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Abstract*
In this paper, we present a new approach for robust global motion estimation based on pre-analysis of the video content. The novel idea is to do pre-analysis of scene content based on the STGS (Spatial Temporal Gradient Scale) images derived from original image sequences.  Different motion models and estimation will be applied to different classes of image sequences.  As a result, ourliers can be removed from the dominant motion estimation, overcoming the problem of inaccurate initial descending direction estimation associated with the classical global motion estimation methods.
1. Introduction
The Global motion estimation is an essential step in object segmentation and motion compensation used in the object-based coding. A polynomial model (affine or quadratic) is often used to represent such global motion, and the motion estimation thus becomes a parameter estimation work.  Recently, approaches to global motion estimation using robust statistics methods have been proposed [1][2][3][4].  In these approaches, robust statistics methods are applied to reduce the influence of the outliers and gradient-based optimization methods are used to obtain a set of global motion parameters.  
However, there are some inherent problems in utilizing the robust statistical method directly in motion estimation from image sequences.  A main is that only absolute values of the residuals are considered and highly valued residuals are classified as outliers.  This simple assumption may face difficulties when foreground object occupies a large enough portion of a scene, especially in the initial step of the estimation.

In this paper, we present a new global motion estimation method that improves the performance of the popular robust estimation methods for the background-foreground structured image sequences. The main contributions in our proposed method are the STGS(Spatial Temporal Gradient Scale)-image concept and analysis method to achieve more accurate and faster descending direction estimation.  The new algorithm has focused on utilizing the advantages of the robust estimation methods while eliminate their disadvantages.

The rest of the paper is organized as follows.  In section 2, we first introduce the concept of STGS-images and the pre-analysis method, followed by a detailed description on how to apply the method for scene content classification and global motion estimation processes. Section 3 presents an extensive set of experiment results that shows the effectiveness of our proposed methods in improving the robust estimation methods for global motion estimation.  Section 4 summarizes our paper and presents our future research focuses.
2. A new motion estimation method based on STGS-image analysis
The framework of our proposed method is illustrated in Figure 1. That is, based on the scene structure, outliers are identified in the initial estimation and the most suitable motion model is selected for the estimation.

2.1. The definition of STGS-images
There are two basic elements of the STGS-image: the horizontal image (referred as h-STGS-image) and the vertical image (v-STGS-image).  For two consecutive images, I(x, y, t-1) and I(x, y, t), in a sequence, these two component images of STGS are defined as follows:
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where 
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 is the temporal gradient of the pixel (x, y) between the two, and , Ix(x, y) and Iy(x, y) are the horizontal and the vertical spatial gradient of the pixel (x, y) in the image I(x, y, t), respectively.  The name of the STGS-image comes from the fact that they are defined by the scales of the temporal and spatial gradients of a pair of images.

We can get the theoretical explanation of a STGS-image directly from the basic constraint equation of optical flow.,
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which can be rewritten as
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When there is only horizontal motion between the two consecutive images, the v component in the equation is zero, and we can get the horizontal motion component u as:
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which is just the negative value of the (x, y) pixel value of the h-STGS image in (1.1).  Similar relationship between vertical motion component v and the v-STGS image can be derived.  Although STGS-images can represent the motion accurately only when the motion between two images is purely one-component translation and the image function has the ideal monotony form in a local area, they could carry some useful information of motions between two images.
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Figure 1.
The framework for the STGS image-based robust global motion estimation.
2.2. Apply STGS-image analysis in robust motion estimation
Considering just the sign of the pixel value of STGS images defined in (1), we can see that it represents the translational motion direction.  In Figure 2 we show some examples of the signed version of the STGS image derived from image pairs with global motion.  For the h-STGS-images, if the value 
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, we set pixel value to 255 (white) in producing images in Figure 2.  If the value is negative, we set pixel value to 0 (black), while if the value equals zero (including the situation that 
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a-1. image 100 of Coastguard Sequence
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     a-2. h-STGS image of
a-3. v-STGS image of 

            coastguard 100-102
       coastguard 100-102
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b-1. image 15 of foreman sequence
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b-2.
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v-STGS image of 



foreman 15-17
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Figure 2.
First images of two image pairs from sequence Coastguard and Foreman and their associated STGS images.

In all image pairs shown in Figure 2, there are two distinct motions.  One is the global motion of the background and the other is the motion of the foreground.  If the two motions are different in horizontal or vertical directions, we can obtain a rough shape of the foreground from the background area by judging only the sign of pixels of a STGS-image.

The main problem of robust estimation methods is that the initial estimation step often confuses between the outliers of the foreground and the useful feature information of the background.  This is because the outliers are not removed from the global motion estimation process effectively, as the detection of outliers in robust estimation methods is based only on the absolute values of the residuals.  Consequently, the initial estimated descending direction could be very poor, and will cost a larger number of iterations to correct the errors.  The analysis of STGS-images can provide a solution to solve this problem: as illustrated in Figure 2, the signed version of the STGS images provide a good mask of outliers for typical background-foreground scenes and global motion, which can be used to remove the outliers before the estimation process.
2.3. The STGS-image analysis method for global motion estimation
Our methods for analysis of the signed STGS images are based on two important assumptions:
1. Video sequences are of typical background-foreground structured scene.  That is, the background is dominant in the sequences and the foreground consists of connected rigid bodies.
2. Background motions are mainly caused by camera operations.

These two assumptions are realistic for the motion estimation problem we are addressing.  Based on these two assumptions, if we can identify pixels that are minority in term of pixel number relative to the size of an image, we can then mark the minority pixels as outliers.  The key idea of our proposed method is that we perform the outlier pixel detection by identifying minority pixels from STGS-images and classifying images according to the size and distribution of minority pixels.  That is, we classify STGS-images into three classes: good, negligible and complex images as: 
good,
if (size = large and distribution = compact)
neglect,
if (size = small, and distribution = compact)
complex,
if (size = small, distribution = sparse), or 

   (size = large, distribution = sparse)
If a STGS-image referred as good, the large and compact area could correspond to the foreground and can be used as an outlier mask in the successive robust estimation.  a-2 and b-3 in Figure 2 are examples of good STGS-images.  A STGS-image is referred as negligible if the foreground area is small or it shows the same motion direction as the background.  A negligible STGS-image implies that the foreground areas in the original image sequence will not make any significant negative influence on the estimation of the global motion; thus, the sequences can be handled by classical robust estimation to estimate global motion.  In this case, we can choose the two-parameter motion model as the initial model in robust estimation and need not to use outlier mask in the initial estimation step.  

Apart from good and negligible, the rest of cases of STGS-images all belong to the complex.  If the global motion between an image pair results in a complex STGS-image, then, it must because the motion has strong zooming or rotating components which violates the translational assumption for generating a meaningful STGS-image. For these image pairs, we have to apply the classical 6-parameter motion model as the initial model when applying classical robust estimation method and do not use the outliers mask in the initial step.  According to the assumptions we made above, most typical background-foreground structured scenes will generate good STGS-images. 

Based on the above discussions, the process of the STGS-image analysis consists of following steps:

1. Count white pixels and black pixels in both h- and v-STGS-images.  Select the type of pixels that is minority in number;

2. Calculate the size and distribution of the minority pixels in both the h- and v-STGS-images;

3. If there is a good STGS-image, then 

use it as the input outlier mask to the robust estimation with 2-parameter motion model;

Else, If there is a negligible STGS-image, Then,
choose the classical robust estimation methods with 2-parameter motion model;

Else, choose  the  classical  robust estimation methods with 6-parameter motion model.

We use the ratio of number of the pixels belonging to the minority area over the size of entire image as the measure of size.  To measure the distribution, we first remove isolated pixels by applying a median filter, and then calculate the variance of the remaining minority pixels.  The variance is defined as
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where N is the number of the minority pixels after filtering, S is the coordinate set of the minority pixels after filtering.  Xcenter and Ycenter  are the coordinates of the center of gravity of the pixels.
For classifications of STGS-images, we need to set two threshold Tsize and Tdistribution.  We have also introduced a ratio defined as ratio=variance/size.to select one good image when the two STGS-images meet the thresholds.
Finally, it is worth of noticing that our analysis of STGS-images can be performed very fast since there is very little computation involved.  Moreover, both the spatial gradient and temporal gradients calculated in the STGS-image analysis could be re-used in the successive gradient based descending method.  This is a main advantage of our proposed method and will be shown with experimental data again in the Section 3.
3. Experimental evaluation
In our experiments, we have used three typical MPEG test sequences, bike, coastguard and foreman, in QCIF format and used three pairs of consecutive frames from these sequences, shown in Figure 2, for detailed comparison.  To show the relative improvement in computation time that our proposed method can achieve, we set the computation time for the classical G-N method to 1, and calculate the relative computational time of applying our method in motion estimation.  Note that in our method, we also use the robust Gauss-Newton (G-N) descent method after the STGS-image analysis; thus, there is additional computation time spent for the STGS-image analysis process.  The execution time for motions estimation using our method relative to that of using classical G-N method is listed in the Table 1.  We can see clearly from Table 1 that the STGS-image analysis only adds on a very small portion of computational load (maximum 6.9% in the three test sequences), and the total time of applying our method is less than 50% of that of applying the classical GN method.  The time saving comes from two factors.  First, by removing the outliers that make negative contributions to the final solution, the initial estimated descending direction is more accurate than that of the classical method; hence the number of iterations in motion estimation is reduced.  Second, since the outlier areas in each frame are marked out, the overall image area in each frame used in motion estimation in each iteration is reduced, resulting in further reduction in computation time.

Table 1. Computation time of our method relative to that of the classical robust GN method.

Sequences
Robust Estimation
STGS Analysis
Total

B100-102
16.5%
3.4%
20.0%

C100-102
28.4%
6.9%
35.3%

F 15-17
43.3%
5.7%
48.9%

Table 2 shows the difference between the initial estimated descending direction resulted from the two approaches.  Comparing the data in Table 2, it is seen that the initial estimated descending direction obtained with our method is much closer to the final results of motion estimation than that obtained with the classical estimation method.  In contrast, the initially estimated descending direction by applying the classical robust estimation method on the same sequence is far from final converging point.  The initial horizontal direction for the “Bike” and “Foreman” sequences obtained by using the classical method are even negative from the final result.  Obviously, these initial errors will take computation time to correct.  

Table 2. Estimated motion parameters obtained by our method and the classical robust G-N method after the first iteration, compared with the final converged  parameters.

Sequences
GN Method
Our Method
Converged 


(u, v)
(u, v)
(u, v)

B100-102
(-0.13,-1.10)
(  1.09,-1.05)
(  1.36,-0.82)

C100-102
(-0.14,-0.43)
(-0.82,-0.44)
(-0.82,-0.44)

F15-17
(0.02,-0.52)
(-0.05,-0.59)
(-0.25,-0.66)

4. Conclusion remarks
The work presented in this paper has been focused on improving the performance of the popular robust global motion estimation methods suitable for image sequences of the typical background-foreground structured scenes.  The main contribution of the presented work is the STGS-image concept and analysis method for the classification of video content to achieve more accurate and faster descending direction estimation.  One of the future tasks is to develop a method to determine the threshold for obtaining the foreground object mask and refine object shape in the motion estimation processes.  Also, we believe that there are more applications that can utilize the STGS-image analysis we introduced, which is another area for further search.
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