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A new approach for objectively analyzing the aggregation of acetylcholine receptors (AChRs)

through power spectrum analysis derived from fast Fourier transform (FFT) of images has

been developed. Presently, detection of AChR aggregates at neuromuscular junctions is not

easily accomplished. Though the formation of AChR clusters results in periodic gray-level

variations that differ with time, no study reporting their correlation with frequency infor-

mation in the Fourier domain for aggregates’ detection purposes exists. To this end, we

processed time-lapse images of AChR aggregates’ formation on murine myotubes to extract

peak values of power spectra. To validate interpretation of the Fourier spectra analysis, a

computer routine was developed to semi-automatically count AChR aggregates. We found:

(1) logarithmic maxima of Fourier spectra correlated significantly with experimentation

time; (2) cluster count correlated significantly with time only after clusters were discernable
from images, signifying that this method heavily depended on definitive growth data and

thresholding values; (3) exponents of Fourier maxima versus time and cluster count versus

time profiles during this phase compared favorably, indicating that both methods were ana-

lyzing identical cluster growth rates. Our observations suggest that analysis via FFT power

spectrum is sensitive and robust enough to automatically quantify AChR aggregates.

on any given single myotube [15–18]. Determining how cluster
. Introduction

he neuromuscular junction (NMJ) is a specialized region in
uscle tissue, at which a motor neuron makes a functional

ynapse with the muscle fiber [1–5]. During development, con-
act between a motor neuron axon tip and the muscle cell
esults in the rapid recruitment of acetylcholine receptors
AChRs) to the site of contact, which is necessary for efficient
ignaling from the neuron to the muscle to elicit muscle con-
raction [6–8]. Importantly, the NMJ shares many functional
haracteristics with central nervous system (CNS) synapses,
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
Comput. Methods Programs Biomed. (2007), doi:10.1016/j.cmpb.2006.11.00

o the NMJ is often used as a general model for synapto-
enesis due to its accessibility and large size compared to
hose in the CNS. The discovery of agrin, a protein released
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by the axon and associated with the extracellular matrix at
the junction between neuron and muscle [9–12], led to the
development of the agrin hypothesis: release of agrin from
the axon determines where the synapse forms. Prior to axon
tip contact, AChRs are expressed over the whole surface of
the muscle fiber; upon release of agrin by the nerve tip, AChRs
migrate to the site of agrin accumulation and form dense com-
plexes of AChRs clusters that are the precursors of the adult
NMJ [13,14]. In vitro, bath application of agrin to differentiated
myotubes results in the formation of multiple AChR clusters
of acetylcholine receptor aggregation using fast Fourier transforms,
6

number and size correlate with cluster stability are impor-
tant in establishing numerical parameters that can be used
to model AChR clustering and synapse maintenance. Thus,

erved.
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objective quantification of AChR aggregates at NMJs – yielding
spatiotemporal AChR cluster distribution data – could con-
tribute to our current understanding of the role of agrin in
NMJ differentiation.

To quantitate AChR aggregation, various methods have
been developed. One of the earliest methods employs cor-
relation of radioactivity with cluster number [19]. Although
the radioactivity of suitably radiolabeled AChRs can be deter-
mined with a gamma counter, this method offers limited
spatial resolution, producing only a single measurement for
regions where there are many disparate AChR clusters. This
method is also expensive and the investigator runs the risk
of being exposed to radioactive compounds. Numerous image
analysis methods have been tried. A widely used method for
quantification is based on sampling of myotubes whereby
outlines of distinct fluorescent patches containing AChR clus-
ters are manually traced and their areas measured using a
computer program [10,14]. This is a time-consuming proce-
dure (the cluster number can be on the order of hundreds
or thousands per image) with limited throughput, so man-
ual delineation of a large enough number of AChR clusters to
characterize changes in quantity and distribution over time is
impractical. Moreover, the task of accurately identifying actual
AChR clusters is complicated by the fact that their size, densi-
ties and distribution vary throughout the image and in time;
hence counting is susceptible of bias by the human in charge
of the analysis. Automated image analysis methods provide
an attractive alternative to manual counting techniques. How-
ever, their primary shortcoming lies in the fact that the critical
thresholding parameter, which is required for background
fluorescence and noise removal, is calculated using a few adja-
cent images from an entire temporal sequence [20–22]. This
can lead to a significant degradation of information because
the dynamic process of formation and redistribution of AChR
clusters, available from the entire image sequence, is not fac-
tored in.

Many image analysis algorithms achieve background
noise elimination by performing a ‘subtraction’ operation
on raw images by a background image. The background
image could be an image obtained either before the AChR
clusters form or after they disappear. To overcome technical
difficulties involving background fluorescence and inho-
mogeneity on images, total internal reflection fluorescence
(TIRF) has been utilized to quantify clusters [23]. As TIRF
detects fluorescence signal coming only from cell-substrate
contact regions where almost all of the AChR clusters are
located, background noise from fluorophores either in the
bulk solution or inside the cells is suppressed. Though this
method for background subtraction serves the purpose, it is
costly and not straightforward to set up. Here we report a
digital method for background subtraction that is insensitive
to observer bias and that can be applied to micrographs taken
using conventional fluorescence microscopes.

We apply our image analysis technique to objectively and
efficiently quantify the nucleation and growth processes
of AChR clusters in time-lapse fluorescence micrograph
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
Comput. Methods Programs Biomed. (2007), doi:10.1016/j.cmpb.2006.11.00

sequences of cultured myotubes after exposure to agrin.
The myotubes were formed by fusion of single myoblasts
from the muscle cell line C2C12 using well-established meth-
ods (see Section 2). Specifically, we analyzed the clustering
 PRESS
b i o m e d i c i n e x x x ( 2 0 0 7 ) xxx–xxx

patterns by employing the fast Fourier transform (FFT) on
the time-lapse images. The FFT is an algorithm that can
be used to decompose an image into various sinusoids of
different frequencies that collectively sum to produce the
original signals present on the images [24]. We hypothesized
that by calculating orientations and spacing in an image,
characteristics of AChR clusters, such as their periodicity and
distribution, can be represented as a power plot of its FFT
counterpart. What is more, observer bias is virtually removed
in this technique by the incorporation of an unsupervised
frequency analysis component via FFT. Another advantage of
this approach is that interpretation of the power spectra of
all images to determine AChR clusters count is much easier,
faster and more accurate than trying to extract the same
information from the original image. This is because all the
spatial patterns and orientations are effectively averaged in
a frequency domain [25]. As a way of verifying the interpre-
tation and performance of the Fourier spectra analysis at
quantifying cluster nucleation kinetics, we also developed a
semi-automated computer routine to count AChR aggregates
present on images pre-processed in the frequency domain.
Our results confirm previous reports [14,19,23] that the
number of AChR clusters increases exponentially with time.

2. Materials, rat muscle culture and
microscopy

Murine-derived muscle precursor line, C2C12, was purchased
from American type culture collection (ATCC, Manassas, VA).
The cells were maintained in an appropriate growth media,
a mixture of Dulbecco’s modified Eagle’s medium (DMEM,
GibcoBRL; high glucose, glutamine, no sodium pyruvate) sup-
plemented with 20% fetal bovine serum (FBS, Hyclone, Logan,
UT) and 1% penicillin/streptomycin (Pen/Strep, GibcoBRL)
until they were deemed ready for differentiation. The cell
media was then changed to a differentiation media (DMEM,
GibcoBRL; 2% horse serum (HS, ATCC, Manassas, VA), 1%
Pen/Strep) to facilitate differentiation of the myoblasts into
myotubes. The differentiation media was renewed every 2
days. AChRs were visualized with �-bungarotoxin conjugated
to Alexa 488 (Molecular Probes, Eugene, OR). The cells were
labeled with BTX for 30 min at a concentration of 100 ng/ml.
Next, the cells were washed three times with the differen-
tiation media prior to image capture. The myotubes were
exposed to agrin (R&D Systems, Minneapolis, MN) at a con-
centration of 20 ng/ml throughout the entire procedure.

Images of the myotubes were taken with Metamorph
(Universal Imaging, West Chester, PA) using a Nikon Eclipse
TE2000-U inverted stage microscope (Nikon Instech Co., Kana-
gawa, Japan) equipped with a Hamamatsu ORCA ER CCD
camera (Meyer Instruments, Houston, TX). Time-lapse images
were taken every 10 min, with a 2.5 s exposure time.

3. Computational method
of acetylcholine receptor aggregation using fast Fourier transforms,
6

3.1. Image processing

Image processing comprised three main steps: (1) conversion
of the original image to 8-bit grayscale; (2) application of a

dx.doi.org/10.1016/j.cmpb.2006.11.006
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grayscale intensity against a homogeneous background. The
value of the threshold limit is critical to the cluster quantifi-
cation procedure; if it is set too low, excessive background
information are grouped together with the AChR aggregates
ARTICLE
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igh-pass filter; (3) application of a Gaussian filter. Prior to
mage analysis, the grayscale for each image was converted
rom 12–16- to 8-bit grayscale, reducing shades of gray from
everal thousand to 256 (0–255). Images acquired from micro-
copes and digital cameras are often stored in 12–16-bit files;
hese contain enough shades of gray to significantly increase
he processing time using most conventional image process-
ng programs. In addition, conversion to varying grayscales
s common based on the variation in color modes of these
maging systems [26].

Initial analysis of the original images revealed that some
lusters were concealed by glare and large particulates. Fur-
hermore, the background of these images was grainy and not
niform. Therefore, image processing via FFT was employed to
ighlight the cluster information. As the unordered patterns of
xposure, debris and agglomerations of dead cells contained a
esolution greater than 30 �m in the images, their correspond-
ng spatial frequencies were less than 0.0333 �m−1 in the
ourier domain, smaller than those characterizing the useful
luster information (5–25 �m). Accordingly, a high-pass filter
HPF) operation was conducted on the raw images to eliminate
mage inhomogeneities based on the size criterion, leaving the
luster characteristics unchanged. This was accomplished by
uppressing all luminance levels belonging to a 20-pixel radius
entered at the zero frequency term (or average value) of the
i-directional FFT of the image. The 20-pixel value in the fre-
uency domain was chosen because it corresponds to ∼30 �m

n the space domain, hence all image features with a spatial
eriod greater than 30 �m were filtered off in the inverse FFT

mage. All image-processing and cluster detection routines in
he present study were written and implemented in MATLAB
.5.1 (MATLAB manual, 2003; The MathWorks Inc., Natick, MA).

Low-pass filtering was next undertaken to remove high
patial frequency noise and motion blur from the pre-
rocessed images prior to the detection of AChR aggregates.
pecifically, a 7 × 7 Gaussian filter was used. The normally dis-
ributed, 7 × 7-pixeled convolution kernel was scanned across
he images, generating a “weighted sum” of the input pixels
ithin the window where the weights gravitated towards the

entral pixels of the window. Unlike other low-pass space-
omain filters, this noise-reducing filter operation enables
lectronic noise reduction with greater smoothing while con-
omitantly accentuating the cluster edges. By trial and error,
standard deviation of 3 was deemed most appropriate for

moothing across all images and easing the transition in mag-
itudes from outside filtered regions to inside. An inverse
FT (IFFT) of the filtered plot was subsequently obtained and
ompared with its raw counterpart for visual verification of
ackground noise reduction and overall image enhancement.

.2. Fourier maxima-based cluster detection

he fundamental principle for extracting information from
mages of AChR aggregation is that their formation and dis-
ribution show periodic gray-level variations that differ with
xperimentation time, and that these variations can be corre-
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
Comput. Methods Programs Biomed. (2007), doi:10.1016/j.cmpb.2006.11.00

ated with the frequency information in the Fourier domain.
s information pertaining to the contours and edges of AChR
lusters was mainly contained in the high spatial frequency
omponents, the logarithmic maxima of the FFT of the images
 PRESS
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were computed [24,25]. The natural logarithmic domain was
chosen for graphic representation to facilitate the interpre-
tation of structural characteristics in the Fourier spectra.
Correlations, if any, between the FFT peaks with time and
between the FFT peaks with cluster count (the procedure of
which is explained in the section below) were determined.
Such information could potentially reveal information with
regard to the evolution time history of the number and growth
rates of the pattern-creating AChR aggregations.

3.3. Semi-automatic count-based cluster detection

In this method, a thresholding transformation was first
applied to segment the processed images, converting them
from grayscale into binary formats during the process. By
classifying image points as either cluster or background in
accordance to their intensity values, this region-oriented seg-
mentation technique can detect clusters with a different
of acetylcholine receptor aggregation using fast Fourier transforms,
6

Fig. 1 – Flow chart of image processing and cluster
detection routines.

dx.doi.org/10.1016/j.cmpb.2006.11.006
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during the counting process, resulting in an overestimation of
cluster count [27]. If the threshold value is set too high, useful
cluster information is potentially lost and the counts are too
low to be accurate and realistic. In the current study, a thresh-
old of 0.25 was selected to effect binarization of the images.
By this procedure, any image point (x, y) with f(x, y) > 0.25 was
designated as part of a cluster, while points f(x, y) < 0.25 were
regarded as background. Identification of AChR clusters was
confirmed by visual examination of segments of images that
contained aggregates visible to the naked eye.

Next, the morphological features of the identified clusters
were enhanced via the ‘close’, ‘fill’ and ‘thicken’ operations
associated with the bwmorph function in MATLAB. These rou-
tines served to close the boundaries of each connected region,
fill isolated pixels enclosed by the region limits, and augment
the representation of connected clusters, respectively. Finally,
the bwlabel function was used to label the pixels of each con-
nected region with a number. To determine the center point
of each cluster, a weighted mean of its pixels was taken and
processed across all the pixels. Fig. 1 shows a flow chart of the
image processing and cluster detection steps employed in the
present study.

3.4. Statistical analysis

All measurements were exported directly into Excel (Microsoft
Inc., Redmond, WA) for record keeping and post-analysis. The
slope of the relationship between logarithmic cluster count
and logarithmic FFT maxima was analyzed for statistical sig-
nificance via linear regression and two-sided Student’s t-test.
Linear correlation analysis was performed using Pearson’s r
based on the model: y = ax + b, where y is the dependent vari-
able and x the predictor variable. The remaining results were
analyzed via the coefficient of determination R2. A p-value of
≤0.05 was considered as statistically significant.
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
Comput. Methods Programs Biomed. (2007), doi:10.1016/j.cmpb.2006.11.00

4. Results

A total of 23 images, spanning a total experimentation time
of 15 h 10 min 55 s, were acquired for analysis. The analysis

Fig. 2 – An original image of AChR aggregations on murine myot
(demarcated with block arrows in white). Note that pixels of vari
 PRESS
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of one image – from image processing to cluster count – took
an average of 500 s of computing time on a standard Pentium
4 computer with 1.4 GHz, 768 MB DDRRAM memory and the
Microsoft Windows 2000 operating system. In general, AChR
clusters started to become discernible after ∼2 h of agrin expo-
sure. AChRs were observed to aggregate randomly along the
myotubes throughout the duration of image capture, with the
clusters increasing in number and decreasing in size as time
progressed.

Fig. 2 illustrates an example of the images acquired in
the present study. Accurate identification of AChR aggregates
was confirmed by comparing sites of detected clusters against
those clearly discerned as cluster centers in segments of
the original images. Representative images after each step of
image processing and the semi-automatic count-based cluster
detection method are presented in Fig. 3. As shown in Fig. 3C,
excessive background noise such as glare, cell membranes
and other large particulates were absent from the IFFT of
the modified image, proving that the filtering procedures had
substantially removed spurious noise. The graphs of cluster
FFT maxima versus time, count versus time, and logarithmic
count versus logarithmic FFT maxima are shown in Fig. 4. The
Fourier maxima graph showed a strong exponential growth
rate trend (Fig. 4A), while the semi-automatic cluster count
procedure revealed an overall steady increase in the num-
ber of clusters only for experimentation time beyond 470 min
(Fig. 4B). As shown in Fig. 4C, correlation between count and
FFT maxima in the logarithmic domain was only significant
during the latter phase of the experimentation (specifically for
time between 470 and 910 min). In addition, the exponents of
the FFT versus time and count versus time profiles during this
latter “stable” time period have approximately the same order
of magnitude, 0.004 and 0.0053 clusters per minute, respec-
tively. These observations suggest that both the Fourier power
spectra and count analyses quantified similar cluster growth
rates.
of acetylcholine receptor aggregation using fast Fourier transforms,
6

5. Discussion

As shown by the results in the present study, FFT applied to the
two-dimensional images is useful for various purposes such

ubes (A). (B and C) Illustrates close-up views of clusters
ous intensities make up each AChR cluster.

dx.doi.org/10.1016/j.cmpb.2006.11.006
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Fig. 3 – Modified images after each step of image processing and the semi-automatic count-based cluster detection method,
including: conversion to 8-bit grayscale (A), application of HPF and Gaussian filter (B), thresholding (C), application of
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oundary closure (D), morphological filling (E), and cluster th

s removing noise for image restoration, finding the periodic-
ty in AChR clusters, and image enhancement by eliminating
arge particulates and motion blur. A significant advantage
f FFT is that images can be interchangeably represented in
he spatial and frequency domains. For instance, IFFT applied
o the ‘forward’ FFT (power spectrum of an image), restores
he original image. For the present set of images, filtering in
he Fourier domain before applying the inverse FFT removed

ost of the glare, dirt and dead cells, and electronic noise at
ower and higher frequencies, respectively. Correspondingly,
requencies describing cluster information were enhanced
nd prominently displayed in the Fourier domain. Further-
ore, this operation – coupled with other image enhancement
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
Comput. Methods Programs Biomed. (2007), doi:10.1016/j.cmpb.2006.11.00

echniques employed in the semi-automatic cluster counting
ethod – facilitated the accentuation of the morphology of

ChR clusters, discerning them prominently from the back-
round. Overall, the analysis of images in the frequency
ning (F).

domain is far more efficient than processing in the spatial
domain. The latter would have required many different steps
of filtering and image mathematics with less satisfactory out-
come.

The semi-automatic cluster counting routine adopted in
the present study produced unsatisfactory results at the initial
stages of AChR aggregation, as indicated by the unreason-
ably high cluster volumes during the onset of experimentation
(Fig. 4B). This can be explained by the fact that the efficiency
of our image classification algorithm (and most automated
image segmentation routines) relies on the quality of the
images, visual ability and experience of the researcher, and
most crucially, appropriateness of the thresholding criterion.
of acetylcholine receptor aggregation using fast Fourier transforms,
6

Even on a grayscale image, the optimal threshold value is diffi-
cult to determine a priori [28]. Our ‘statistical’ approach – from
our previous experience in image analysis as well as scrutiny
of all available images in the present study – was to set a value

dx.doi.org/10.1016/j.cmpb.2006.11.006
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Fig. 4 – Plots of FFT maxima vs. time (A), cluster count vs.
time (B), and logarithmic FFT maxima vs. logarithmic
cluster count (C). That the linear regression for logarithmic
cluster count vs. logarithmic FFT maxima is statistically
significant (y = 1.476x − 13.353; R2 = 0.944) only during the
latter portion of the experimentation time history
(specifically from 470 to 910 min) suggests that both the
count and FFT analyses characterized the same cluster
growth phenomenon during this latter ‘stable’ counting
phase.
 PRESS
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of 0.25. This meant that, based on a gray scale, pixels with
values of 0–63 will be classified as ‘white’ and pixels with val-
ues of 64–255 as ‘black’. In reality, however, there is a large
variability in brightness within features like the AChR clus-
ter even if it appears continuous in images, as it represents a
collection of pixels of various intensities with a random distri-
bution within a certain range (Fig. 2). Hence, by this procedure,
while we were successful in identifying most aggregates in
images taken during the latter two-thirds of the experiment,
the automated cluster detection routine resulted in an artifi-
cial inflation of AChR volume for the initial images. We believe
that this arose because the computer routine falsely labeled
the comparatively brighter and grainier background in the
initial images as clusters. The alternative method of setting
different thresholds to analyze images acquired at varying
stages of experimentation time would be as time consum-
ing and inefficient as the manual counting technique [26].
Given the immense complications and difficulties involved
in selecting an optimal and consistent thresholding parame-
ter, it is questionable whether conventional image processing
software with default analytical tools for object detection can
accurately quantify AChR aggregations.

The fact that Fourier maxima profile displayed a strong
exponential growth rate trend (Fig. 4A) shows that cluster
characteristics, in particular that of their contours and edges,
were successfully represented by the peak Fourier magni-
tude information in the power spectra. Evidence that this FFT
characteristic can reliably reflect cluster count information is
provided in Appendix A. The present study also suggests that
the FFT peaks profile correlates significantly with the clus-
ter count for aggregates that were accurately identified and
visually verified in images. This claim is further backed up
by our observation that growth rates computed from both
FFT versus time and count versus time exponential profiles
compared favorably. Our observation that cluster formation
follows an exponential curve is in agreement with previous
reports [14,19,23]. The present results thus strongly indicate
that the Fourier maxima can serve as a useful indicator of
the number of AChR clusters in time-lapse images. This is
especially useful when conventional image processing pro-
grams function abnormally due to imprecise growth data and
non-optimal thresholding values. Given the high regression
coefficient of the logarithmic FFT maxima versus time graph,
we therefore argue that the Fourier spectra analysis is an
appropriate method to resolve the difficult task of approx-
imating cluster numbers for the entire experimental time
duration.

This study has limitations. The results obtained in the
present work were reached through a carefully controlled and
planned single protocol, performed on one type of murine tis-
sue. Thus, our conclusions and proof of concept relate to these
conditions only and care must be adopted when extending
these observations to other tissue types. The image analy-
sis technique presented here is not yet packaged into a form
suitable for routine laboratory use, and hence remains to be
verified in further studies. Additionally, in its present form,
of acetylcholine receptor aggregation using fast Fourier transforms,
6

the image analysis method requires manual consideration of
high-pass filtering and thresholding limits, and thus cannot be
considered as unsupervised and completely automatic. Nev-
ertheless, the present results offer evidence of the method’s

dx.doi.org/10.1016/j.cmpb.2006.11.006
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pplicability in detecting large numbers of objects in two-
imensional images.
Please cite this article in press as: K.-Y. Seng et al., Objective quantification
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ig. A1 – Comparison between a processed image taken during t
n equal similar of clusters (726 clusters).

ig. A2 – Plots of cluster count vs. time (A) and FFT maxima vs. t
axima vs. logarithmic cluster count (C) based on the y = e0.004x

f the figure, as well as the coefficients of determination are prov
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Appendix A

To test our hypothesis that Fourier maxima information can
serve as a useful indicator of the number of AChR clus-
of acetylcholine receptor aggregation using fast Fourier transforms,
6

ters in time-lapse images, we conducted a simple calibration
exercise. In particular, we examined the relationship, if any,
between Fourier peak values in the frequency domain and the
a priori known cluster numbers across time-lapse simulated

he experiment (A) and its simulated correlate (B) containing

ime (B), as well as linear regression of logarithmic FFT
growth pattern. Equations of the fitted profiles in (B) and (C)
ided.
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Fig. A3 – Plots of cluster count vs. time (A) and FFT maxima vs. time (B), as well as linear regression of logarithmic FFT
maxima vs. logarithmic cluster count (C) based on the y = e0.006x growth pattern. Equations of the fitted profiles in (B) and (C)

prov

r

of the figure, as well as the coefficients of determination are

images. Randomly and obliquely arranged ellipsoidal clus-
ters were simulated to evolve based on two ‘growth’ patterns
(y = e0.004x and y = e0.006x, where y and x denote the number
of clusters and time, respectively). Fig. A1 shows an image
taken experimentally and its simulated correlate with identi-
cal number of clusters. Seven hundred and twenty-six clusters
were detected on the experimental image using our counting
algorithm. Figs. A2 and A3 show the results calculated based
on these two growth patterns.

As shown by Figs. A2 and A3, the orders of magnitude of
the exponents for (A) and (B) in the two figures are similar.
In addition, the linear regression for FFT maxima versus clus-
ter count is statistically significant for both growth patterns.
These observations provide evidence to suggest that the FFT
method of analysis can objectively characterize cluster growth
phenomena collected in the present study.
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