flow fields. While only useful if information travels in only one direction for an individual area, the
composite vector field does improve the signal to noise ratioby the summation of individual frames.
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4. Experimental Setup
4.1. Cell Preparation
rMC-1 (rat Müller Cell) and astrocyte cell cultures of 80% confluency were washed twice with
Kreb-HEPES buffer (KHB) solution (10 mM HEPES, 4.2 mM NaHCO3, 10 mM glucose, 1.18 mM
MgSO4, 7H2O, 1.18 mM KH2PO4, 4.69 mM KCL, 118 mM NaCl, 1.29 mM CaCl2, pH 7.4) and
incubated with 5 M Fluo-4AM in KHB for 1 hr at room temperature. Excess dye was removed by
washing twice with KHB and an additional incubation of 30 minat room temperature was done to
equilibrate intracellular dye concentration and ensure complete intracellular esterification. Synchro-
nized calcium transients were initiated by mechanical stimulation of a single cell using a (0.5m i.d.)
micropipette tip (WPI Inc., Sarasota FL) mounted on a M325 Micrometer Slide Micromanipulator
(WPI Inc., Sarasota FL). Comparable data were obtained using ATP pharmacological stimulation,
although it was harder to ensure that only one cell was initially stimulated; therefore, only data and
results for mechanical stimulation are presented here.

Visualization of calcium indicator dye fluorescence was done using a 488 nm (FITC) filter on
an Olympus IX81 inverted fluorescence confocal microscope (Olympus Optical, Tokyo, Japan) that
included epifluoresence, confocal, phase, brightfield, andHoffman differential interference contrast
(DIC) modalities. Real-time movie recordings of calcium transient propagation was acquired at 5
Hz using a Hamamatsu ORCA-ER digital camera (Hamamatsu Photonics K.K., Hamamatsu City,
Japan) and Image-Pro Plus data acquisition and morphometric software (version 5.1.0.20, Media
Cybernetics, Inc., Silver Spring, MD). Image acquisition was executed at 16.4Hz using2×2 binning,
for a resultant672× 512 resolution with 12bit digitization. Astrocyte cultures were captured using a
10X objective, while Müller cell culture sequences were captured at 20X magnification.

4.2. Image Sequence pre-Filtering
Spatial filtering was accomplished using a3 × 3 Gaussian withσ = 0.5. Time filtering was not
employed, as it was computationally intensive, given the large image sequences, and was found to
have little effect on the final result. Calculations were performed at the raw 12bit image values. All
displayed images have been downconverted and colormapped subsequently.

4.3. Algorithm Parameters
An Ω window size of6 × 6 pixels proved to provide reasonable results. As figure 4 demonstrates,
smaller window sizes yielded larger maximum speeds at different frames, while larger window sizes
tended to converge to similar results. The larger windows smoothed out the noise in the data resulting
from the high gain setting on the camera. The weight matrixW was set as uniform, so each pixel
in the window is favored equally. Spatial derivatives were computed using the following2 × 2
convolution kernels:

Gx = 0.25

[

−1 1
−1 1

]

Gy = 0.25

[

−1 −1
1 1

]

Time derivatives were calculated using an averaged2 × 2 window difference between two frames.
Optical flow was calculated for an entire image sequence at various subsampling and choosing frames
spacing of 2 and 4 frames depending on individual cell signaling dynamics.
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Figure 4: Effect of optical flow algorithm window size on speed profile for a sequence. The smaller
window sizes yield higher speed profiles, while the larger window sizes provide a more accurate estimate
through averaging over a larger area. The maximum speed at each frame is shown, but the trend is
apparent over the entire frame speed distributions. Data isfrom Müller cell cultures, sampled with a
2-frame time interval.
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Figure 5: Computed optical flow for Müller cell culture. Quiver is sub-sampled and scaled by3× for
improved visibility.

4.4. Flow Field Characterization
For each of the vector filters, the flow fields was convolved to produce a signal image at each point.
Depending on the circumstances, regions in the image are thresholded at an arbitrary percentile of
the total signal window. These regions are shown as areas overlayed on the original captured frames
for clarity.

MATLAB was used for all calculations and diagrams.

5. Results and Discussion
Initial optical flow results show expected results in that the direction and the amplitude of the signal
match observed Ca2+ signal propagation. This is evident in figure 5, where the flowfield is shown
overlayed on the originating image of the Müller cell culture. The method can highlight differences
in speed of signal propagation, providing good results for an application where the motion is not real
and the subject is not solid. While the direction of signal flow is accurate, the algorithm can only
provide a relative measure of the of the speed magnitude and actual signal speed must be calibrated
for the individual situation.

Characterization of the different flow motifs is illustrated in figure 6. These results show help
highlight the locations of varying flow domains along the cell body, improving understanding of the
complex arrangment of factors that yield the observed signal. For Müller cells, the signal propagation
is very non-homogenous, and can start at any point on the cellbody, not necessarily the nucleus. In
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Figure 6: Delineated flow motif areas for Müller cell culture. Overlayed on representative frame are
areas that have been delineated for their respective motifs. Red regions are flow generation regions,
Blueflow attenuation, andgreenregions are flow transmission regions. For all domains, the highlighted
regions are the 95th percentile and higher of filter magnitude. The filters in figure 3 were employed for
the calculation.

astrocytes, the Ca2+ signal source is usually at the center of the cell body with the signal propagating
outwards and attenuating as it travels along cellular projections.

Combined with other experiments where cellular signaling factors are perturbed, these techniques
provide quantifiable data to determine the role of these factors in the overall signaling dynamic.

6. Conclusion and Future Work
We have demonstrated a novel application of optical flow to cellular signaling characterization.
While this method is successfully applied to glial cellularnetworks using Ca2+ senitive dyes, it
can be easily used with other cells and imaging modalities. For example, neuronal networks which
can be observed with voltage sensitive dyes, as well as with local-field potential electrode arrays [8]
can be analyzed in this fashion. Given enough spatiotemporal resolution, the optical flow method
can successfully applied to quantify observable biological signaling systems.
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Of future interest will be the expansion and development of this technique to include diffusion
with generation and consumption. If the system is understood well enough, the actual sources and
sinks of the observed substrate can be mapped along the cell bodies, by adding the effects of second
messenger gating on Ca2+ channels, cytosolic diffusion, and pumps. While mathematical Ca2+

transients have been modeled using combinations of partialand ordinary differential equations [6],
there is little correlation with experimental data, as the biological complexity tends to overwhelm
mathematical modeling. With further research and experimentation, modified optical flow techniques
can bridge the gap between mathematical modeling and laboratory experimentation.
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