
  

Fig. 1. Fourier Transform of image, along with thresholded Fourier 
Trasnform for noise reduction. The bight peaks not in the center represent 
the repeating sarcomeres. 
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Abstract— A recently developed SHG microendoscope allows 
for in vivo imaging of sarcomeres, the basic contractile unit of 
muscle, in humans for the first time. The static images and 
dynamic line scans over time provide important information 
about muscle function and health. The goal of this project was to 
extract length from static images and dynamic timing properties 
from dynamic images as automatically as possible. Fourier 
Transform techniques are used for static images, and edge 
detection and image tracking are used for dynamic images.   
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I. INTRODUCTION 
Sarcomeres are the basic contractile unit of muscle. They 

consist of alternating myosin and actin protein filaments, where 
the myosin pulls on the actin filaments to produce force. The 
length of sarcomeres, measured as the distance between the 
middle of two actin filaments, highly influences the amount of 
force a muscle can produce. The time it takes for the muscle to 
reach maximum force when it is stimulated and the time it 
takes for the muscle to relax again are all important signs for 
characterizing the health of muscle. Recently, in vivo 
sarcomere images have been recorded via Second Harmonic 
Generation (SHG) microendoscopy [1], [2]. The method 
measures an intrinsic signal resulting from the interaction of 
laser light and myosin filaments by means of second harmonic 
generation. A 20-gauge needle is inserted into the muscle, and 
an image is formed as a laser spot scans an area of the muscle. 

There are two kinds of images collected, static images, 
where a 2D area of 512 by 512 pixels is scanned, as well as 
line scan dynamic images, where one 512 pixel line is scanned 
repeatedly as the muscle is electrically stimulated in order to 
measure the displacement of features over time in response to 
an electrical stimulus. A variety of methods have been 
developed to quantitatively assess SHG sarcomere images 
from muscle biopsies under a commercial table top system [3]–
[5]. However, the microendoscopy images have much more 
noise than images collected on commercial tabletop systems, 
and precious methods may not be adequate for robust analysis. 
Reference [5] utilizes FFT analysis, which is a robust means 
for noise reduction and analysis of the repeating sarcomere 
bands.  

The purpose of this project is to develop algorithms using 
MATLAB to determine the sarcomere lengths in static images 
and the twitch parameters in dynamic twitch images that 

require minimal user input. The raw images used are stacks of 
TIFF images collected over time where the intensity of each 
pixel relates to the analog signal detected by the sensor.   

II. ALGORITHMS 
To find the relevant quantities, noise reduction was 

performed for both static and dynamic images, and then 
analyzed for a quantitative property. All input images are run 
through a prewritten script ImageCorrectorY.m, which corrects 
the image for nonlinearities in the scanning of the laser. 

A. Initial Noise Reduction 
The noise in the raw images is substantial. In order to 

reduce the noise of the image, related frames in stacks are 
averaged together. Next, noise reduction is performed on this 
averaged image in the Fourier Domain. The 2D Fourier 
Transform of the image is taken, and any parts with a 
magnitude less than 0.0025 times the peak value was set to 
zero. (Fig. 1) The peak value is the DC component, which is 
the total brightness of the image. Thresholding by a percentage 
of the total brightness as opposed to implementing a low pass 
filter would reduce noise while maintain high frequency 
structures such as sharp edges in the image.   

B. Sarcomere Length Determination 
1) Automatic Rotation  
In the 2D Fourier Transform, a bandpass filter (Fig. 2) is 

applied such that only features with a period of between 2 µm 
and 5 µm, which are the physiological length limits of 



  

Fig. 2.  Band pass filter created to select the peak for image rotation 

   

  

Fig. 3. Automatically rotated denoised sarcomere image above, where 
distance between bright bands is the sarcomere length. Median filtered 
power spectrum of each column below. The signal in the lower image 
represents the normalized power signal across the image, with different 
frequencies along the vertical axis.  

  

Fig. 4.  Stable Canny edges that span most of the width of the image on the left. 
Bounds for tracking region in green box on image on right. The shift of that 
region is tracked across the image.  

sarcomeres, are preserved. There should be two peaks in this 
passband that represent the length of the sarcomeres. The 
image is divided in half so that only one peak is found, and the 
position of the point relative to the center is found. The angle 
of rotation is automatically selected so the peak will be rotated 
to the vertical axis, such that the sarcomeres will run vertically 
along the image.  

2)  Power Spectrum Thresholding 
For the rotated image, each column is windowed and zero 

padded and a 1D FFT is performed. The elements not in the 
passband are a zeroed. The Fourier transforms are then squared 
to find the power spectrum of each column. This result is then 
displayed as an image (Fig. 3). This image is then median 
filtered with a horizontal 9 by 1 median filter to reduce noise in 
the power spectrum.  

The maximum value of the power spectrum in each column 
is plotted against the column, normalized against the maximum 
value in the image. A threshold is then selected by the user by 
visual inspection of the denoised sarcomere image for what 
threshold of the normalized power spectrum relates to a 
column where sarcomeres exist in the image.  

3) Length calculation  
For each column that is above the selected normalized 

threshold, a Gaussian peak is fit to the Fourier Transform with 
the MATLAB function fit. If that fit does not result in a 
sufficient goodness of fit as measured by the sum of squared 
error, 2 Gaussians are fit the data. If the goodness of fit is 
above a certain threshold, the shift of the highest Gaussian is 

recorded, and the shift value is used to calculate the period of 
the sarcomeres, the sarcomere length, in the column.  

Based on the sarcomere results recorded across the image, 
we want to determine is there are 2 fibers present or if there is 
1. If the difference between the longest and shortest recorded 
sarcomeres is greater than 0.1 µm, then we consider there to be 
2 fibers. The greatest difference between the successive 
columns where sarcomeres lengths are calculated is used to 
determine where the fiber division is in the image. For 
visualization purposes the mean sarcomere length is then 
displayed over the fiber in the image of the fiber.  

C. Twitch Properties Determination 
1)  Determine Stable Edges 
The goal of the dynamic twitch images is to trace the shape 

of the displacement of a column long region of interest across 
the image, which is the time axis. As some portions of the 
image can be noisy, or may not contain any features, we first 
determine what horizontal portion of the image is stable and 
has information that can be tracked across the image. A Canny 
edge detector was used to find the edges in the image. Many 
Canny edges were found, but some were disconnected or 
erroneous connections were formed. To only keep good Canny 
edges, only edges that had a bounding box that was at least 500 
pixels wide were kept.  

2)  Track region of interest 
The topmost and bottommost strong Canny edges were 

used to find the upper and lower bounds for a tracking region. 
A 20 pixels buffer is given between the upper and lower 
bounds for the tracking region and the outer Canny Edges. 
Because the images were generated such that the electrical 
stimulus occurs after 50 pixels worth of time, the first section 
of the image should be very stable. The first 40 columns were 
averaged together and cropped at the bounds to make the one 
pixel wide tracking region (Fig. 4). For each subsequent 
column, the region is shifted a certain amount up and down. 
The recorded shift of the region is that which results in the least 
sum of squared errors when compared to the same size region 
in the column. This is preformed across the image in order to 
get a trace of the shape of the displacement.    

3)  Fit to twitch equation 
The equation in [6] describes an analytical function that 

includes the parameters of contraction time, peak displacement, 
and half relaxation time of a motor unit twitch. A least squares 
curve fit is performed to determine those parameters that 



 

Fig. 7.  Scatter plot of previous sarcomere length measuments and lengths 
measured with this algorithm in µm. Teal points are images where the 
rotation of the fibers were not obvious or aligned with fiber axis, resulting 
in greater error. 

  

  

Fig. 6.  Averaged input twitch images on left, and resulting analytical twitch 
and calculated rise time on top of denoised images on right. 

  

  

Fig. 5.  Input static sarcomere images on left, and rotated and denoised 
images with average sarcomere length of fibers on right.  

produce in a curve that results in the least error when compared 
to the shift that was found across the image using the 
MATLAB function lsqcurvefit. For visualization purposes, the 
resulting analytical twitch is then printed on the center of the 
image for visual inspection to ensure a good fit.   

III. RESULTS 
The algorithms were applied to a variety of image stacks of 

static images (Fig. 5) and dynamic images (Fig. 6) collected in 
vivo in humans. These images had already been processed by 
older methods that required much more interaction by the user. 
A comparison provides a baseline for the accuracy of the new 
algorithms.  

A. Length Determination Performance 
Of the 15 images analyzed with the new algorithm, 12 

images resulted in measurements within 2% of old 
measurements. Fig. 7 shows a scatterplot as a comparison of 
the results. The closeness of the results suggests that the 
algorithm is robust and can find sarcomeres even in noisy 
images. However, the automatic detection of the rotation is not 
robust if the sarcomere bands are not perpendicular to the 
muscle fiber edges. This is observed to be the case if the 
resulting sarcomere lengths have a sloping trend across the 
image.  

B. Twitch Performance 
Fig. 8 shows a comparison of the results against old 

calculations based on tracing out the shape of the twitch by 
hand. As Fig. 6 shows, the algorithm works for both 
sarcomeres as well as collagen scans where the pattern is not 
repeating. Out of 17 images where a result was determined 
from the algorithm, 12 had rise time results within 5% of the 
manual fit results. Images that did not have resulting fits were 

extremely noisy such that there were no strong edges that were 
continuous across the image.   

IV. FUTURE WORK AND CONCLUSION 
There are many further improvements that could be applied 

to improve the performance of the algorithms. For the length 
determination, a more robust way is needed to rotate the image 
such that the fiber edges are aligned as opposed to the 
sarcomeres bands. This is complicated by the fact that the fiber 
edges are not always obvious, but [4] describes one method 
based on edge detection and a Radon transform that can be 
looked into for better rotation. The length algorithm also 
requires the user to input a threshold for the power spectrum to 
determine which columns of the image include sarcomeres. It 



would be good to automate this selection. It is possible to 
remove this step and rely on goodness of fit calculations, but 
having to fit a Gaussian peak in each column is time intensive. 

Another improvement would be to automatically tell by 
looking at an image if sarcomeres or a twitch exists, as this 
would improve the throughput of the stacks of images.  

If the results from the presented algorithms are not 
accurate, it is easy to tell by looking at the output image. If 
need be, a more manual approach can then be applied for 
analysis on the few images where these algorithms fail. The 
methods presented in this paper are robust methods for finding 
important muscle parameters from microendoscopy images 
that are more automated than previous methods.  
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Fig. 8.  Comparison between manual trace of twitch to automatic tracing 
to determine the rise time in milliseconds.  


