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Introduction


When a human being looks at an image, he or she is able to extract a myriad of information.  He or she can instantly identify objects in the image, their relative position in space, whether the image is indoors or outdoors, and even the time of day.  This is all done despite lumination effects, shadows, occlusions, and all types of image noise.  To a computer, however, an image is simply an array of integer values.  So then the question becomes, “How can we extract information from an image with a computer just as a human extracts information from an image?”


In this paper, a new way to differentiate objects of interest in the foreground of an image from the background of an image (just one step in modeling human visual processing) is proposed.  In the past, a quick and easy method to extract background pixels was thresholding.  In thresholding, a graytone histogram of a single sample of the background is created.   From this histogram, thresholds for the left and right shoulder values of the histogram are determined.  Finally, all the pixels of the image are compared to these threshold values… if the pixel value falls between these thresholds, then it is a background pixel.


This thresholding method has many shortcomings, though.  First, although local background variations may be small, variations across the entire image may be substantial.  For example, think of a scene at sunrise.  The sky may be quite dark around the edges of the image, but as you approach the rising sun, the sky becomes significantly lighter.  Yet the entire sky is considered the background.  Thresholding also assumes a single background, while in reality, natural images may have a horizon or wall intersections that divide the background.  To sidestep these problems, one may attempt to do an empirical analysis of a background only image (assuming a fixed background), and then use this analysis to extract the background once the object(s) is introduced.  But another problem then arises: once an object is introduced, graytone properties of the background could change (due to reflectance properties of the object, scene illumination, automatic gain control of the camera, and/or shadows)
.


In this research paper, an alternative method is proposed to the traditional thresholding method.  This background extraction method is based on local statistical measurements performed on log-transformed image data
.  This method works despite smooth changes in the background, it works whether the foreground object(s) is lighter or darker than the background (or even if an object isn’t present at all), it works with multiple backgrounds, and perhaps most importantly, it works without any a priori information about the image or its background.


One processing technique this algorithm depends heavily upon is log-transformations.  Log-transformations can help reduce various illumination effects in the image.  This is made evident by the fact that a grayscale image can be expressed as:

g(x, y) = i(x, y) * f(x, y)  where:     
g(x,y) is the grayscale value of a pixel

i(x,y) is the illumination component

f(x,y) is the reflectance component

When the image is log-transformed, illumination effects that were multiplicative (as indicated in the equation above) become additive.  Log-transformation is expressed as:
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Where the image has grayscale values g (
 [gL, gR] and P is a fraction of the original grayscale resolution.
The Algorithm

The first step in the background extraction algorithm is to divide the image into a grid of non-overlapping blocks.  For each of these blocks, determine the log-transformed histogram of the image data within the block, and from this histogram, calculate the mean graytone, the left standard deviation, and the right standard deviation.

Next, we try to determine the homogeneity 
of each block.  In this algorithm, a block is considered homogenous if Q or more percent of its pixels belong to the same class.  More specifically, a block is homogenous if:
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Where Tleft and Tright are the left and right standard deviations of the block’s log-transformed histogram (respectively), and S is the standard deviation of the image.  A homogenous block can be considered background homogenous or foreground homogenous.  If the block is not homogenous, it is considered uncertain.  


Homogenous blocks that lie on the border of the image are considered background homogenous, and their measured statistical parameters are considered to be their background parameters.  Any non-homogenous blocks that lie on the image border are examined starting at an arbitrary block and proceeding clockwise or counterclockwise around the image border.  The background parameters for each of these blocks are estimated from the background parameters of its two nearest background homogenous neighbors.  Once the parameters of that block have been estimated, the block is marked as background homogenous.

Next, interior blocks are examined in a certain sequence that assures that the block being examined has 3 adjacent blocks that have already had their background parameters estimated.  One of these blocks must be horizontally adjacent, one must be vertically adjacent, and the third must be diagonally adjacent between the two other adjacent blocks.  If the block being examined is homogenous, its parameters are compared to those of the vertically and horizontally blocks.  If there are any significant differences observed, the background parameters of the block are estimated from those of its neighbors.  Otherwise, if the background parameters are sufficiently similar to those of the horizontally and vertically adjacent blocks, the measured parameters of the block being examined are considered its background parameters.  If the interior block being examined is uncertain, its background parameters are estimated from its neighboring blocks.  After the background parameters of the block have been determined (either by measurement or estimation), it is marked as background homogenous and the next block is examined.

Once the background parameters of every block have been determined, left and right shoulder thresholds of the background distribution (tleft and tright) are calculated 

 by:
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Where ψ is the log-transformed graytone mean of the block, Tleft and Tright are the left and right standard deviations of the log-transformed histogram of the block, and v is a prespecified constant (in the experiments presented in the research paper, a constant value of 2.5 was used).  These threshold values are assigned to the center of the block.



Next, each pixel of the image is examined one-by-one.  For each pixel, the local shoulder thresholds are calculated from a bilinear interpolation of the left and right shoulder thresholds of the four block centers surrounding that pixel.  If the log-transformed graytone value of the pixel is less than tleft, then the pixel is darker than the background.  Similarly, if the log-transformed graytone value of the pixel is less than tleft, the pixel is lighter than the background.


The previous steps are sufficient to determine which pixels are background pixels and which pixels are foreground pixels, but further steps can be taken to preserve local brightness relationships within the image.  As each pixel is being classified, keep two floating-point histograms: one (Fb) containing only bright pixels and the other (Fd) containing only dark pixels.  The abscissa of these floating histograms represents the difference between the log-transformed data value of a pixel and the log-transformed data value of the corresponding background shoulder threshold at that pixel.  Once every pixel has been examined, calculate the mean (ω) and the left and right standard deviations (σ) of Fb and Fd.  From these values, calculate left and right shoulder thresholds of Fb and Fd: 
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Final pixel classification can then be obtained from
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where l(x,y) is simply a label associated with each of the descriptive categories.


Results of this algorithm can be found in the appendix of the original paper.

Discussion

The advantages of this algorithm are fairly clear.  First (and what is perhaps the most powerful feature of this algorithm), the algorithm requires no a priori information about the image.  Secondly, the algorithm works with non-uniform backgrounds, which is the case for almost all natural images.  The algorithm also performs successfully without parameter adjustments or human interaction, works under different lighting conditions, and works regardless of whether the foreground is darker or lighter than the background.


On the other hand, the algorithm has several disadvantages.  First, the algorithm works only on grayscale images.  Furthermore, the algorithm only works on a limited set of images;  it only works on images with a fairly smooth background that dominates the entire edge of the image.  Estimation of background parameters (upon which this algorithm relies heavily) may be prone to error.  In criticism of the research paper, many seemingly important algorithmic details were left out, such as how to compare neighboring blocks to see if they “significantly differ” and what kind of method to use when estimating background parameters from semi-surrounding blocks.


Several additions and/or alterations can be made to further improve the performance and applicability of this algorithm.  First, I’d suggest adding support for color images.  Not only would this make the algorithm applicable to a wider variety of images, but color information can also provide valuable contrast and homogeneity information that could improve the foreground/background differentiation of the algorithm.  Furthermore, processing spatial and local information in addition to brightness information can reduce misclassified pixels
.  Lastly, certain algorithmic changes may be able to speed up the algorithm to the point where it may be applied in real-time applications.
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