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Abstract
Deformation measurement is a key process in traction force microscopy (TFM). Conventionally, particle
image velocimetry (PIV) or correlation-based particle tracking velocimetry (cPTV) have been used for
such a purpose. Using simulated bead images, we show that those methods fail to capture large
displacement vectors and that it is due to a poor cross-correlation. Here, to redeem the potential large
vectors, we propose a two-step deformation tracking algorithm that combines cPTV, which performs
better for small displacements than PIV methods and a newly-designed retracking algorithm that exploits
statistically con�dent vectors from the initial cPTV to guide the selection of correlation peak which are
not necessarily the global maximum. As a result, the new method, named ‘cPTV-Retracking’, or cPTVR,
was able to track more than 92% of large vectors whereas conventional methods could track 43-77% of
those. Correspondingly, traction force reconstructed from cPTVR showed better recovery of large traction
than the old methods. cPTVR applied on the experimental bead images has shown a better resolving
power of the traction with different-sized cell-matrix adhesions than conventional methods. Altogether,
cPTVR method enhances the accuracy of TFM in the case of large deformations present in soft
substrates. We share this advance via our TFMPackage software.

Introduction
Traction force microscopy (TFM) is a soft gel-based assay that reports the spatial distribution of the
traction transmitted via cell adhesions of a cell or cells. Taking a pair of images of beads in or on a gel,
with and without cell(s), as an input, a TFM software quanti�es the gel deformation and reconstructs the
traction �eld using the deformation and the knowledge of a gel’s elastic modulus. Albeit persistent
improvements in latter, i.e., the traction reconstruction (1,2), e.g., by better solving the inverse problem of
the force-displacement relationship, less attention has been paid to the improvement in the gel
deformation estimation. The likely reason would be that the existing methods are adopted from the
experimental �uid mechanics (3,4), which have been well-established and generated a su�ciently
accurate displacement �eld for a small-to-intermediate deformation level (2,5). However, there has been
few studies that have tested the existing methods for a deformation pattern encoded in the bead images
in TFM experiments.   

            The deformation pattern represented in the pair of bead images is distinctly different from ones
captured in typical �uid mechanics applications. First, unlike particle image velocimetry images taken by
a high-speed camera during �uid motion, the TFM bead images are taken only when cells are present on
the gel or when they are released from the gel, i.e., no intermediate images are taken during gel relaxation
after cell release. Consequently, if cells are on a very soft gel substrate, e.g., < 5 kPa in Young’s modulus,
or/and cells are decently contractile, the image pair likely might have recorded a large deformation, e.g., >
40 pixel or ~ 4 mm by cellular traction force. Moreover, this deformation is usually highly localized, i.e.,
concentrated at the locations of cell-ECM adhesions, thus, the deformation gradient is usually much
higher than the �ow recorded by a particle image velocimetry (PIV) experiment. Although not reported in
the existing literature, this large, local deformation is challenging to measure by standard deformation
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quanti�cation methods. To avoid such challenges, most TFM experiments have used ‘stiff-enough’
substrates to be able to track the deformation without a problem (6–8). This limited usage has either
reduced the range of stiffness for cells’ mechanosensitivity studies or missed potentially large force from
a prominent integrin-based adhesion even in the moderate stiffness environment. However, systematic
investigation on why the existing methods fail to detect the large, local deformation and how those
methods can be improved algorithmically have not been investigated yet.

            The �rst and most frequently-used deformation quanti�cation technique is PIV (3). PIV relies on
the image cross-correlation to estimate the likely displacement of a template image, from the bead image
taken in unstressed gel con�guration, on the bead image of the ‘stressed’ gel, based on the grid points of
the reference bead image (9). Later, PIV was further evolved to have more precision and resolution with
adopting iterative image deformation scheme (10,11). However, a few downsides and limitations of PIV
have also been identi�ed and discussed (9,12). First, PIV has an inherent averaging effect, i.e., the
displacement vector of one image patch is an outcome of an average displacement of all particles within
the �nite template size (11,13). Moreover, even when a smaller template is used to contain only a few
beads in it, the resultant displacement per template is again biased by usually off-centered bead signal in
the template area (12). This inherent limitation of PIV can be a huge problem for TFM because even
small error in the displacement �eld can be greatly ampli�ed during the solution to the inverse problem,
which is usually ill-conditioned (2).

            To work around this, the correlation-based particle tracking velocimetry (cPTV) has been developed
(14,15) and further improved for TFM (2). The cPTV uses the image cross-correlation to �nd a
displacement but it does it based on the individual bead locations identi�ed by �tting Gaussian-mixture
model to a �nite-sized bead image window (16). Owing to a less bias associated with the off-
centeredness, cPTV is deemed to be a better-suited tracking method than the conventional PIV for TFM
purpose (5,14). However, as cPTV also uses the image cross-correlation, it still fails to capture a large,
local deformation due to poor correlation in such displacements.

            In this paper, we investigate performance of existing PIV and cPTV methods on simulated bead
images exhibiting a known displacement �eld out of a force �eld showing a large, local traction (~10
kPa). We identify that the image correlation score from a bead to a true, large displacement is smaller
than a score to other candidate positions, leading to failure of displacement tracking by all existing PIVs
and a cPTV. To circumvent this failure, we develop an algorithm, named cPTV-Retracking, that seeks to
choose a deformation vector based on its similarity to neighboring vectors in terms of magnitude and
direction, even when it is a non-maximal cross-correlation peak. We show that the new algorithm is able
to track 92% of the large vectors that have been missed or poorly estimated by the conventional methods,
resulting in better overall accuracy. Analyzing experimental images of beads coated on a silicone gel with
4 kPa using the new method, we show that a mouse embryonic �broblast exerts 40% more traction force
via long-enough focal adhesions than forces analyzed by conventional methods. Correspondingly, the
new method increases the resolving power of traction force per maturation status of the cell-ECM
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adhesions. Taken together, our novel displacement tracking enables to capture large, local displacement
vectors, which overall increases the resolution and accuracy of the TFM traction distribution.

Results

Existing PIV and cPTV methods fail to track large, local
deformation.
To test if existing PIV methods are able to track a large, local deformation, we created a ground-truth
traction �eld consisting of a large traction, i.e., >10 kPa, and a few spots of small tractions (Fig. 1A). We
built a synthetic bead image by randomly super-positioning 2D Gaussians (Fig. 1B, red) and applyed the
ground-truth displacement �eld, calculated by using the Boussinesq solution assuming E= 8 kPa (Fig.
1C,D see Methods), to the individual beads to create another bead image, mimicking cell adhesion
presence (Fig. 1B, green). We processed the image pair using the three different, widely-used, available
PIV software, namely PIV Suite, Tseng’s PIV, and mpiv, to track the displacement �eld (see Methods, Fig.
1E-J). The three methods resulted in slightly different displacement �elds overall, in terms of magnitude,
direction and spacing between adjacent vectors. However, one common trend is that they failed to track
the large displacement vectors around the center region (Fig. 1F,H,I). Speci�cally, PIVSuite produced
systematic underestimated displacements in the center of large force regime (Fig. 1F, green vectors) while
Tseng’s PIV resulted in missed several seed locations for displacement tracking (Fig. 1H, red circles). In a
similar manner, mpiv missed more locations in large force region for displacement estimation (Fig. 1J).
We also tested a performance of cPTV by applying it to the same pair of the synthetic bead images. cPTV
identi�es individual beads, from which an interrogation is performed by the cross-correlation. A
signi�cance criterion is used to determine whether the global maximum of the correlation score is
signi�cantly higher than the second largest local peak. When a strict criterion is used, many vectors in the
large force regime were missing as in mpiv (data not shown). When a more generous signi�cance
criterion is used, many large vectors in the large force region were obtained (Fig. 1K), but they were
incorrect (Fig. 1L). However, it was noticeable that cPTV was able to distinctly capture the displacement
vectors in the region of low forces (Fig. 1K). Filtering out vector outliers removed most of large, wrong
vectors in large force region but preserved well-tracked small vectors, e.g., on the small force area (Fig.
1M,N).

To assess the tracking accuracy, we used the mean-squared-deviation (MSD) over the entire �eld of view
of the displacement �eld resulted from each tracking method against the ground-truth displacement �eld
(Fig. 1O). mpiv showed the most amount of deviation followed by cPTV, �ltered cPTV, PIVSuite and
Tseng’s PIV. A large portion of deviation came from the missing or wrong vectors at the large force area
(Fig. 1J,L,N). Quantifying MSD at only the large force area (Fig. 1C, red ellipse) indicated that cPTV
created the largest deviation, which was reduced by the outlier �ltering, followed by mpiv, PIVSuite and
Tseng’s PIV (Fig. 1P). The low MSDs by Tseng’s PIV and PIVSuite at the large force area were likely
attributed to the interpolation of vectors in their algorithms (Fig. 1F,H). At the small force area, however,



Page 5/22

cPTV, with or without �ltering, has shown the exceptionally lowest MSD against all other PIV variants
(Fig. 1Q). This result demonstrates the superiority of cPTV to PIV methods, at least for small-force-driven
deformation, as the interrogation starts at the center locations of individual beads whereas PIVs do from
the centers of the gridded windows. Together, these data demonstrate that all current PIV and cPTV
methods fail to track a large, local displacement �eld, and if cPTV gains further accuracy in the large
displacement tracking, it will be the method of choice for force-induced displacement quanti�cation.

Correlation fails at the large, local displacement.
To investigate the reason behind the failure in large deformation tracking, we inspected the correlation
score and its global vs. local maxima for small and large deformation cases (Fig. 2). For the small
displacement, for example, we have picked a vector position whose true displacement is less than 30
pixels and plotted the cross-correlation score map (Fig. 2A), equivalent to a top view of the surface plot of
the score. Then we depicted the shift position of the global maximum, i.e., the measured displacement
(Fig. 2A, a red circle), as well as the shift position of the ground truth vector (Fig. 2A, a purple circle). The
two circles being at the same location for the small displacement represents that the image interrogation
�nds the vector successfully. To check the image matching visually, we also directly mapped the center
location of the bead of interest on the reference image (Fig. 2B) and its shifted position on the image in
the deformed con�guration (Fig. 2C). Cropping and enlarging the template windows in the reference
(undeformed) image and at ground-truth and measured positions in the bead image of the deformed
con�guration con�rmed that the template images in both ground-truth and measured positions are
identical to that in the reference image, and so was the correlation score (Fig. 2D).

Applying the same visualization pipeline to a large displacement vector showed that ground-truth and
measured vectors are at different positions on the correlation score map (Fig. 2E), indicating that the
ground truth is not at the global maximum position for the large, local deformation. Mapping and
zooming the template images in the reference and deformed con�gurations showed that the ground-truth
displacement has much poorer correlation with the reference template than with the global maximum by
more than ten folds (Fig. 2F-H). Similarly, for a vector that was determined as missing due to failure to
pass the signi�cance criteria, we identi�ed that the correlation at the ground-truth displacement was not
the global maximum (Fig. 2I). The correlation score of the ground-truth displacement was not as low as
in the larger displacement case in Fig. 2E-H, as the cropped image also shows also similarity with the
reference template image (Fig. 2J-L). However, the fact that the score is smaller than the global maximum
but still large enough made the vector fail to pass the signi�cance criterion. Together, this investigation
shows that the large displacement caused by a large local traction is unable to be tracked via cross-
correlation due to the poor correlation speci�c to TFM application.

cPTV-Retracking algorithm captures missing displacements
using neighboring well-tracked vectors.
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From this simulation experiment as well as our TFM force reconstruction experience from the
experimental bead images, we noticed that failures in displacement tracking occurs exclusively in the
large vectors due to concentrated forces. We also learned that the failed large displacement vector has at
least the similar direction as the neighboring vectors, despite the poor cross-correlation score. We have
thus implemented a new algorithm, referred to as cPTV-Retracking, that tracks the missed or �ltered-out
vector positions again using information from the well-tracked neighboring vectors (Fig. 3). The algorithm
is based on the output displacement �eld from the initial cPTV for the entire �eld of view in the bead
image pair, with a strict signi�cance criterion to produce only well-tracked vectors, from which we identify
bead locations that has missed tracking. Per missing location, the algorithm collects neighboring vectors
with a certain search radius, from which the average and standard deviation of the magnitudes and the
orientations are calculated. Then the cross-correlation score is calculated over the limited range in the
magnitude and the angle based on the average neighboring vector. To accommodate the tendency that
large vectors are usually missing and need to be retracked, a more generous upper limit is de�ned
compared to a lower limit (Fig. 3B). From the new score map, local maxima are found and compared with
the global maximum using the same signi�cance criteria. We found that the reduced number of local
maxima increases a chance of the global maximum passing the signi�cance criteria. If it does not pass
the criterion, all the local maxima are compared with the ‘model vector’, which is built from the median
neighboring vector instead of the mean. The median was chosen because we observed the neighboring
vector magnitudes followed non-Gaussian distribution where there is a consistent bias toward ‘larger’
magnitude, and we expected the missing vectors are at least equal or larger than the neighbors. To test
whether a candidate displacement is close enough to the model vector, i.e., thus selectable as the
displacement vector for the location, we used one standard deviation of both magnitude and angle within
which we choose the vector. If the candidate vector does not pass this test, the algorithm reduces the
template window size gradually, e.g., by 2 pixels in width and height, and iterate the candidate vector
identi�cation process (Fig. 3A), until the template window reduces it size into a size that can contain
almost a single bead. Upon successful �nding, the found vectors become new neighbor vectors for
retracking of another missing bead position. Fig. 3C shows an example of gradual ‘�lling-in’ of retracked
vectors from the existing con�dent vectors at several selected iterations.

Enlargement factor enhances chances of �nding larger
displacements.
To make sure if the median-based model vector of the local neighboring vectors is truly representative as
a model vector, we introduced a new variable, i.e., the enlargement factor, to adaptively increase the
magnitude of the model vector above the median. Fig. 4A summarizes the related algorithm to use the
enlargement factor for �nding larger displacements. It begins with initializing the factor as one and
obtain the optimal search radius to con contain at least 3 neighboring vectors. Then we loop through
positions that have su�ciently close-enough neighbors for retracking as described in Fig. 3A. At the initial
retracking, we use just median of the neighboring vectors as a model vector. When there are no more
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successfully tracked vectors, then the algorithm increases the minimum number of neighboring vectors
for the search radius determination and performs the retracking. If it does not generate any retracked
vectors, the algorithm decreases the template window length by 2 pixel and increases the enlargement
factor by 10 % and retrack the missing locations. Applying the enlargement factor increased the chance
of �nding likely large vectors compared to retracking with only the median vector (Fig. 4B,C), as expected.
To make sure if the newly-found large displacements help improve the tracking accuracy, we measured
MSD of the displacement �eld and compared with the �eld from cPTVR with the median model vector
and the �eld cPTVR with �ltering (Fig. 4D). We found that the MSD value of cPTVR with the enlargement
factor, or cPTVR-EF, is much smaller than the other two results in both entire �eld of view (Fig. 4D) or
speci�cally in the large force area (Fig. 4E). Comparison of the accuracy (see Methods) between PIV
methods and the cPTVR variants con�rmed that cPTVR with both median and the enlargement factor
exhibited much higher, e.g., >90%, accuracy than other PIV methods, where cPTVR with the enlargement
factor showed the highest (~92%) accuracy (Fig. 4F). Together, these data suggest that a model vector
larger than a median increases the rate of �nding large displacements in the TFM setting.

cPTVR allows for detection of large traction in force
reconstruction.
To seek whether the retracked displacement �eld actually leads to a more accurate traction �eld, we
reconstructed the traction �eld out of the displacement �eld tracked by cPTVR and compared it with the
ground-truth traction �eld along with tractions produced based on displacement �elds by other existing
PIV and earlier cPTV methods (Fig. 5, See Methods). Compared to the ground-truth (Fig. 5A,B), we found
that the traction �elds by all PIV methods, i.e., PIV Suite, Tseng’s PIV and mpiv, were largely
underestimated or not colocalizing with designed force locations (Fig. 5C-H), most likely due to their
failure in large displacement tracking. cPTV without retracking also resulted in the traction �eld mostly
missing large forces whereas it detected small forces well (Fig. 5I,J). cPTV-Retracking, when performed
with a median as a model vector, showed small improvement in rescuing large forces, but it did so
insu�ciently by missing many larger force vectors (Fig. 5K,L). However, cPTVR performed with the
enlargement factor resulted in the traction �eld in which much more large force vectors were
reconstructed as well as small force vectors (Fig. 5M,N). Quantifying the mean-squared deviation
con�rmed that cPTVR with the enlargement factor, or cPTVR-EF was able to produce the traction �eld
with least deviation from the ground truth traction �eld (Fig. 5O). The lowest MSD exhibited by cPTVR-EF
was attributed to the reduced deviation over the large force region (Fig. 5P) as well as over the region of
small forces (Fig. 5Q). Quanti�cation of the vector accuracy also con�rmed that cPTVR-EF-based traction
produced the most accurate �eld compared to other methods (Fig. 5R). Together, the traction
reconstruction and comparison suggest that cPTVR-EF enables better detection of the large forces by
being able to detect the large, local displacement vectors.
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cPTVR enhances the resolving power of TFM for different-
sized focal adhesions.
To test whether cPTVR-EF, which we refer to just cPTVR from now on, can track an experimental bead
images for TFM, we conducted a TFM experiment with human bone osteosarcoma epithelial (U2OS) cells
on a 4 kPa silicone gel coated with 40 nm-diameter �uorescent beads. We collected the bead images
under total internal re�ection �uorescence microscope when cells were adhered to the gel surface and
after they are released (Fig. 6A). The pair of the bead images were processed with PIVSuite, cPTV and
cPTVR for displacement measurement (Fig. 6B-D). We picked PIVSuite as a representative PIV method
based on the average performance shown compared to other PIV methods (Fig. 1O-Q). The displacement
tracked by PIV Suite showed mostly smooth �eld except for the failure at one corner (Fig. 6B). The
displacement by cPTV showed patches of large (>40 pixel in magnitude) displacements (Fig. 6C).
However, it showed even more places missing displacement tracking (Fig. 6C, magenta arrowheads),
consistent with the failure observed in the simulation study (Fig. 1M,N). When cPTVR was used to
quantify the displacement �eld, there were many more large displacements vectors detected, mostly near
the cell edge (Fig. 6D).

            To assess the reconstructed traction �elds’ reasonability, we transfected the U2OS cells with
paxillin-GFP, imaged its �uorescence under TIRF, and segmented and detected focal adhesions (FAs),
focal complexes (FCs) and nascent adhesions (NAs) as done previously (Fig. 6E) (2,17). The traction
maps reconstructed from the displacement �elds showed generally similar characteristics as in the
displacement �elds (Fig. 6F-H). Speci�cally, the smooth displacement �eld by PIV Suite resulted in the
smooth, likely underestimated, traction �eld with missing traction vectors on one location (Fig. 6F, a
magenta arrowhead). The traction from the displacement tracked by cPTV showed a bit more detailed,
and less underestimated �eld. However, the missing displacement vectors caused the tractions to be less
organized by containing signi�cant forces outside the cell boundary and positions of voids (Fig. 6G,
magenta arrowheads). Contrary to this, the traction from the displacement �eld by cPTVR contained
much larger, e.g., >1.5 kPa, tractions with more coherent-looking traction distribution (Fig. 6H).
Comparison of the traction magnitude among the three traction �elds revealed that whereas tractions at
NAs were insigni�cantly different, the tractions at FCs and FAs were higher for cPTVR-based traction
compared to both of the other two methods (Fig. 6I), demonstrating cPTVR’s outstanding performance in
restoring large forces. Plotting the traction separately per tracking method revealed that whereas there is
no or only a little difference in traction between FAs, FCs and NAs by PIV Suite or cPTV (Fig. 6J,K), there
was a signi�cant difference in traction at FAs compared to ones at FCs and NAs when cPTVR was used
for TFM (Fig. 6L). Altogether, these data suggest that cPTVR method enables resolving large traction
forces transmitted by mature focal adhesions on a soft substrate by being able to rescue locally large
displacement vectors.

Discussion
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In this study, we present a signi�cantly improved deformation tracking method called correlation-based
particle tracking velocimetry with retracking (cPTVR). We show that the existing PIV methods and the
conventional cPTV are not able to track large, local deformation because the image correlation becomes
insigni�cant at such displacements. Identifying the missing vectors are usually large vectors with
orientation similar to their neighboring vectors, we implemented the new cPTVR method to use the
neighbors to limit the interrogation range and to choose the correlation peak that is at least, or more than,
the median of the neighboring displacement vectors. We show that cPTVR can appropriately infer locally
large displacement vectors when used with the enlargement factor that gradually increases the
magnitude of the model vector. The displacement �eld tracked by cPTVR results in the traction �eld that
restores the large tractions. Using experimental bead images, we also show that cPTVR leads to overall
larger displacement and traction by large focal adhesions of a cell on a relatively soft substrate.

One of the reasons behind conventional PIVs’ failure for the large, local displacement might be related to
the fact that the method has been developed to estimate �uid motions of various types of �ows based on
the images consecutively taken by a high-speed camera (12). In that situation, the frame-to-frame
displacement can be controlled to be trackable enough by using low-enough time-interval of the camera.
However, such control is not allowed in TFM experiments as the image pair has to be taken before and
after cell adhesion, which can contain a wide range of spatially-variable deformations. Our data show
that with iterative process with neighbor �nding and using them as a model vector can allow to pick a
local correlation peak although that is not necessary a global maximum.

The problem behind large, localized deformation tracking has been sought previously and attempted to
be addressed by warping the reference bead image using a B-spline-based mesh deformation referred to
as Free Form Deformation (FFD) (18). This method is similar with 3D image interrogation method called
fast-iterative digital volume correlation (FIDVC) which iteratively progresses interrogation while
performing image deformation (20). Differences of our method from FFD or FIDVC are that 1) cPTVR
avoids potential artifact caused by image warping; and 2) each of cPTVR’s template individually-
identi�ed beads in its center whereas the template of FIDVC and FFD contains beads not necessarily in
the center, which inherently can contain bias in their interrogation (21). It is also worth mentioning that
cPTVR has been tested for more than 60 pixel of localized deformation whereas other methods were
tested up to <20 pixels of deformation.

In the aspect of ‘inferring’ unknown displacement vectors, the proposed method is a bit similar to a
model-based TFM method where the traction �eld is inferred via not only displacement �eld but images
of F-actin and focal adhesions (19). Our method is however different from this method as it relies only on
the bead images to rescue initially missing displacement vectors using neighboring accurately-measured
vectors.

As cPTVR tends to overestimate the missing displacements compared to neighbors, the retracking option
is recommended to be used when the quality of the bead image has a su�ciently high signal-to-noise
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ratio, and when bead movements are within the same focal plane, i.e., minimal out-of-plane motions. This
way the algorithm would be able to function properly based on well-tracked initial displacement vectors.

Altogether, we present a method that can help improve the TFM accuracy especially situation where
locally large deformation is encoded in the bead images due to large forces. Our retracking method is not
limited to the correlation-based PTV, but is easily adoptable to other recent methods such as feature-
vector based displacement tracking (22,23) or optical tracking method (5).

Methods
Simulation of large displacement �eld and synthetic bead images

Traction distribution where there is a large force, e.g., 12 kPa in magnitude, with several other small force
spots, is created in a 512x512 pixel �eld (Fig. 1A), from which the displacement �led is calculated via
integrating Boussinesq solution-based Greens function, with 8 kPa of Young’s modulus and 0.5 of
Poisson’s ratio (Fig. 1C) (2). For testing multiple tracking algorithms, a synthetic bead image was created
by randomly super-imposing 8000 2D Gaussian functions in 512x512 pixel area (Fig. 1B), which was
used as a reference bead image of undeformed con�guration. Then the calculated displacement �eld
was applied to individual ‘beads’ to create a bead image of deformed con�guration (Fig. 1B).

Particle Image Velocimetry (PIV) methods

PIV builds a velocity �eld by dissecting an area of interest into the same-sized interrogation areas and
determining velocity vector per interrogation area using image cross-correlation, extensively used in �uid
mechanics and aerodynamics (12). The basic interrogation method has evolved further with using
normalized cross-correlation, windowing, peak deformation, iterative image deformation, Gaussian low-
pass, interrogation overlapping, and vector interpolation (21). Accordingly, multiple user-friendly PIV
methods were implemented and shared. First, PIVSuite, a Matlab command-line-based PIV package (24),
was adopted and used for our study by incorporating it into our TFM package (2). PIVSuite uses multi-
pass, multigrid algorithm, with image deformation, inspired by another PIV software, PIVlab (25). Second,
mpiv,  another Matlab-based PIV toolbox (26), was used as the second PIV method for the study. It adopts
Minimum Quadratic Difference (MQD) algorithm, recursive super-resolution PIV, and subpixel analysis as
well as  image transformation. Finally, Tseng’s PIV, an ImageJ-based plugin used ultimately for TFM (27),
was used as the third PIV software to be tested. Based on another well-established PIV software, JPIV
(28), it adopts an iterative scheme where interrogation is done via normalized cross-correlation per
iteration and incorrect displacement vectors are �ltered out based on correlation score. An optimal grid
size is determined to contain at least six beads within in the interrogation window. These three PIV
software were used for comparison with the cPTV for TFM purpose, assuming that these were advanced
enough as other undiscussed, but well-established, PIV software such as OpenPIV (29), PIVlab (25),
MatPIV (30), OSIV (31) and PPIV (32).

cPTV algorithm
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Traditional PTV identi�es centers of individual particles from a pair of images and match the locations
per frame by a suitable pairing algorithm (33). It has been found to make tracking more reliable and
robust when a cross-correlation is used to provide information as a predictor-corrector (12). Accordingly,
cPTV, which combines both PIV and PTV, has been used in the �eld of TFM (2,14). cPTV identi�es
individual beads using Gaussian-mixture model (34), then apply the normalized cross-correlation,

shifts, ux and uy, travel up to a certain maximum distance, ux,max and uy,max, both in positive and negative
directions per axis. Usually a single maximum distance, umax, is used for both directions, i.e., ux,max = umax

and uy,max = umax. Less than 30 pixels in width and height was used to �nd the most likely displacement.
To �nd if the correlation score maximum is a true maximum, a heuristic signi�cance criteria, where the
global maximum is compared with the secondary local maximum with a certain ratio, was used as
previously done (2,15). After �nding the best candidate displacement in a pixel level, a subpixel
displacement is estimated, by default, using a parabolic surface �tting. When a bead location does not
pass the signi�cance criteria, the position is marked missing. More detailed description is available in our
previous publications (2,35). Outliers of displacement vectors were �ltered out using vector-median-based
�ltering where each vector is compared with median vector of a neighborhood of vectors around it (9).

cPTV-Retracking (cPTVR) algorithm

Overall �owchart about cPTV-Retracking is shown in Fig. 3. The algorithm assumes that the �rst-time
cPTV is performed with a high signi�cance criterion and a strict �ltering criterion, from which ‘seed points’
consisting of failed tracking and �ltered-out locations, are determined. Looping through these seed
points, neighboring vectors with a certain search radius are gathered per location, from which statistics
such as mean and standard deviation is calculated. Then cross-correlation score is calculated over a
range of displacement magnitude and angle from their medians. All the local maxima within the range
are obtained from which the global maximum is �rst compared with the second maximum local
maximum using the signi�cance criteria. If the global maximum passes the criteria, it is con�rmed as the
displacement. If not, a local maximum, not necessarily global or second maxima, closest to the neighbor
model vector is obtained. A criterion that checks the closeness is developed as when the distance is less
than two standard deviations of the neighboring vectors and the angle is less than a standard deviation
of orientations of the neighboring vectors. This criterion is adjustable by user input after checking the
retracked output. If the peak passes this criterium, the candidate is determined as the displacement for
the position. If not, a new correlation score with a smaller interrogation window is calculated, from which
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global or local maxima are assessed as done for the initial assessment, iteratively. Further details are
described in the results section.

Mean squared deviation

The mean squared deviation (MSD) was used to determine how much the tracked displacements are
deviated from the ground-truth displacement �eld and was calculated as,

Accuracy

MSD increases as the measured displacement becomes more inaccurate. To create an accuracy-
measuring metric that increases with increasing accuracy, we de�ned a metric called ‘accuracy’, Acc,
which is calculated as: 

where each variable is explained in the section for MSD. Accuracy of 1 means that all ground-truth
vectors are correctly tracked whereas Accuracy of less than 1 means at least some vectors are
inaccurately tracked or missed. 

Traction reconstruction

The obtained displacement �elds were transformed into the force �elds by solving the inverse problem of
force-displacement relationship, or a Greens function. Boussinesq solution was used as a proper Greens
function (36), and fast boundary element method (FastBEM) with L2-norm-based regularization was
employed for the force reconstruction, with regularization parameter chosen by L-curve, L-corner
method (2). 

Cell culture

Human Osteosarcoma U2OS cells were cultured in Dulbecco’s Modi�ed Eagle’s Medium supplemented
with 10% fetal bovine serum (Sigma; F0926-500ML) and maintained in an incubator at 37 °C and 5%
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CO2. All cells were tested for mycoplasma. Cells were labeled with mNeonGreen-paxillin via lentiviral
infection.

Total Internal Re�ection Fluorescence Microscopy (TIRF) for TFM and adhesion imaging

Cells were plated on 4kPa high refractive-index silicone gel coated with 40 nm-diameter �uorescent,
AF647-coated, beads. They were imaged under a DeltaVision OMX SR (General Electric) ring-TIRF with a
60x oil-immersion objective and two sCMOS cameras at 37°C, 5% carbon dioxide, and 70% humidity.
Minimum laser power was used (usually between 0.2-2%) to prevent photo-toxicity. One camera was used
to take bead images with Cy5 laser, and the other camera was used to take paxillin images with 488 nm
laser. A reference bead image was additionally taken after releasing cells with high-dose (0.25%) trypsin.
Bead images were entered into TFM package to be processed for displacement tracking and traction
reconstruction.

Focal adhesion segmentation and nascent adhesion detection

Matured focal adhesions (FAs) were segmented as previously described (2). Brie�y, adhesions from
images with paxillin staining were segmented using a combination of Otsu and Rosin thresholds.
Segmented areas larger than 0.2 μm2 were considered focal contacts (FCs) or FAs, based on the criteria
described by Gardel et al (37). Diffraction-limited nascent adhesions (NAs) were detected using the point
source detection used in single particle tracking (34), which consists of �ltering images with a Laplacian
of Gaussian �lter, detecting local maxima and �tting them with an isotropic Gaussian function (standard
deviation: 2.1 pixel). Outliers were removed using a goodness-of-�t test (p = 0.05). 
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Figures

Figure 1

Typical PIV methods and the current cPTV fail to track a large, local deformation. (A) Ground-truth
traction map, designed with a large, local traction force in the center, mimicking the force from a large
focal adhesion. (B) A color-merged image of a synthetic bead image (8000 beads on 512x512 pixel area)
in a relaxed con�guration (red) and another image of beads where displacements in A is applied (green).
(C,D) Ground-truth displacement magnitude map (C) and vector �eld (D) calculated from the ground-truth
traction distribution. Yellow polygon overlaid represents the region of displacement by the small forces
whereas the red ellipse represents the region of displacements by the large force. (E-N) Displacement
magnitude map (E,G,I,K,M) and corresponding vector �eld (F,H,J,L,N) of the pair of bead images from
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panel B, tracked by multiple PIV methods such as PIV Suite (E,F), Tseng’s PIV (G,H) and mpiv (I,J), and
correlation-based PTV, or cPTV (K,L) and cPTV where vector outliers are �ltered (M,N). Red circles in the
vector �elds represents the seed points that have failed to track the deformation. Green arrows represent
vector outliers determined by ones showing more than 10% mean-squared-deviation. (O-Q) Bar plots of
the mean-squared-deviation (MSD) for the measured displacement �elds by the �ve tracking methods,
quanti�ed over the entire �eld of view (O), large force area (P), and small force area (Q).

Figure 2

Large displacement shows a correlation score smaller than global correlation maximum. (A-L) Cross
correlation score maps (A, E, I), the synthetic reference images of the reference (undeformed)
con�guration with a yellow box indicating the template window around the center position of a bead of
interest (B,F,J), the bead images of the deformed con�guration with a red box indicating a shifted location
of the measured displacement, a purple box indicating a shifted location of the ground-truth
displacement, and a dotted white box indicating the original unshifted position of the template window
(C,G,K), and the cropped and enlarged views of the templates with boxes whose color matches those in
the bead images (D,H,L) for a small (<10 px in magnitude) displacement representative vector (A-D), a
large (>50 px in magnitude) displacement vector (E-H) and another large (~30 px in magnitude)
displacement vector that was determined to be missing (I-L).
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Figure 3

cPTV-Retracking algorithm. (A) Flowchart of the main algorithm of cPTV-based retracking. See the main
text or Methods section for detailed description of this chart. (B) An example of a masked correlation
score map (right) compared to a full score map (left), which is used in step 4 of the �owchart. A white
arrow on the masked score map, unei, is the averaged neighboring vector. The range of the radius of the
mask was determined as 0.5*|unei|∠|u| ∠ 3*|unei|, and the range of the angle was determined as
mean(∠unei)-2*std(∠unei) ≤∠u≤ mean(∠unei)+2*std(∠unei) where the symbol, ∠, represents the
orientation of each vector. (C) A series of displacement vector �elds at representative iterations, showing
how progressively missing vectors are found. Red vectors represent the newly-found vectors at the
speci�c iteration. At zeroth iteration, the �eld is �ltered by a vector median �lter with a strict threshold so
that the retracking is performed based on the con�dent neighboring vectors. The last �eld at
iteration=317 is the result from the last iteration, i.e., when there was no single retracked vector for 30
consecutive iterations.



Page 19/22

Figure 4

Containing the enlargement factor increases the possibility of identi�cation of the large displacement
vectors and the accuracy of the tracking. (A) A �owchart of an algorithm that adaptively retrack
displacement vectors using the enlargement factor. See the main text for the details. (B,C) Final
displacement �elds (top) and associated displacement maps (bottom) resulted from cPTVR with a
median vector as a model vector (B) and with a progressive enlargement in the model vector (C). Green
arrows represent vector outliers determined by ones showing more than 10% MSD. (B) was converged in
317 iterations whereas (C) converged in 119 iterations. (D,E) Bar plots of MSD for the measured
displacement �elds in the entire �eld of view (D) or in the large force area de�ned in Fig. 1C (E). Note that
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cPTVR with enlargement factor has much smaller MSD than the �ltered cPTV or cPTVR with a median
model vector. (F) A bar plot of the accuracy at the large force area between three PIV methods and three
cPTV methods.

Figure 5

cPTV-Retracking method with the enlargement factor leads to the most accurate traction reconstruction
for large forces. (A) The ground-truth traction map, the same as in Fig. 1A. (B) The ground-truth traction
vector �eld. (C-M) the traction maps (C,E,G,I,K,M) and the traction vector �elds (D,F,H,J,L,N) reconstructed
from displacement �elds by PIV Suite (C,D), Tseng’s PIV (E,F), mpiv (G,H), cPTV with outlier �ltering (I,J),
cPTV-Retracking with a median model vector (K,L), and cPTV-Retracking with the enlargement factor
(M,N). (O-Q) Bar plots of the mean-squared-deviation (MSD) for the measured force �elds by the six
tracking methods quanti�ed over the entire �eld of view (O), large force area (P), and small force area (Q).
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(R) A bar plot of accuracy for the measured force �elds by the six tracking methods over the large force
area.

Figure 6

cPTVR leads to a traction �eld resolving a larger range of the force magnitude than PIV or cPTV. (A) A
color-merged image of beads on a 4 kPa silicone gel, taken under cell presence (green) and absence (red)
via total internal re�ection �uorescence microscope. Scale bar: 5μm (B-D) Displacement maps tracked by
PIV Suite (B), cPTV (C) and cPTVR with the enlargement factor (D). (E) An image of paxillin-GFP of a
U2OS cell, overlaid with nascent adhesions (NAs, yellow circles), detected with Gaussian mixture model,
focal complexes (FCs, green segmentations), and focal adhesions (FAs, red segmentations). Background
inside a cell (BGin) represents the area in the cell excluding adhesions whereas background outside the
cell (BGout) represents the area outside of the cell. (F-H) Traction maps reconstructed from the
displacement �elds in B,C,D, respectively. White outlines overlaid on the maps represents cell boundary.
Magenta arrowheads indicate areas of tracking failure. Scale bar: 5μm (I) A bar graph of the average
traction magnitude by PIV Suite, cPTV and cPTVR per NAs, FCs and FAs. Note that larger forces are
measured for FCs and FAs by cPTVR compared to the other two methods whereas forces at NAs stay the
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same. **: p<0.01, *: p<0.05, tested by unpaired student t-test. Scale bars: 5μm. (J-L) Box plots of tractions
quanti�ed at FAs, FCs, NAs, BGin and BGout by PIV Suite (J), cPTV (K), and cPTVR (L). Note that only by
cPTVR-based traction can resolve forces at FAs larger than forces at both FCs and NAs whereas other
methods result in the force at FAs not necessarily larger than forces at either or both of FCs and NAs. ***:
p<1e-5, *: p<0.5, tested by unpaired student t-test.


