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Introduction
Regulated biosynthetic-secretory pathway has sophisticated release mechanism 
directly tuned by extracellular signals ( “regulated exocytosis”).  Advancement in 
total internal reflection fluorescence (TIRF) microscopy enables the tracking of 
protein translocation and the observation of granule behavior adjacent to the 
plasma membrane. However, kinetic events occurring at the cell surface during 
exocytosis, such as vesicle movements, recruitment and fusion cannot be easily 
quantified due to complex object dynamics, noise and obscurations.

We have developed subcellular object tracking and characterization technologies 
that are teachable (teaching phase) for optimal automatic application (execution 
phase).  They include 1) a highly robust and flexible tracking method called “soft 
tracking”; 2) kinetic characterization; 3) state classification and measurements.  
Objects at each time point are tracked and classified as “Kiss”, “Run”, “Comet” or 
“Exocytosis” states.  The objective of this study is to validate the performance of 
the technologies using live cell movies of the dense-core granules labeled with 
neuropeptide Y-Venus fusion protein in PC12 cells.
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Fig 3. Soft tracking method (A) detect “new track”s, “track end “and create 
internal tracking status such as “Stable Track”, “Unstable Track”; (B) track 
objects over time, allowing trajectory overlay for track examination.

Future Efforts
We will continue to test these methods on additional images 
We will further incorporate motion energy to improve the tracking
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Fig 6. Teach a decision 
recipe to classify tracking 
states; (A) Define label 
template and set state
transition condition; (B) 
Input teaching data by 
labeling
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Fig 8. (A) Two movies containing live cell movies of the dense-core granules
labeled with neuropeptide Y-Venus fusion protein in PC12 cells. (A) Shows 5 
frames of the first movie containing 49 objects 150 frames, respectively. (B) 
Shows 5 frames of the second movie containing 14 objects 150 frames, 
respectively

Fig 9. Table of the numerical values of the metrics. The Average track error 
is 0.0250±0.0437 for the first movie and 0.2727±0.2333 for the second 
movie which has inconsistent object intensities and movements.  The 
average (weighted by the object counts) of the two movies are: Avg. track 
error = 0.08; Avg. object tracking error = 0.086; Avg. matching tracking 
sensitivity = 1.0.
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Pre-processing Fig 2. Pre-processing is 
performed by Soft 
Matching1,2 spot 
enhancement to 
generate a confidence 
map. (A) shows a 
representative  input 
image; (B) shows the 
teaching regions: Green
to enhance, Red to 
suppress and Yellow to 
ignore; (C) shows the 
confidence map.
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Our hypothesis is that our methods achieve similar performance to the best 
manual method. We test the hypothesis using detection, tracking, and state 
classification accuracy metrics. 

Tracking Accuracy Metrics
Average track error: No. of tracks having ≥ 10% incorrect tracking time points 
over the entire time divided by the total number of tracks

Average object tracking error: No. of incorrect tracking time points over the 
entire time divided by the total number of time points

Average matching tracking sensitivity: For each truth trajectories, no. of objects 
in the detected tracks having ≥ 10% overlay with the truth trajectories divided by 
all objects in the truth trajectories 

Results
We used manual tracks as the truth and evaluated the tracking performance using the 
tracking accuracy metrics. Since the manual tracks are subject to human drawing 
errors and the automatic detection also introduce additional errors, we used 5 pixel 
‘radial limit’ in both x and y locations for applying tracking accuracy metrics.  Fig. 9 
shows the tracking results.  The average tracking accuracy is about 92% (tracking 
error about 0.08). The state classification is teachable, the teaching accuracy for a 
simple state definition is 100% (see Fig. 7(C)).  We will perform more analyses after 
the state classification is further clarified.

Conclusion
Study results show that the tracking results are closely aligned with manual 
tracking. Based on the high tracking sensitivity (~100%) and low object tracking 
error (<10%), we conclude that the hypothesis is supported with statistical 
significance. The state classification is not well tested due to uncertain truth, but the 
training results indicate that our decision technology could flexibly be taught to 
classify the desired states. We believe the technologies could standardize 
quantitative exocytosis characterization, and are working to validate them on a 
number of live cell exocytosis movies. 

Fig 1. Teachable subcellular tracking architecture consists of a preprocessing 
step, a soft tracking step, a kinetic characterization step and a state 
classification step.  It is implemented in SVCellTM kinetic prototype.
Pre-processing: input movie(s) are pre-processed to generate confidence 
maps. The high confidence map regions are then detected. 
Soft tracking: morphology, kinetic and object states are integrated to produce
track candidates and to match objects into track segments.  
Kinetic characterization: comprehensive measurements on tracked objects
State classification: classify tracked objects into different kinetic states and 
perform state based measurements. 
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Fig 4. Soft tracking 
teaching is performed 
interactively by SVCell 
using an intuitive “teach 
by example” point-and-
click interface.  Single 
or multiple objects can 
be used to teach the 
software typical kinetic 
behaviors

Kinetic Characterization
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Track movement characterization 
measurements

Total Time: Total time span of a track
Total Length: Total incremental distances of 
curvature track path
Curvilinear Velocity: Total Length divided 
by Total Time
Straight Line Velocity: Straight line run 
length divided by Total Time
Track linearity percentage: Ratio of 
Straight Line Velocity to Curvilinear 
Velocity
Curvature Rate: Sum of angle change 
within the length of the track. It includes the 
sign to reflect the direction of change

Track: the path traveled by a tracked 
object
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Fig 7. After teaching data are labeled, (A) a decision recipe can be 
automatically generated; (B) the decision rule can be examined; (C) the 
training data performance can be evaluated by the Contingency Table.
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Running State Measurements

Fig 8. After applying decision recipe to tracked 
objects, (A) the state statistics for each object 
are accumulated for the most recent duration 
of each state.  The running statistics include 
During, Total distance, Average velocity and 
Average acceleration. (B) SVCell linked 
objects, tracks, charts and spreadsheets 
facilitate data driven image investigation.
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State Classification Accuracy
Four states are defined: “Kiss”, “Run”, “Comet” or “Exocytosis”

Contingency Table: 4X4 contingency table is used to record and analyze truth vs. 
classification result

Overview
Our subcellular tracking architecture uniquely allows flexible tracking optimization 
by teaching, and fully automated execution after teaching. 
Teaching phase: Software can be taught to create recipes for the processing steps.
Execution phase: Recipes are applied to input movies for automated tracking.

Teachable Tracking Architecture

Fig 5. (A) A comprehensive set of object measurements for each time point is 
listed; (B) Track is defined; (C) Track movement characterization 
measurements are listed

 

 First movie Second movie 
Avg. track error 0.0250 ± 0.0437 0.2727 ±0.2333 
Avg. object tracking error 0.0111 ± 0.0024 0.3463 ±0.00203 
Avg. matching tracking sensitivity 1.0 ± 0 1.0 ± 0 
Track object  count 49 14 
Frame count 150 150 


