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Abstract—we reported here tasks we accomplished to improve 
the 2D curve tracing algorithm: 1) Optimized individual steps in 
the tracing program with tools from the field of digital image 
processing; 2) Implemented training sets and evaluation 
conditions that teach the program to look for parameters that fit 
a wide variety of data quality.  
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I.  INTRODUCTION  
Live images of cargo transport in axons, or more generally, 

intracellular particle transport, include a large amount of 
information such as transport direction, moving speed, moving 
length, pausing frequency, pausing duration and so on. Single-
particle-tracking is usually implemented to extract such 
information. Another approach is to follow the trajectory of 
individual particles and make time vs. position kymographs, 
converting the 3D time-lapse data (x, y, t) into 2D curves [1]. 
To get transport direction, speed and pausing information from 
these kymographs automatically is a 2D-curve tracing problem. 
Existing algorithms of curve-tracing works well on clean and 
high-contrast 2D curve images but are much less reliable on 
low-quality data [3]. The goal of this project is to develop 
algorithms that optimize curve-tracing of kymographs and 
similar 2D trajectories.. 

II. METHODS 

A. Work Flow of 2D Curve Tracing 
The 2D curve tracing algorithm can be divided into 4 steps: 

filtering, seeding, tracing and connecting. To optimize the 
parameters involved, training sets and evaluation criteria are 
needed. The overall work flow is illustrated in Fig. 1.  

In this project, we tried to improve individual steps in this 
method from existing algorithms, as well as implementing 
functions to make training sets, which is used to optimize a 
whole set of parameters involved in the 4 steps mentioned 
above, based on some evaluation criteria.  Details of each step 
are discussed here. 

B. Filter the Kymograph (Pre-Processing) 
The solution to the problem of tracking axonal transport 

after converting a Kymograph in 3D movie into a equivalent 
single 2D image-curve tracing problem, largely relies upon 
reliably identifying the true trajectory of a particle from a 

noisy back ground of false trajectories. Certain amount of pre- 
processing of the image helps in saving significant processing 
time in nest few steps. Some methods of pre- processing the 
images using a 1D Gaussian low pass filters have been 
investigated.[2][3] Non linear shift invariant filters such as top 
hat, bottom hat filtering methods developed by Meyer were 
also used for enhancing the contrast of the kymographs. [2] 
However existing low pass and band pass filtering induce a 
blurring effect at the edges due to smoothing and the non linear 
filtering techniques such as erosion and dilation introduce 
unwanted expansion and contraction of regions based on the 
size and shape of the structuring elements. Non linear filtering 
based on soft-coring techniques requires training by large set of 
data to come up with optimal set of parameters. Since the 
problem at hand deals with both local and global features, any 
filtering techniques that exploit the local characteristics of the 
image will be helpful. Bilateral filters [5] provide a natural 
solution to the problem as they are non- iterative and also easy 
to implement.   

A normal band pass filter performs weighted averaging of 
pixels in a neighborhood N where the weights used for 
averaging are typically function of spatial distance from an axis 
of reference. Bilateral filters include a weighted averaging of 
spatial distance as well as local intensity of the pixels A normal 
band pass filter performs weighted averaging of pixels in a 
neighborhood N where the weights used for averaging are 
typically function of spatial distance from an axis of reference. 
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Figure. 1 Main steps of the automatic curve tracing program. 



Bilateral filters include a weighted averaging of spatial distance 
as well as local intensity of the pixels in the neighborhood N 
and hence have an advantage of enhancing the local 
characteristics. Given an image, a group of pixels can differ by 
their spatial distance(domain)or by intensity(range).Traditional 
or domain filtering techniques reduce the dissimilarity between 
the neighborhood pixels as the spatial distance 
(closeness)increases while bilateral filters reduce the difference 
in both and space(closeness) and intensity(similarity). The 
picture in the figure clearly depicts the use of bi lateral filtering 
where there is a sudden change in intensity or color while 
smoothing the corresponding regions 1) Bilateral Filters: Let x 
be the spatial distance; x can be vector in RGB space and α be 
any other point in the neighborhood N and f(x) be the intensity 
image defined on x. Typical domain filters are defined as h(x) 

 
where ||s(α , x)|| is the magnitude of the vector window 
function which preserves the dc component of the low pass 
signal. The filter is said to be invariant if s(α,x)is a function of 
α − x. Similarly if another window which is a function of f(x) 
and f(α ) is defined in addition to s(α ,x)in eqn(1), the 
resulting filter is a bilateral filter. 

 
 

C. Find Start Points (Sseeds) on the Filtered Image 
 

Seeding involves location of possible points on the true 
tracks of the 2D kymograph. This was achieved in the previous 

implementation by an empirical procedure which needed some 
manual intervention. Local maxima at a distance with in the 
neighborhood are obtained and then compared against maxima 
of the dilated version of the same image and the points with 
minimal difference in intensities assumed to be the possible 
seed points. Though intuitively the procedure looks fine, 
dilating the image can cause a increased probability of 
detection of false positives as dilation expands the boundaries 
along the edges. Also setting a 10 percent brightness cutoff 
might result in losing seed points which are at the edge of the 
cutoff. The number of seed points that fall within 10 percent 
limits cannot be controlled and may often result in higher or 
less number of seed points than expected.  

In this project we use Otsu’s local thresholding [2] on the 
signal to noise ratio of each pixel for a block of M by N pixels 
in the given image. Region labeling techniques are then used to 
identify the pixels with higher intensity than the pixels in the 
neighborhood. Otsu’s thresholding helps in 2 ways: it helps in 
histogram based thresholding of local neighborhood of M by N 
pixels, that can be varied based on global and local 
characteristics of the image which suits the current problem. It 
can be done iteratively until the required number of pixels are 
reached without much false alarm rate. A flow chart indicating 
the steps followed to implement the algorithm is shown in Fig. 
2.  The kymograph normalized with the maximum value and 
scales the image such that Intensity values are in the range [0, 
1].Based on the size of the available image, if needed a subset 
of image pixels can be used in further steps. A grid of N 
horizontal and N+M vertical lines can also be used for this 
purpose. For each pixel pi in the image obtained after 1D 
bilateral filtering along the distance axis a P pixel 
neighborhood of size R by S pixels is defined. Typical sizes 
selected are 5 by 5 and 10 by 10 in current implementation. 
Signal to Noise ratio of each pixel pi is calculated assuming the 
pixels in the neighborhood as noise. This is realized by 
convolving the image by an equal weighted 2D low pass filter 
of size R by S. For each pixel pi the SNR is then computed as: 

where hlp is the 2D-R by S-low pass filtered output of pixel pi 
for each pi f(x) Image is further divided into M by N blocks 
and local Otsu’s threhsold is used to binarize the image. The 
foreground pixels are the pixels greater than local threshold for 
the M by N block and the background pixels are those values 
lesser than local threshold. The mean SNR of the fore-ground 
pixels is subtracted from the mean SNR of the back ground 
pixels. The difference in the SNR s divided by the standard 
deviation of the background pixels is taken as the SNRM;N of 
the M×N block of pixels. The block is stored for more 
iterations if SNRM;N satisfies the following eqn:  

 

The pixels thus obtained can be iteratively reduced further 
by sorting the pixels in each block and picking the top x pixel 
values while fitting to demands of the user on a required 
number of pixels. Alternatively one can use the brightness 
thresholds to iteratively determine local maximum.  Figure. 2 Flow chart of the seeding algorithm 



Another feature implemented in this seeding function is the 
removal of flat lines. Stationary particles in axons lead to the 
generation of straight lines along time in kymographs. These 
flat trajectories are not expected to be analyzed since they are 
not related to active transport. Tracing along these lines takes 
up resources. Since these lines are usually bright, they may also 
interfere with the tracing and connecting steps. Hough 
transform can be implemented here to detect straight lines, with 
theta scanned within a small range around 90 degree. Yet the 
straight line masks should not be applied to the original or 
filtered image since it will lead to gaps along traces across the 
line. Instead, the line masks can be applied to prevent seeds 
from falling onto these lines, which naturally exclude most of 
the tracing work along flat lines.  

D. Trace from Each Seed Point 
Each following point on the trace is determined by 

quantizing all 2D space around the previous point into 32 
directions and calculates edge responses perpendicular to each 
direction. The direction with the largest edge responses 
indicates the orientation to the next point; implemented as 
published [2]. 

E. ConnectTtrace Segments 
Short segments are connected based on continuity in 

orientation and intensity, based on published algorithm [3].  

F. Make Training Sets and Set up Evaluation Criteria 
Each step discussed above involves a few parameters, for 

instance, the window size and Sigmas in the bilateral filter, the 
number of seeds in the seeding step, etc. One set of parameter 
may work well for one image but not others. To make 
automation a reality and avoid manual y adjusting parameters 
for each image, we can set up a training set with a wide 
variety of data quality and itinerate through different 
combinations of parameters until it works reasonably well for 
all the training data. 

The ‘true’ values in the training set, or the references, are 
traces selected carefully by human on kymographs (one such 
example is shown is Fig. 3). The same kymographs are then 
traced by the program with changing parameters until tracing 
result of the whole set reach certain criteria. The same 
parameter is then applied to trace the big body of experimental 
data. 

We implemented two criteria to evaluate how closely the 
automated-tracing result matches the reference:  

•  Position correlation, defined as sum(distance between 
each point on reference traces and the closet point on 
the auto-tracing result)/total number of points on the 
reference traces. It shows how similarly in position 
each reference trace is picked up by the automated 
tracing program.  

•  False positive, defined as number of points on auto 
tracing result but not on reference traces/total number 
of points in reference traces. It indicates how much of 
the automatically computed traces are not supposed to 
be picked up.  

 
 
 

III. RESULTS 

A. Bilateral Filtering Reduces Noise and Preserves Edges 
Fig. 4 shows the image obtained through bi lateral filtering 

compared with 1D Gaussian mean filtering. The bilateral filter 
averages out noise without blurring the edges.  

 

 
 

 
 

 
 

Figure. 3 A manually generated tracing result as a reference 

Figure. 4 The original kymograph before filtering (top), image obtained 
after bilateral filtering (middle) and image after Gaussian-mean filtering 



B. Local Ostu’s Seeding Dectects More Valid Seed Points 
Compared with the seeding algorithm which detects global 

intensity maxima, the seeding algorithm based on local Ostu’s 
thresholding generate less data points on the back ground; in 
another word, seeds detected are more focused on global 
forground, making the following tracing algorithm faster and 
more accuarate.  As shown in Fig. 5, 408 seeds are detected 
and 66.9% of them fall closely to the ‘true’ traces in the 
reference. The global intensity maxima algorithm detects 300 
seed points, only 26.3% of them are close to the ‘true’ traces. 

 

 

 
 

 

C. Detection of flat lines helps to eliminate invalid seeds 
The Hough Transform algorithm implemented before seed 

detection removes most flat lines, making seeding more 
focused on non-flat trajectories. Fig. 6 shows the seeding result 
without flat-line removal. It has 46.5% of the seeds located on 
true trajectories, compared with 66.9% in Fig. 5 (top). With 
most seed points on the expected traces, following tracing step 
can be faster and more accurate.  

 
 

D. Evaluation Criteria Show Improvement of New Algorithms 
When we process the kymograph in Fig. 4 (top) with 

tracing program with a Gaussian minus mean filter and global 
maxima seeding algorithm and no flat line removal, the 
evaluation results are: 

• Position correlation = 1.7046 

• False positive = 1.7577 

With the new version tracing program and the same 
kymograph, we get: 

• Position correlation = 1.4682 

• False positive = 1.3004 

Both evaluation numbers are smaller with the improved 
tracing program, indicating that it might fit better to the 2D 
curve tracing problem we are facing (Fig. 7). More data are 
being tested at this moment to fully confirm it.  

 
 

 
 
 

IV. CONCLUSION 
In this project we improved the 2D curve tracing program 

by implementing 1) a bilateral filter to suppress noise while 
preserve crisp edges of the kymographs; 2) local Ostu’s 
method to detect local maxima as seed points; 3)  Hough 
transform to detect flat lines and improve seeding and tracing 
steps. Training sets and evaluation criteria are also set up to 
look for parameters that work for data of different quality. 
Unfortunately this optimization involves long itineration of the 
tracing program and we did not really finish it. Therefore so far 
we are not clear how well this improved tracing program can 
be trained.   

One step involved in making kymograph itself is to pick up 
axon trajectories from the Z-projection of a movie. This is also 

Figure. 6 Seeds detected with local Ostu’s method but with no flat-line 
removal. 

Figure. 7 Tracing result of the same kymograph with previous tracing 
program (top) and improved tracing program (bottom).  

Figure. 5 Seeding resoult with the local Ostu’s thresholding (top) and 
the global maximal intesity method (bottom). 



a 2D curve tracing problem that is very close to the tracing of 
kymographs, but it might encounter more irregular, 
complicated backgrounds and very different trajectory shapes 
and brightness. Yet with a more extensive research of filtering 
and seeding algorithms, this problem is also possible to be 
tackled, which will lead to full automation of the 3D particle 
tracking  in axonal transport.  

ACKNOWLEDGMENT 
The authors of this report would like to thank David Chen 

for his mentoring of this project and Professor Bernd Girod for 
his instructions in the class. Thanks to Daphne Che and 
Bianxiao Cui at Stanford University for providing MATLAB 
coding of the basic tracing program.   

 

 

 

REFERENCES 
[1] Racine, V., M. Sachse, et al. "Visualization and quantification of vesicle 

trafficking on a three‐ dimensional cytoskeleton network in living 
cells." J Microsc 225(Pt 3): 214‐28, 2007 

[2] Zhang, Y., X. Zhou, et al. "A novel tracing algorithm for high 
throughput imaging Screening of neuron-based assays." J Neurosci 
Methods 160(1): 149‐62, 2007 

[3] Zhang, K., Y. Osakada, et al. "Automated image analysis for tracking 
cargo transport in axons." Microsc Res Tech., Oct 13, 2010 

[4] C. Tomasi R. Manduchi. et al. ”Bilateral Filtering for Gray and Color 
Images.” Proceedings of the 1998 IEEE International Conference on 
Computer Vision, Bombay, India 

[5] R. Nicole, “Title of paper with only first word capitalized,” J. Name 
Stand. Abbrev., in press. 

[6] Y. Yorozu, M. Hirano, K. Oka, and Y. Tagawa, “Electron spectroscopy 
studies on magneto-optical media and plastic substrate interface,” IEEE 
Transl. J. Magn. Japan, vol. 2, pp. 740–741, August 1987 [Digests 9th 
Annual Conf. Magnetics Japan, p. 301, 1982]. 

[7] M. Young, The Technical Writer's Handbook. Mill Valley, CA: 
University Science, 1989. 

  



 

Wenjun 
Xie 

  

  
Sai Karri Sai Karri 

Wenjun 
Xie 

Wenjun 
Xie

Work distribution 

Poster: Wenjun Xie 


