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Extended Abstract

Introduction

The new H.264 video coding standard [1] developed jointly by the Video Coding Experts Group (VCEG) of ITU and the Motion Picture Experts Group (MPEG), i.e. Joint Video Team (JVT), provides a versatile coding format, accommodating a wider variety of bandwidth requirements, picture formats and unfriendly network environments that may possess high jitter, packet loss, and bandwidth instability. Although the features of H.264 make it viable for many applications, many alterations, extensions and optimizations have to be made before it can be applied to such systems. The vastly improved coding efficiency of H.264 comes at a price of complexity, which may not be realizable for real time transmission. In order to be attractive enough for it to be used in commercial applications, it is required to encode in real-time. Unfortunately due to the stringent requirements governing the design and operational simplicity of standardized H.264 decoder and the optimizations thus involved, the encoder complexity increases beyond real-time capability. Motion estimation (ME) is the most complex part and it takes about 40-60% computational cost of the encoder. It is very important to reduce the encoder computational cost especially for wireless hand held devices. In this paper, we propose a new motion estimation algorithm based on evolutionary strategy (ES) for H.264 based conversational video applications. 

Proposed ES-Based ME Algorithm

Evolutionary computation (EC) theories were developed originally from observing natural evolution of life form. It was particularly from Darwin’s theories [2] that the best techniques regarding the optimization, modeling and the control of unknown processes were developed. EC has long been exploited in the video coding field. A very well known form of EC called Genetic Algorithm (GA) was used to perform image registration as part of a larger Digital Subtraction Angiography (DAS) system [3, 4]. Subsequently, GA search algorithm has been applied for motion estimation [5-8]. Hardware implementation of Four-Step genetic search algorithm was proposed in [5]. 

Similarly, the Evolutionary Strategies (ES) were developed to solve technical optimization problems in video coding field. Thus, the motion and disparity estimation has been carried out using a (1+λ) rudimentary ES for stereoscopic video sequences, which includes calculation of P- and B-frames, weighted prediction, joint motion disparity estimation [9, 10]. 

Proposed evolutionary strategy 

ES typically uses deterministic selection in which the worst solutions are purged from the population based directly on their fitness function value. Previously parameter optimization problems have been successfully solved by use of ES. The motion estimation belongs to such type of problems. ES is different from genetic algorithms because it based only on selection and mutation operators. The (+)-Evolutionary Strategy demonstrated in Figure 1 is used in this work with an increasing level of imitation of biological evolution [11], where  means the total number of parents in previous population, and  stands for the number of offspring generated from mutated parents. 
The traditional evolutionary strategy terminates once the given number of generations is reached. In the proposed algorithm, an early termination is implemented which checks that better individuals are being produced over a number of generations. For example, if the best individual does not change every 3 generations the algorithm could terminate. This form of termination is ideal for the pre-defined chromosomes as most of the matching blocks are in the range of [-1, 1]. Thus, the algorithm can terminate in its early stages; this will cause a reduction in the coding complexity in terms of search points and the motion estimation time
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Figure 1 (+)-Evolutionary Strategy-based motion estimation algorithm

Chromosome representation

Each chromosome represents the data for coordinates x and y as well as the reference picture frame. Each coordinate is described by 2 genes: object and strategy genes as shown in the Figure 2 (a). Object gene defines the actual coordinate in the image. The value of object gene is determined from the search window size. For example, if the search window is within the range [16, 16] then the value of object gene can take any integer number inside of this range. The search window size depends on the maximum motion vector size. Strategy gene determines whatever local or global search will be carried out. Smaller value of strategy gene more localized becomes the search process. The strategy parameter depends on the window size and can take any value up to its maximum. In order to implement the local search, we choose to set the strategy parameter to values within the range [-1, 1]. Introduction the reference part of genotype allows us to carry out the reference picture selection (RPS). The RPS technique encodes the current video frame with reference to a previous frame selected based on the information recorded in genotype instead of always using the last transmitted frame. The reference picture buffer is chosen and is changed based on strategy and object parameters specified in genotype. The object parameter defines the reference picture buffer that is limited to maximum value specified in advance. The strategy parameter indicates the how the object parameter can be changed during mutation operator.   
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Figure 2 Chromosome representation (a) General representation of chromosome (b) an example of chromosome

Fitness Function

The quality of the chromosome is defined by the fitness function. Fitness function is calculated based on the Sum of Absolute Difference (SAD).

Evolutionary strategy operators

In order to reduce the number of generations required to obtain the satisfactory solution, the initial population is generated from both pre-defined and randomly generated chromosomes. The pre-defined chromosomes are determined based on the knowledge from the previously coded macro blocks located in the previous and the current frame. The remaining chromosomes have been generated randomly taking into account the search window size, specified in advance. In our case the search window size was set to 16x16. In the experimental results we have used 10 individuals that are defined from the previous frame and 10 chromosomes have been generated randomly. Therefore the initial population size used in the experimental work was set to 20.

Let us consider in detail the procedure on how the pre-defined chromosomes have been generated. Firstly restrictions were placed upon the chromosomes in order to generate points from the surrounding cover block location. In other words, for the block located at (0, 0) in the current frame, we would define 9 surrounding positions with increment equaled to 1. Thus, the following points will be defined: (-1, 1), (-1, 0), (0, 1), etc. The strategy gene for each coordinate is defined randomly. The 10th chromosome is the motion vector, which is predicted from the already encoded surrounding macroblocks [1]. The reference picture for all the above motion vectors are set to be the previous frame, since it is likely be the most correlated picture to the current frame.
Mutation rate used in the experiments was set to 8.5%. Each gene in genotype was represented by binary value that further can be chosen to be mutated. In general the value of the strategy gene is generated randomly from the local search increment window specified in advance. In our case, the strategy gene value can vary within the following range [-1, 1]. The new value of the object gene (if this gene has been chosen to be mutated) is defined as following:
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 is the new value of mutated object gene for x coordinate, xop and xsp are the object and strategy genes for x coordinate respectively. Similarly the genes for y coordinate and reference are calculated. 

Let us consider an example shown in Figure 2 (b). The value of x coordinate is 10, if this gene has been chosen to participate in mutation, the value of this gene will be decremented by 1 and a new gene will be produced with an object gene equaled to 9. In the case of the y coordinate with an object parameter of value -12, this will be incremented by one, if it is chosen to be mutated, and therefore it will produce a new gene with an object gene value of -11. If object genes for both coordinates have been chosen to be mutated then the following offspring with unchanged strategy genes will be produced: (-1, 9) (1, -11). The window is considered from 2nd picture frame. If reference gene is chosen to be mutated then it will produce the object gene value of 3. In other words, the reference frame will be changed to 3rd. 
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Figure 3. Objective quality comparison for (a) the Salesman (b) the Suzie sequence

Results and Discussion

The proposed motion estimation algorithm was implemented into H.264 reference encoder version JM 9.3 and tested with various sequences using a high spec PC. We used the existing motion estimation algorithm (spiral search) in JM 9.3 reference software to compare the performance with the proposed scheme. Figure 3 illustrates the PSNR comparison with bpp (bits/pixel) for Salesman and Suzie sequences. Results show that both algorithms produce a similar picture quality (PSNR) for both sequences. Table 1 presents the processing time for both algorithms with the sequences considered. It is clear that the proposed scheme saves the processing time up to 82% compared to the spiral search algorithm. When the number of reference frames are increased, the proposed algorithm can saves the processing time quite significantly. We tested the proposed algorithm with other video sequences and observed a similar behaviour.

Table I. Coding complexity comparison between the spiral search and the proposed ES search when maximum number of reference frames = 10
	Test Sequence
	Average ME Time (s/frame)
	Coding complexity improvement (%)

	
	ES Search
	Spiral Search
	

	Foreman
	0.2565
	1.4729
	82.59

	Carphone
	0.2920
	1.3422
	78.25

	Container
	0.2827
	1.3689
	79.35

	Suzie
	0.3592
	1.5142
	76.28

	Salesman
	0.3035
	1.4503
	79.07
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