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Abstract

Video sequences are normally interpreted as a group of moving objects, with identifiable background and foreground layers.  Intuitively, this is a reasonable assumption since people do not typically think of video as merely a collection of time-varying pixel intensity values.  This project explores different methods of discriminating between different object classes within a video sequence.  Among the discriminants for making these classifications are color content, “texture”, and intensity distribution.  The main determinant of system performance lies in the ability to accurately distinguish between background and foreground throughout the duration of the sequence.  This process will be defined more clearly and examined closely.  Objects that undergo motion will be continuously tracked, using position estimates derived from motion-estimation calculations using previous frames.  The combination of occlusion-friendly tracking and video layering also gives rise to the option of implementing virtual object removal, a specific type of special effect.

Problem Motivation

The ability to isolate and characterize moving objects in a video sequence is essential to the design and implementation of many video processing systems.  However, there is no definitive way of doing this and much research has been done to find efficient and robust systems to accomplish this crucial task.  Conventional approaches range from automatic edge detection to Fourier analysis of individual frames.  A novel approach that has been examined is the segmentation of video sequence data into distinct layers, characterized mainly by commonalities in apparent motion [3,5].  These layers contain, but are not limited to, intensity information, their relationships with other layers, and motion information, usually in the form of parameters adhering to a specific motion model.  This representation is desirable because of the flexibility it has for use in many different types of systems.  For instance, it can be used as the foundation for more efficient forms of video coding and for post-production effects like seamless object removal or insertion.  

The use of layers proves to be an accessible and intuitive way of identifying and isolating objects of interest in video sequences.  It is intuitive because people tend to conceptualize video sequences as objects moving in front of a background scene.  All the information in such a sequence is present in how the frames change over time.  Separating the video sequence into layers allows the system designer to deal solely with a compressed form of the video’s information content (the foreground objects).  

These objects, once isolated, can be easily tracked over time to acquire information about trajectory.  The initial application visualized for such a system was a sports “instant replay” tool for projecting the path of a ball in the event that faulty scene coverage was obtained.  This application is well-suited because of the known background (usually grass, but it depends on the camera angle) and the predetermined characteristics of the foreground objects (ball, players wearing team uniforms).  The different layers can represent the ball, the grass, and each team in play.

Previous Attempts

Initially, this system was to use the layering approach championed by Wang and Adelson [3].  However, implementation difficulties proved to be too time-consuming and an alternate method of separating background from foreground was used.  

A secondary approach to segment the video sequence was to deal with explicitly separate the different components of the foreground layer.  Harville et al. [2] propose a system that employs mixture models to accomplish this task.  The only drawback to this proposal is their requirement of depth information for the video sequence.   Such a requirement would require either data from two image sources or complex estimations of 3-D object placement from a 2-D image.  Since the computational requirements for this are generally too much and the presence of a second camera cannot be assumed, a third approach was found.

The approach used in this system was gleaned from the work of Stauffer and Grimson.  They detail a robust and relatively computationally inexpensive method of modeling the background of a given video sequence.  Their work proves to be quite useful in that it fulfill two requirements of this system in one step.  It separates the video into useful layers.  

Approach

The system described in this report employs the use of background segmentation as the first step in analyzing the motions of objects in a video sequence.  The camera source is assumed to be stationary.  This is a reasonable assumption when dealing with applications like surveillance and monitoring systems.  This system can be designed to run in real-time since the only information required from past frames lies in parameters that are updated on a frame-by-frame basis.  

Background Segmentation

Over time, individual pixels in a video sequence undergo constant change.  These changes can stem from many possibilities including the presence of moving objects, fluctuations in lighting, and intrinsic capture noise.  Reliable background segmentation must account for these changes in a graceful manner.  Stauffer and Grimson push the notion that different types of pixel fluctuations can be modeled by a weighted mixture of Gaussian distributions.  The distribution mixture for an individual pixel over time is:
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where Xt is a vector of YUV values pertaining to a pixel at time t.  The omega values correspond to the weights of each Gaussian component contributes to the estimated distribution of a pixel.  Multiple Gaussians are necessary to account for the possibility of changing lighting conditions and other unpredictable interactions between foreground and background.  It is desired to use as many Gaussian classes as possible to increase robustness for the system, but it can become quite computationally expensive if that number becomes too high.  Empirically, at least five classes of at least 5 are sufficient for an accurate representation of the background layer of video sequences. 

The values of the means, variances, and weights are computed and updated on a frame-by-frame basis.  Given the well-known nature of Gaussian functions, the method of k-means clustering can be used to determine the means, variance, and weights of the background layers in YUV space.  The algorithm of k-means clustering [6,7] is quite involved and not well-suited for real-time operation.  However, on-line k-means clustering works very well in this situation.  This algorithm is used in the original implementation by Stauffer and Grimson. 

The use of the k-mean algorithm in this case assumes a few properties for the image.  The initial means for each pixels are equal to account for the fact that the same scene is being examined in the system.  Such an assumption also help in maintaining the order of the weights uniform for all the pixels in a given video frame.  

The number of frames necessary for convergence to a suitable background model is quite low.  A reliable model was computed after about 15 frames, which corresponds to approximately half a second of video.

The layers corresponding to background are computed by finding the b number suitable for a sum of layers ordered by variance.  The b variable tends to be larger for backgrounds that are more heterogeneous in texture and color.
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Foreground Isolation

Once the background is identified for a given frame in the video sequence, it becomes quite easy to separate the objects of interest.  However, the areas in the foreground alpha map pertaining to moving objects tend to be somewhat noisy due to the effects of interaction between the moving objects and the background layer.  Examples of these interactions are shadowing and moving of background objects.  The noise usually presents itself in the form of trails that follow the moving object or sparse fields of noise that linger where a moving object was located in a previous frame.  Such artifacts interfere with the accuracy of locating foreground objects and present the possibility of having false positives in object identification.

A second type of artifact that proves to be bothersome is the presence of holes in the foreground alpha map that create gaps in areas identified as foreground objects.  These gaps are indicative of classification error by the background identifier.  These errors usually occur when a portion of a foreground image is “camouflaged” by having similar color information characteristics as the background.  However, the holes tend to not be too large to significantly corrupt the foreground objects.  Both of these types of artifacts are exhibited in figure 1.


Fortunately, both types of artifacts are fairly uniform in composition and can be dealt with through the use of a noise-removing median filter.  The filter is applied to an alpha map representing those pixels identified as foreground.  Given the small size of these artifacts, a median filter of 3x3 is sufficient to yield a clean foreground layer image.  Median filters of higher dimensionality can cause distortion on the edges of the foreground object in the alpha map.  
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        (a)






(b)

Figure 1. This demonstrates the differences between an (a) unfiltered alpha map and a (b) median-filtered alpha map.

Object Tracking

Upon obtaining a fairly accurate representation of where moving objects lie in a given video frame, it is possible to segment the foreground layer further and isolate each individual object as its own entity.  A term developed from a previous application that tracks moving bodies [4] in a video sequence is borrowed that encompasses the spirit of how these object should be regarded.  Each object is treated as a “blob” where all points within are connected.  

Each one of these entities can be tracked by finding its center of gravity.  This can be interpreted as the spatial center of each blob.  A rough estimate of the trajectory of the blob can be computed by finding a translational motion estimate based on the change of position from one frame to another using an 8x8 block centered at the centroid of the blob.  This is shown in Figure 2.
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       Figure 2.

Concluding Remarks

The practice of separating background and foreground layers in a video sequence proves to be a very powerful tool in isolating moving objects in a video sequence.  In fixed-camera systems, this method is sufficiently robust to noise from lighting effects and shadowing by foreground objects.  This system can reliably give a rough tracking of each significant object moving in a synamic scene.  Such a system can be generalized to be a sub-system of a more elaborate post-production special effects tool.
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