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Abstract. Biopolymer networks provide mechanical integrity in many im-

portant environments in vivo ranging from the cytoskeleton within a cell to
the structural support of cells themselves in tissues and tendons. Rheolog-
ical studies have shown that they exhibit many unique material properties.
Modelling these properties requires a precise knowledge of how the individual
filaments in the network deform locally during a global deformation. Here, we
present an image processing method to track the three-dimensional motion of
a biopolymer network as a simple shear deformation is applied. We track the
structure of the network from one shear position to the next by determining
the displacement of each branch point using a cross-correlation. To illustrate
the use of this algorithm, we apply it to a fluorescently labelled fibrin network.

Introduction

Biopolymer networks provide mechanical integrity in many important environ-
ments in vivo ranging from the cytoskeleton within a cell to the structural support
of cells themselves in tissues and tendons. These networks are composed of protein
sub-units that polymerize into long fibers which self-associate to form the network
itself. To understand their behavior in the complex environment of a living organ-
ism, the material properties of biopolymers are routinely studied in the absence
of other proteins in vitro. Rheological studies characterizing the force required to
deform a biopolymer network have shown that they exhibit many unique material
properties, such as strain stiffening([SPM05] [BM14]). For many of these mea-
surements, the networks are subjected to a simple shear strain: the network is held
between two parallel plates and the top plate is translated while the bottom plate
remains fixed. Modelling the material properties of biopolymer networks requires
a precise knowledge of how the individual filaments in the network deform locally
during such a global deformation ([BM14]); however, there currently exist no ex-
perimental methods that quantitatively track the motion of individual fibers as a
network is deformed. Such a method is essential to directly test the validity of
current models and for the development of new ones.

Confocal fluorescence microscopy is a powerful technique to resolve the three-
dimensional structure of many biopolymer networks ([JMV10]). Networks in
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(A) (B)

Figure 1. A) A fluorescently labelled fibrin network before any
deformation is applied. B) The same region with an applied shear
strain.

which the average spacing between fibers is larger than a micron, such as those
found in bundled actin systems, collagen and fibrin are particularly amenable to
this technique ([BKC08] [MJL13], [JMV10]). Typically for this technique, some
of the protein sub-units are tagged with fluorophores that emit light when excited.
The acquired images are gray-scale with pixel values corresponding to the emitted
light intensities; thus, fibers appear as bright filaments on a dark background. To
image a three-dimensional region, a series of images is taken at increasing z posi-
tions where each image represents a cross-section of the network in xy; each such
series of images is referred to as an image stack. Such a procedure can be repeated
to capture the behavior of a network over time or in response to a deformation
([MJL13]). Previous studies have developed methods to extract the position of
fibers taken in a single image stack. Typically, they result in a one-pixel thick line
that follows along the axis of each fiber in the network. Amongst other terms, the
positions of the fibers along their axes is referred to alternatively as the skeleton,
medial axis, backbone or centerline ([KML12] [SVJ08] [MMJ] [XVH]). In this
paper, we refer to the results of such a method as the skeleton of the network. Yet,
despite the ability to quantitatively identify the structure of a biopolymer network,
no image processing methods exist to quantitatively track how the structure of a
network changes from one image stack to another. Such a method is imperative to
extract how the individual fibers in a network deform when sheared. From this we
could discern the physical principles underlying the unique properties exhibited by
biopolymer networks in vitro, thus broadening our understanding of their behavior
in the more complex environment of a living organism.

Here, we present an image processing method to track the three-dimensional
motion of a biopolymer network as it is sheared. The data is assumed to be in
the form of image stacks that are taken at several time points as the network is
increasingly sheared (see Fig. 1).We first extract the three-dimensional skeleton
of the biopolymer network using existing techniques and subsequently apply our
method. We find that network branch points represent unique features and utilize
this to track the structure of the network from one shear position to the next. We
demonstrate this method for a fluorescently labelled fibrin network.
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(A) (B) (C)

Figure 2. An illustration of typical variations that occur during
skeletonization. Intersecting fibers are shown in light gray, the
identified branch points are shown as red dots and the skeleton is
indicated as a black line. A) One possible skeletonization where
one branch point is identified. B) A second example illustrating
how two branch points can easily be identified instead of one. C)
A skeletonization where the branch point is located at a slightly
different position as compared to the branch point in A.

The Method

Overview of the Tracking Algorithm

One approach to tracking a network would be to identify the skeleton of the
network at every time point and then determine how one skeleton must deform to
assume the position and shape of the subsequent one. In practice, such a method is
difficult to implement because the results of a skeletonization algorithm are subject
to some variations when performed on two datasets. For instance, a node repre-
senting the junction of four fibers may sometimes be skeletonized properly as the
junction of four fibers, but is also likely to be skeletonized into two T-junctions
connected by a small fiber (see Fig. 2B). Similarly, the exact location of a node
may change slightly each time the data is skeletonized (see Fig. 2C). These types
of artifacts make the process of finding the proper correspondence between a net-
work skeletonized at two different time points very difficult. Instead of using such
an approach, we utilize the fact that under most circumstances associated fibers
remain bound, do not break and do not associate with new fibers as a network is
deformed ([MJL13]). This entails that the network topology remains fixed. There-
fore, our algorithm is not concerned with extracting the three-dimensional network
structure; rather, once a structure has been identified, this algorithm determines
how the structure deforms over time. We achieve this by skeletonizing the network
in the first time point. After which, we find the displacement of the network to
each subsequent time point using a method based on cross-correlations of the gray-
scale values of three-dimensional regions centered around feature points. We track
nodes that are the junctions between three or more fibers during the deformation;
physically, these nodes represent branch points in the network.

Our approach can be summarized as follows (see Fig. 3). We identify the initial
three-dimensional skeleton of the network and all its node positions. We denote
each node by its linear index, i. The gray-scale voxel region around each node
at the initial time point represents the feature to be tracked (denoted, fi). For
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Figure 3. Algorithm flow chart

each time point t and node i, we select a voxel search region where we expect the
node to be located, si(t). We cross-correlate fi with the search region, si(t) . The
location at which the value of the cross-correlation (CC) is maximal, represents the
three-dimensional displacement of the feature from the one frame to the next. The
CC is deemed successful if one or more quality measures exceed a threshold level.
If the CC is successful, we record the corresponding displacement as the position
of the node at that time point.

If the CC fails, we replace fi with a voxel region taken from the previous time
point, t − 1, in which the node was successfully located. We cross-correlate this
updated feature region with the search region. If the CC again fails, the feature is
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(A) (B)

Figure 4. A) The original image rendered to show the three-
dimensional structure of a small region in a typical network B) The
corresponding area with the skeleton represented by gray tubes and
the branch points marked with small yellow spheres.

considered ”lost” and will not be tracked through further timepoints. If this CC
is, instead, successful, we record the node position at this time point and continue
with this new feature region for further time points. We repeat this procedure for
all nodes, i in the network and then proceed to the next time point.

In the next sections we review the details of this procedure.

1. Initial Processing: Network Extraction

There are many algorithms that can be used to find the skeleton of a network
(for a good overview of such methods please see [XVH]). To use the algorithm
described here it is important that the branch points or intersections between fibers
are identified as part of the algorithm (see Fig. 4).

2. Selection of features and search regions

2.1. Selection of initial feature regions. Typically, a network is composed
of fibers that are relatively uniform in intensity and width. A small section of one
fiber is generally indistinguishable from another one (see Fig. 6). It is therefore
difficult to track fiber segments. By contrast, the points where fibers branch are
excellent features to track: Each such node is the junction between several fibers
with relative angles that are distinct when compared to those of other nodes (see
Fig. 5 and Fig. 6). Moreover, these characteristics do not change significantly
for small network deformations. From the initial network extraction, we know the
locations of all the nodes in the network in the first time point. We use a small
voxel region of the gray-scale image stack taken from this time point centered about
each node, i, as the feature, fi, that will be tracked. We found that a voxel region
large enough to enclose the node and the fibers but small enough to avoid most of
the length of the fibers was ideal (see Fig. 5A).

2.1.1. Replacement of feature regions. As a fibrin network is deformed, we
found that the fibers that join at some nodes will gradually rotate or buckle from
one time point to the next. This can lead to a persistent deformation that, once
great enough, the node may no longer closely resemble itself at the initial time
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(A) Feature Region (B) Search Region

Figure 5. Maximum projections of a region taken from a deform-
ing fibrin network. A) The feature region is outlined in white (size:
32x32 pixels) B) The corresponding search region taken at the fol-
lowing time point outlined in white (size: 64x64 pixels).

point. In our algorithm, the node displacement is given by matching the feature
region within a search region. If the node is too deformed in the search region
as compared to the feature region, it no longer becomes possible to find a match.
When this occurs, we replace the current feature region with a similarly sized region
taken from the last time point in which the node was successfully located. With
this procedure, as long as the deformation of a node is small between time points,
the node position can still be successfully tracked.

2.2. Selection of a search region. A search region is a region in the network
where we expect a specific node to be located. In our initial approach, we chose a
search region centered around the node position in the previous time point; however,
we found that in a sheared network, nodes located closer to the translated upper
plate move significantly more than those close to the stationary bottom surface. In
fact, this motion can be so large that the node has moved out of the neighborhood
of its previous location. We therefore found that in practice it is more accurate to
choose a search region centered about the predicted position of a node. Since we
are applying a shear to the network, we assume that the predominate deformation
of the network is that of an affine, shear deformation. This implies that for a node
with a position x, y, z, its predicted position xp, yp, zp is given by,

(2.1)

⎡
⎣
xp

yp
zp

⎤
⎦ =

⎡
⎣
1 0 0
0 1 γ
0 0 1

⎤
⎦
⎡
⎣
x
y
z

⎤
⎦

where γ is the amount of shear imposed in the experiment; this value is defined as
γ ≡ −d/h where d is the displacement of the top glass plate during one shear step
and h is the height between the top and bottom plates (see Fig. 6 and Fig. 7).
In our datasets, we sheared in the −y direction and γ is negative. However, the
deformation tensor can easily be modified for any shear direction.

For every node, i, we calculate its expected position and define a voxel region,
si(t), centered at that expected position from the image stack representing the
time point, t. Generally, we found that a region larger than the feature region was
needed to accurately locate a node during our tracking (see Fig. 5).
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(A)

(B)

Figure 6. A) The light blue structure is the initial skeleton and
the dark blue structure is a skeleton found at a later time point. For
this image, we have tracked the structure using CCs as described
in this paper with the modification that all possible feature points
along the fibers were cross-correlated, not just the branch points of
the network. The blue arrows indicate the expected fiber positions
based on a simple shear deformation. The red arrows mark the
deviation from the expected position and the displacement found
from the cross-correlation. B) An example of the errors that occur
when fiber segments are cross-correlated. The red arrows show
that a fiber segment is being matched with an incorrect segment
in the later time point.
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Figure 7. An illustration of two branch points in a network. The
initial branch point positions are shown in bold colors and the
branch point positions in the next time point are shown in lighter
colors. The shear, γ, on the network is given by γ = −d/h, where
d is the distance the top plate has moved and h is the distance
between the two plates. The farther a branch point is away from
the bottom plate, the more it is expected to move; this is illustrated
by the shear profile shown with blue arrows on the right. For
the two branch points illustrated in this diagram, their expected
motion is shown with blue arrows, and the correction from this
expected motion to their actual displacement is shown with red
arrows.

3. Finding the displacement of a feature region within the
corresponding search region

In this section we describe how the position of one node, i, is located at a time,
t. Since we are just treating one node and one time point, for a cleaner notation
we have neglected to write the index i and specify the time t. Specifically, in this
section we will refer to si and fi as s and f , respectively. All search regions are
taken from the current time point, t, and all feature regions are taken either from
the initial time point or from their most recently updated time point (see section
2.1.1) Moreover, for a feature region, we refer to f(x, y, z) to denote the value of f
for the voxel located at the point (x, y, z) within this region. Voxels within s and
our cross-correlation C are denoted similarly.
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Figure 8. One XY plane through C for the cross-correlation be-
tween the feature region and search region shown in Fig. 5

3.1. Cross-correlation method to find one node displacement. To lo-
cate the node position, we calculate the cross-correlation C(x, y, z) between s(x, y, z)
and f(x, y, z). The cross-correlation is defined as

(3.1) C(x, y, z) =
∑

u,v,w(f(u+ x, v + y, w + z)− f(x, y, z))(s(u, v, w)− s(x, y, z))√∑
u,v,w(f(u+ x, v + y, w + z)− f(x, y, z))2

√∑
u,v,w(s(u, v, w)− s(x, y, z))2

where f is the mean of f and s is the mean of s each in a box the size of f
centered at (x, y, z).The denominator corresponds to the auto-correlation of each
function. It normalizes the function so that if the two functions correlate perfectly
the result is 1 and -1 if they are perfectly anti-correlated.

The position (x, y, z) with the maximum value of C corresponds to the relative
shift between the centers of f and s (see Fig. 8). Briefly, this approach moves a
normalized feature region around in a normalized search region. For every trans-
lated position (x, y, z), the product of each voxel in the normalized feature region
with the corresponding underlying voxel in the normalized search region is calcu-
lated; this product is the value C(x, y, z). The position with the greatest value (the
maximum of C) corresponds to the translated position with the best match.

3.1.1. Quality Measures. There are two measures we used to examine the qual-
ity of the cross-correlation. The first is the magnitude of the cross-correlation at its
maximum. For a normalized cross-correlation, as in equation 3.1, a value of 1 corre-
sponds to a perfect match and a value of −1 corresponds to a perfect mismatch. A
threshold value can be set as a quality measure for the cross-correlation. However,
we found that in practice a different quality measure was often more accurate in
identifying a poorly matched point: When a node did not cross-correlate well its
displacement was very large. This was due to the dark areas around the fibers
matching well; therefore, a good second quality measure was to only allow displace-
ments smaller than a threshold displacement. In summary, a cross-correlation is
considered successful if the maximum of C is larger than a threshold value and/or
the displacement is smaller than a threshold displacement; otherwise the cross-
correlation is considered failed.
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Application of algorithm to a fibrin network

undergoing shear

4. Details of data acquisition and application of the tracking algorithm

To illustrate the use of this algorithm, we apply it to a fibrin network as it
is sheared. We polymerize a fluorescently labelled fibrin network between two
glass plates on a confocal microscope (Leica SP5, 63x 1.2NA equipped with a wa-
ter immersion objective). Once polymerization is complete, we acquire a stack
of images representing a three-dimensional region of the network (approximately
250μmx250μmx100μm) (see Fig. 1). By translating the upper-glass plate parallel
to the bottom plate, we impose a simple shear deformation on the fibrin network.
We translate the upper-glass plate in increments corresponding to approximately
1% shear steps. After each movement, we acquire a new stack of images corre-
sponding to the increasingly deformed fibrin network.

To track the deformation of the network, we use the following parameters.

(1) Pre-processing: We smoothed the image stack corresponding to the first
time point using a Gaussian filter to suppress acquisition noise. Subse-
quently, we determined the skeleton using the commercial software pack-
age AMIRA (FEI Software, Ver 5.3).

(2) Size of feature region: 32x32x32 voxels (see Fig: 5A)
(3) Size of search region: 64x64x64 voxels (see Fig: 5B)
(4) Cross-correlation quality measure: For displacements larger than 8 voxels,

we considered a cross-correlation unsuccessful.

We track the branch points in the network for 50 time points. We take a
maximum projection of one small region and overlay this with the tracked positions
in this region (see Fig. 5). We carefully inspect the accuracy of the algorithm. We
find that many of the branch points are accurately located from one time point to
the next. When a branch point is unsuccessfully tracked it is often the result of
an aberrant branch point found in the initial skeletonization. These branch points
occur when two fibers cross close to each other without adhering to one another.
During skeletonization, this can appear to be the junction or branch point between
four fibers.

5. Discussion

In this paper, we have presented an image processing method that tracks the
structure of a biopolymer network as it is sheared. As an initial step, we have
taken the skeleton of a network using an existing skeletonization technique. In
general, however, our algorithm does not require the existence of a network skele-
ton. Since the algorithm cross-correlates regions from the original gray scale image
stacks, it just requires knowledge of the position of network branch points. We,
however, did not know of other algorithms that identify fiber branch points and
therefore relied on skeletonization routines. Using a skeleton in the initial time
step is also advantageous because it determines how individual branch points are
connected. Together with the motion of the network, the connectivity of a branch
point has been an important consideration in many models of network mechanics
([BMLM11] [LMS15]). Moreover, since branch points are connected via a fiber,
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γ = 0% γ = 5% γ = 10% γ = 15% γ = 20%

Figure 9. A small region of a fibrin network with different
amounts of shear strain applied. For clarity, in these images, we
have transformed the sheared images using a simple shear defor-
mation (see the Materials and Methods section). The motion of
the network that remains is movement around the expected shear
deformation. The branch points are indicated in red in the upper
panels. These same points are outlined in the middle panels in yel-
low with the magenta outlines indicating the original undeformed
branch point positions. The lower panels are the same region with-
out the branch points outlined The z-direction corresponds to the
vertical direction in these images.

by measuring the relative displacement between the two fiber ends, one can calcu-
late values such as the elongational strain across individual fibers. This is also an
important parameter in many models of network mechanics ([SPM05][MKJ95]).

Our algorithm is based on using cross-correlations to track the positions of
branch points in a network. We perform the cross-correlations on the original
gray-scale images. The exact location of a branch point may vary slightly when
a skeletonization algorithm is applied to a network (see Fig. 2). By tracking
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266 LOUISE M. JAWERTH AND DAVID A. WEITZ

the original gray-scale images, we ensure that even if the branch point position
determined by the skeletonization routine is slightly inaccurate, the tracked motion
of the node can still be of high quality.

Using cross-correlations to find a deformation field is not new. One prominent
use is in particle image velocimetry (PIV) ([WEA13] [SMS16]). Typically in this
approach, feature regions are selected at regularly spaced intervals that cover the
whole image stack at an initial time point and at a later time point. The features
from the initial time point are then cross-correlated with a search region at a later
time point to determine the relative displacement of each region. This may seem
very similar to the approach we report here, but there are important differences.
To successfully find the deformation field using PIV, each region must encompass
a distinct feature that can be accurately located in the next time point; therefore,
PIV techniques are particularly poor at tracking highly oriented structures in which
the correlation function shows very broad peaks along the primary direction of
alignment. Moreover, since features in PIV are defined at regularly spaced intervals,
for a dilute biopolymer network these regions need to be relatively large to ensure
that they contain enough fibers and branch points to be properly located. The
resulting deformation field is, therefore, inherently very coarse. By instead cross-
correlating regions centered around branch points as we do here, we can use a much
smaller region that only encompasses a single feature itself. We can thereby track
the structural deformation on a much finer level and with less computational effort.
Moreover, a cross-correlation determines the relative translated movement between
two images or image regions. It cannot, for instance, find rotations or deformations
smaller than the region. Since the region used for PIV is large, as the fibers in the
network deform by bending or buckling the cross-correlation of a region often fails.
We found that in a deforming biopolymer network, the branch points typically
deform much less than the surrounding fibers. Therefore, by using a small region
centered around a branch point, we can still successfully track the motion of the
network.

Our method was designed to track the deformation of a network as it undergoes
a simple shear deformation. To track the deformation, we place our search region
at the expected location of a network undergoing a simple shear deformation. This
informed placement allows us to track the motion of a branch point even if its
displacement is very large as long its actual position is a small displacement from its
expected position. Tracking such absolutely large displacements would be difficult
in other techniques such as PIV. In this paper, we assume that the network primarily
deforms according to an affine shear deformation; however, we expect that this
technique could be easily extended to other deformations. Moreover, if the overall
network deformation does not lead to a significant amount of motion from one
image stack to the next, we could center our search region around a branch point’s
position in the previous image stack. Thus, our approach should be applicable to
a wide range of questions.
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6. Material and Methods

For a complete overview of materials and methods please see [Jaw13].

6.1. Polymerization of fibrin networks. Fibrinogen (FIB3, Enzyme Re-
search Labs, South Bend, IN) is diluted into buffer (150mMNaCl, 20mMHEPES,
and 20mMCaCl2 pH7.4). A small amount of fluorescently labelled fibrinogen (fi-
nal ratio 6 : 1) is added to allow the sample to be visualized using fluorescence
microscopy. Polymerization into a network is initiated by the addition of thrombin
(H-T 1002a, Enzyme Research Labs, South Bend, IN) with a final concentration of
0.1U/ml.

6.2. Application of shear and acquisition of fluorescent images. Brief-
ly, the method can be described as follows. Two parallel glass plates with a spac-
ing of 800μm are constructed on a fluorescent confocal microscope (Leica SP5).
Quickly, after the addition of thrombin, a fibrinogen solution is pipetted between
these plates. Mineral oil is added around the plates to avoid evaporation and the
sample is incubated for at least six hours to allow polymerization to complete. Once
polymerization is complete the network is sheared by moving the top glass plate
in approximately 8μm steps leading to an approximate shear, γ, of −1%. Between
each step, a set of images corresponding to the three-dimensional volume corre-
sponding to a field-of-view of approximately 250μmx250μmx100μm is acquired.
For a more complete description, please see [Jaw13] [MJL13].

6.3. Details of application of tracking algorithm. To find the skeleton,
the image stack representing the undeformed network is smoothed using a 3D
Gaussian filter (size: 5x5x5, sigma: 0.5) and then thresholded by eye. We have used
the commercial software AMIRA (FEI Software, Ver 5.3) to extract the skeleton
of the network. The skeleton is saved as a text file that is imported as coordinates
into MATLAB (The MathWorks, Inc.)

The algorithm we describe here was implemented using MATLAB (The Math-
Works, Inc.). Fourier transforms were used for the implementation of the cross-
correlations to increase processing speed.

We define the XY directions to be parallel to the imaging plane. The −y
direction is the direction of applied shear.

6.4. Image production for this paper. All grayscale images in this paper
represent a maximum intensity projection along the x-axis of a region in three-
dimensions taken from a fibrin network (Figures 5, 9, 1).

For Fig. 9, we have applied the StackReg plugin with an affine transformation
using FIJI to a movie of the maximum intensity projection of a whole network as
it is sheared ([SACF12] [SRE12]). The images shown in Fig. 9 are a small region
from this movie that have been scaled by a factor of 3 for clarity.
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