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Abstract

The goal of the project is to recognize moving vehicles and track them throughout their life spans.  Our algorithm uses a combination of motion detection and image-based template matching to track the targets.   Motion detection is determined by temporal differencing and template matching is done only on the locations as guided by the motion detection stage to provide a robust target-tracking method.  Results show no false object recognition in all tested images, perfect tracking for the synthetic images and 98% tracked rate on the real images.

1. Introduction

There are two main goals to our project:  to correctly recognize moving objects of interest, and to track those moving objects throughout their life spans.  The problem facing the first task is noise:  some of the moving pixels in the image may be due to camera motion or noisy background that are not of interest.  We solve this problem using size constraint to filter out movements that are too small to be part of an object of interest.  The problem facing the second task is how to correctly identify the objects of interest in all the image frames.   Using motion detection alone to track the targets provides a poor method due to the noisy movements.  Template matching alone is not robust against change in object orientation and tends to drift off when targets are in motion.   Hence, we use a combination of the two by performing template matching only on the pixels that are moving.  Results have shown this to be a robust method in both recognizing the objects as well as tracking them.

The rest of the report presents a brief literature review; a description of the experiment design and the program; presentation of the results; conclusion and discussion for future work.  Appendix 1 shows the listing of the program.  Appendix 2 gives the program documentation.  Appendix 3 contains all the results of the test images.

2. Literature Review

Motion detection and object tracking is a very rich research area in computer vision.  The main issues that make this research area difficult are:

1. Computational Expense.  If an algorithm for detecting motions and tracking objects is to be applied to real-time applications, then it needs to be computationally inexpensive so that a modern PC has enough power to run it.   Yet many algorithms in this research area are very computationally expensive since they require computing values for each pixel in each image frame. 

2. Moving Background Rejection.  The algorithm also needs to be able to reject moving background such as a swaying tree branch and not mistakenly recognizes it as a moving object of interest.  Misclassification can easily occur if the area of moving background is large compared to the objects of interest, or if the speed of moving objects is as slow as the background.

3. Tracking Through Occlusion.  Many algorithms have devised ways of becoming robust against small occlusions of interested objects, but most algorithms still fail to track the object if it is occluded for a long period of time.

4. Modeling Targets of Interest.  Many algorithms use a reasonably detailed model of the targets in objects detection and consequently require a large number of pixels on target in order to detect and track them properly.  This is a problem for real-world applications where it is frequently impossible to obtain a large number of pixels on target. 
5. Adapting to Illumination Variation.  Real-world applications will inevitably have variation in scene illumination that a motion detection algorithm needs to cope with.  Yet if an algorithm is purely an intensity-based method then it will fail under illumination variation.
6. Analyzing Object Motion.   After objects have been correctly classified and tracked, an algorithm may want to analyze the object motions such as the gait of moving human, the speed of car (is it speeding or not?) etc…  This could be difficult especially for non-rigid objects such as human if the object view is not in the right perspective for the algorithm.
7. Adapting to Camera Motion.   Detecting moving entities from mobile camera video streams still remains a challenge in this research area.
The rest of this section describes the contributions made by recently published papers and how they tackle some of the above problems.

[1] Moving Target Classification and Tracking from Real-Time Video

Alan J. Lipton

               
Hironobu Fujiyoshi


Raju S. Patil

This paper presents the object-tracking algorithm using a combination of temporal differencing and template matching. It also suggests using dispersedness to classify the targets that are humans and cars. 

Object-tracking approach

1. Motion regions are recognized by motion detection using temporal differencing. A motion region is a region that has a difference between the current frame and previous frame more than a specified threshold.

2. Each motion region is then cluttered into the object using component- labeling algorithm.

3. Each object is classified and becomes the template. We use that template to track the corresponding object in the next frame.

4. Template matching is guided by motion detection, i.e., matching will be done at the old location of the object and also at the new motion regions in the current frame.

5. After object being tracked, template will be updated by merging the current template with the matched object using IIR filter.

6. Steps 1 – 5 are repeated as long as needed.

Temporal consistency

The idea is that the true object should be moving long enough or it will be just the transient background movement. The background might be falsely classified as the object. If this occurs, it should later be removed from the template list.

Approach for updating the template list.

1. Record all potential target Pn(i) = Rn(i)from some initial frame. (Rn(i) is the motion region ith in the nth frame)

2. Record classification hypothesis X(i) = { ID(Pn(i) } where ID(x) is the identification metric operator, in this case we use image based metric to identify whether the object is a human or a car.

3. For new frames, each previous motion region Pn-1(i) is matched to the spatially closest motion region Rn(j).

4. Pn-1(i) that does not find the match will be removed from the template list. 

5. Rn(j) that does not match any previous Pn-I(i) will be added to the template list.



X(i) = {X(i)} U { ID(Pn(i)) }

Target Classification

A classification histogram, using ID( ) based on dispersedness, is computed for each motion region at each time, i.e. tclass. Every instant after tclass, the peak of histogram of each motion region is used to classify the target. The object will be reclassified every tclass. 

This is to prevent misclassification of the object by exploiting the fact that if something affects the object, e.g. occlusion, or object coming from the edge, it will not last for a long time. Eventually, when that thing is gone, the histogram of the correct class will outnumber the histogram of the misclassification and the object will be correctly classified. This also gives the tracking more robust to background clutter such as leaves blowing. Again, this false object movement is transient will not last longer than tclass. 

Advantages of object tracking and recognition in this paper

1. Robust against occlusions and moving background clutter.

2. Require little number of pixels of the target, i.e. target model is simple.

3. Computationally inexpensive since the most computational expensive part that is template matching is only done on moving targets.

4. Tracking is still applicable even if target is as small as 4x9 pixels.

Disadvantages

1. Multiple hypothetical targets need to be tracked until there is enough statistical information to reject the target, which is actually a background movement.

2. Misclassification can occur if multiple targets are close together.

3. Small human targets are often not recognized as temporally stable objects.

[2] W4: Real-Time Surveillance of People and Their Activities

 Ismail Haritaoglu


 David Harwood



Larry S. Davis

[1] ‘s project is geared toward real-time monochromatic video and analyzing people’s activities.   First [1] segments the image or video stream into object Vs non-object regions using simple background subtraction algorithm.  Next, it classifies the foreground into a single person, people in a group, or other objects.  If the object is either a single person or people in a group then their motions are analyzed and tracked otherwise the other moving objects are just tracked.

[1]’s main contributions to this research area are:

· Its algorithm W4, can analyze many meaningful human’s motion and events such as detection of a person carrying an object or two people exchanging bags.

· W4 can distinguish between a single human, a group of humans, and other moving objects and tracks them with relative identity.

· W4 is reasonably efficient in rejecting background clutter because they model the background statistically to detect foreground objects.

· W4 is able to track people through occlusions.  

· W4 is also computationally inexpensive because they use a simple but fast background subtraction algorithm in separating the foreground and the background.  

However, W4 main disadvantages are:

· The algorithm fails under drastic scene illuminations since its algorithm in separating the foreground from the background is an intensity-based method.  

· W4 also requires a large number of pixels on target since they use a silhouette-based method which also means that the targets must be in the correct perspective for the algorithm to work.

· W4 is also susceptible to camera motion.

[3] Detecting Salient Motion by Accumulating Directionally-Consistent Flow

L. Wixson.

[3]’s algorithm is designed to cope with significant background motions such as vegetation, specularities on water, and movement of corn field in which moving camouflage soldiers are to be detected.  [3]’s algorithm is based on the notion of salient motion –motion that is consistent in one direction –in recognizing the foreground objects.  The salient flow (based on optic flow) is computed for every pixel.  And group of pixels that are directionally consistent over time are regarded as foreground objects and the rest as background.  

 [3]’s main contributions are:

· The algorithm requires no a priori knowledge about object’s size or shape.  Hence it does not need to have a large number of pixels on target, making the algorithm more robust and efficient in foreground objects detection and tracking.

· The algorithm is also robust against small occlusions since object tracking relies primarily on directionally consistent criterion.

· Unlike [4], the algorithm needs not track multiple hypothetical targets since it has no models of the objects.

· The salience objects leave a streak behind them when they are tracked because the salient flow computed for each pixel persists indefinitely unless the value is reset due to direction reversals detection for that pixel.  This salience trail can be used to display the object’s trajectory history.

[3]’s main disadvantages are:

· The objects of interest must move in a straight line and in a consistent direction otherwise it will be rejected as background.  This is obviously a very limited constraint and many real world applications have objects that do not move consistently in one direction.

· The algorithm is also computationally expensive since salient flow must be computed for every pixel making it unattractive to real-time applications.

[4] Real-Time Human Motion Analysis by Image Skeletonization

Hironobu  Fujiyoshi





 

Alan  J.  Lipton

This paper presents a way to classify the motion of human target in a video sequence. Moving targets are detected and their boundaries extracted. The authors suggest using a star skeleton produced from the target’s boundary as a tool for human motion analysis. 

Features:

· Star skeleton gives two motion cues: body posture, and cyclic motion of skeleton segments.

· Motion activities, e.g. walking, running, and even target’s gait are determined using those two cues.

· Does not require an a priori human model.

· Computationally inexpensive.

“Star” skeletonization
The star skeleton consists of the gross extremities of the target joined to its centroid creating a star-liked object. The gross extremity is the point on object boundary that has the local maximum distance to its centroid.

Motion Analysis

· Body Posture

Body posture is determined from the angle of torso, i.e. the angle of the upper most extremal point of the target. A running person’s torso will be more inclined than a walking person’s. The posture obtained from angles of torso can then be used to determine the motion.

· Cyclic Motion

Cycle detection is obtained from autocorrelation process of the angle of lower extremal point, i.e. at the legs. The autocorrelation process gives the frequency of the cyclic movement. Again, this frequency is quite different between walking and running, so it is possible to classify the motion based on this frequency. (The average walking frequency is 1.75[Hz], and for running, it is 2.875[Hz])

However, autocorrelation introduces the noise in DC component. A high frequency pre-emphasis filter is applied to the signal before autocorrelation in order to reduce such noise.

3. Experimentation and Program Development

3.1 Overview

We design our experiments to solve the issues that we encountered.  The main issues are: dealing with the false positives in the object recognition stage due to camera movements or noisy background; choosing threshold and range parameters to segment the moving regions from the background and combining overlapping regions to create the template of the objects of interest; template matching to give the best tracking results.

3.2 Experiment Design

Our first goal is to eliminate the false positives due to noisy movements in the motion image.  We accomplish this by:

1. Use size filter to eliminate the movements that are too small to be part of an object of interest.

2. Test it with synthetic images such as syn1car.vx and syn2car.vx and experiment with different size filter parameter to minimize the amount of false positives.

3. Next find a relationship between the size of the filter to the size of the image so that the program can determine what filter size to use automatically.

Our second goal is to create the template.  We accomplish this by:

1. Use region growing to group moving pixels in motion image into motion regions and use size filter to eliminate regions that are too large and likely to belong to background.

2. Test with the synthetic images and experiment with different range parameter to obtain best sets of regions as well as different size filter as to minimize the amount of background drifting on to the object regions.

3. Group regions together that belong to same object by using equivalent table.  

4. Test again.  Repeat from step 2 until the right amount of objects are recognized, then create the template for each object.

Since the synthetic images have no noise and can easily be segmented, they present no problem to our first and second goal hence we also test our algorithm with small real images such as truck2.vx and truck1.vx so to give a more accurate picture of the performance of our algorithm.

Our third and final goal is to obtain the best template matching algorithm.  We accomplish this by:

1. Use minimum-absolute-difference matching to find the best matches between the templates and the grouped motion regions and use those best matches to update the templates themselves.

2. Test with synthetic images and small real images and experiment with different matching techniques.

We perform template matching on all the pixels in the image and compare the results with template matching only on those pixels that are moving.  The results show the first method to be more time-consuming and the tracking results are almost identical for both methods.

In summary, we have four different parameters to experiment with: 

· Threshold for temporal differencing to yield moving pixels of interest.  We have determined this value to be about 10% of the brightest pixels.

· Lower size filter to eliminate the noisy movements.  We have determined this to be approximately 0.14 % of the image size.  This seems small but when object moves only those periphery pixels of the objects will be detected by temporal differencing hence small movement size. 

· Upper size filter to eliminate background drifting on to the objects due to close intensity between the background and the object regions.  We determine this to be approximately 3.4% of the image size.

· Range parameter for the region growing of the objects.  We have determined this to be approximately 30 in brightness intensity which was found to work well across all images.

We tested our program with both synthetics image frame and real image frame. The synthetic images were created in Photoshop. We created them to be small and not complicated for testing our program in the initial step. The moving objects have intensity 255 and are clearly different from the background. Our program performs very well on synthetic images. It can track both one and two moving objects correctly. Synthetic images used in this experiment are syn1car.vx and syn2car.vx.

We obtained the real image sequences from the database of ee547. The images used are truck1.vx, truck2.vx, and van.vx. In real images, the moving object and background do not clearly differ as in synthetics image case. The sequences are also longer. The real images give more accurate performance test for our program.

We also compare our tracking program with Vision X, tracking command vtrack and list the feature of each tracker as follows.

Vtrack

· A user must specify the location to be tracked. The program track 9 x 9 window centered at the location specified by the user.

· Tracking performance is very high. Each object specified is correctly tracked through the whole frame.

Our Tracking

· Track moving object automatically.

· Detect moving objects, and segment them. 

· Tracking performance is degraded when moving object and background have little intensity difference.

3.3 Program Development











[image: image1.png]



[image: image2.png]







































[image: image3.png]





























[image: image4.png]











































































[image: image5.png]









[image: image6.png]










4. Results

The result for each step from the test image truck2.vx is shown below, for the results on other images see appendix 3:
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Frame 1
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Frame 6
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Frame 11
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Frame 16
	
	


We tested the algorithm on 4 sets of sequences, 2 synthetic and 2 real images.

We obtained the following results:

	
	Synthetic Sequence 1

(Syn1car.vx)
	Synthetic

Sequence 2

(Syn2car.vx)
	Real 

Sequence 1

(Truck1.vx)
	Real

Sequence 2

(Truck2.vx)

	# of false positives
	0
	0
	0
	0

	# of false negatives
	0
	0
	2
	0

	Track Rate
	100 %
	100 %
	92.9 %
	100 %

	Object Recognition Ability
	Yes
	Yes
	Partial
	Yes


The object recognition problem in sequence truck1.vx is a consequence of poor segmentation of the object which fails to recognize the whole car as the object.  However, the tracking algorithm is not severely affected since it is guided by the motion detection stage resulting in a tracking rate of more than 90 % of the time.

Our program is reasonably efficient with execution time less than 40 s on 30 image sequences of 400 x 60 pixels.  The execution time is increased to over 4 minutes on the same sequences when the template matching was done on all pixels in the image and not just the moving pixels.  The tracking results were also virtually identical.

Though our algorithm does not seem to detect many false positives/negatives, the test images did not contain too many noisy movements.   This is partly due to the small amount of noisy movements that our size filters manage to get rid of, and partly due to a constant appearance in the objects throughout their life spans.  Moreover, our algorithm will not be able to track new objects of interest that are introduced in the middle of the sequence because new templates are not created once the program is underway, the templates are only updated as the sequence runs through. Future work could look to implement this. 






5. Conclusions

For this project, we achieve with an object-tracking program that can automatically track multiple objects. We add intelligence to our program to track moving object automatically without being specified by users. It detects the motion, segments moving objects, and then tracks them in the frames following the first two frames. Tracking accuracy is quite good based on the result that moving objects are correctly tracked through the whole sequence. 

Suggestion for future works

· Processing time.  Full search in the frame takes large amount of time. We reduce searching time by searching only in some parts of the image. We use motion to trigger the search and search only in the moving region. However, this is still too slow for real time applications. Searching algorithm such as hierarchical search or block matching algorithm might be able to make this program faster because it reduces number of pixels to be searched.

· Occlusion.  We do not include occlusion in the program. If occlusion occurs, tracking accuracy will be severely degraded. One way to fix it is to use the database keeping the template of a couple of last frames, and keep track of the mean absolute difference or correlation in template matching. If the difference increases (or the correlation decreases) dramatically and abruptly, it suggests that occlusion already occurs. Then, the program could wait until the occlusion passes, or use an old template in a database instead of a template of an occluded object.

· Motion Analysis. Another area that is very challenging. The segmented moving object from tracking can be further analyzed with the statistics of each motion to verify whether a car is speeding or not, or whether a person is running, walking, or jumping. 
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Tracking Program





Tracking


Read the next image frame. Perform temporal difference with the previous frame to get the motion image. In the current image, search for coordinate that gives the minimum template difference. Instead of searching whole frame, we search only at the locations of pixels that have movement, i.e. nonzero pixels in motion image.  We update the template by replacing it with the template of corresponding object in the current frame and continue tracking in the next frame.





Merge segmented objects


We represent each segment with the window coordinate top-left and bottom-right. Some “segmented objects” may belong to parts of a bigger object. Segmented objects are merged together if they overlap.  This step gives the window that covers the whole object we want to track. We keep that window as the template.


The current image is then saved as previous image for the next frame.





Second Segment


Performs connected component labeling again on the pixels that belong to the sketch we got in the prior step.  Segments that are too big will be erased. Those segments are background mislabeled from the true object.





First Segment 


Segments each motion region using recursive function setlabel( ), and get rid of any region that is too small. (size < prespecified object size) This step gives the approximated sketch of the moving object. We will use this sketch to segment the full object. 





Temporal differencing.


M(i,j)  =  F2(i,j) , | F2(i,j)-F1(i,j) | >= Threshold


            =   0 ,       | F2(i,j)-F1(i,j) | <  Threshold


where F2 is the current image, F1 is the previous image, and M is the motion image.





Start


Read first 2 image frames





Step 1:


Temporal Differencing





Step 2:


Object(s) segmentation


And


Template(s) Creation





Step 3:


Tracking





Step 4:


Temporal Differencing





Step 5:


Tracking via Template Matching 


And


Update Template(s)


(Then repeat from step 4)
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