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Abstract— Block matching motion estimation is the essence of video coding systems. This paper gives a review of the
different block matching algorithms used for motion estimation in video compression. It compares 10 different types
of block matching algorithms that range from the very basic Full Search to the recent fast adaptive algorithms like
Pattern Based Search. The algorithms that are evaluated in this paper have been used in implementing various
standards ranging from MPEG1/ H.261 to MPEG4 / H.263.
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l. INTRODUCTION

The demand for communications with moving video picture is rapidly increasing. Video is required in many
remote video conferencing systems, and it is expected that in near future cellular telephone systems will send
and receive real-time video. A major problem in a video is the high requirement for bandwidth. A typical system
needs to send dozens of individual frames per second to create an illusion of a moving picture. For this reason,
several standards for compression of the video have been developed. Digital video coding has gradually
increased in importance since the 90s when MPEG- 1 first emerged. Video coding achieves higher data
compression rates without significant loss of subjective picture quality also eliminates the need of high
bandwidth required. Generally speaking, video compression is a technology for transforming video signals that
aims to retain original quality under a number of constraints, e.g. storage constraint, time delay constraint or
computation power constraint. It takes advantage of data redundancy between successive frames to reduce the
storage requirement by applying computational resources. The design of data compression systems normally
involves a tradeoff between quality, speed, resource utilization and power consumption.

In a video scene, data redundancy arises from spatial, temporal and statistical correlation between frames.
These correlations are processed separately because of differences in their characteristics. Hybrid video coding
[1] architectures have been employed since the first generation of video coding standards, i.e. MPEG. MPEG
consists of three main parts to reduce data redundancy from the three sources described above. Motion
estimation and compensation are used to reduce temporal redundancy between successive frames in the time
domain. Motion estimation examines the movement of objects in an image sequence to try to obtain vectors
representing the estimated motion. Motion compensation uses the knowledge of object motion so obtained to
achieve data compression. Transform coding, also commonly used in image compression, is employed to reduce
spatial dependency within a frame in the spatial domain. Entropy coding is used to reduce statistical redundancy
over the residue and compression data. This is a lossless compression technique commonly used in file
compression. Each individual frame is coded so that redundancy is removed. Furthermore, between consecutive
frames, a great deal of redundancy is removed with a motion compensation system.

Different search algorithms are used to estimate motion between frames. When motion estimation is
performed by an MPEG-2 [2] encoder it groups pixels into 16x16 macro blocks. MPEG-4 AVC [3] encoders
can divide these macro blocks into partitions as small as 4 x 4, and even of variable size within the same Macro
block. Partitions allow for more accuracy in motion estimation because areas with high motion can be isolated
from those with less movement.

1. MOTION ESTIMATION

A video sequence can be considered to be a discretized three-dimensional projection of the real four-
dimensional continuous space-time. The objects in the real world may move, rotate, or deform. The movements
cannot be observed directly. Changes between frames are mainly due to the movement of these objects. Using a
model of the motion of objects between frames, the encoder estimates the motion that occurred between the
reference frame and the current frame. This process is called motion estimation (ME). The encoder then uses
this motion model and information to move the contents of the reference frame to provide a better prediction of
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the current frame. This process is known as motion compensation (MC) [4]-[7], and the prediction so produced
is called the motion-compensated prediction (MCP) or the displaced-frame (DF). In this case, the coded
prediction error signal is called the displaced-frame difference (DFD). A block diagram of a motion-
compensated coding system is illustrated in Figure 1. This is the most commonly used interframe coding
method.
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Figure 1. Motion compensated video coding

The reference frame employed for ME can occur temporally before or after the current frame. The two cases
are known as forward prediction and backward prediction, respectively. In bidirectional prediction, however,
two reference frames (one each for forward and backward prediction) are employed and the two predictions are
interpolated (the resulting predicted frame is called B-frame). The most commonly used ME method is the
block-matching motion estimation (BMME) algorithm, adopted in many compression standards.

ME is quite computationally intensive and can consume up to 80% of the computational power of the
encoder if the full search (FS) is used by exhaustively evaluating all possible candidate blocks within the search
window. Therefore, fast algorithms are highly desired to significantly speed up the process without sacrificing
the distortion seriously. Many computationally variants [8]-[17] were developed, among which are typically the
TSS, NTSS, 4SS, DS algorithm.

Ill.  BLOCK MATCHING ALGORITHMS

The process of block-matching algorithm is illustrated in Figure 2. In a typical Block Matching Algorithm,
each frame is divided into blocks, each of which consists of luminance and chrominance blocks. Usually, for
coding efficiency, motion estimation is performed only on the luminance block. Each luminance block in the
present frame is matched against candidate blocks in a search area on the reference frame. These candidate
blocks are just the displaced versions of original block. The best candidate block is found and its displacement
(motion vector) is recorded. In a typical interframe coder, the input frame is subtracted from the prediction of
the reference frame. Consequently the motion vector and the resulting error can be transmitted instead of the
original luminance block; thus interframe redundancy is removed and data compression is achieved. At receiver
end, the decoder builds the frame difference signal from the received data and adds it to the reconstructed
reference frames.
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Figure 2. Block matching motion estimation
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1. Full Search Motion Estimation:

In order to get the best match block in the reference frame, it is necessary to compare the current block with
all the candidate blocks of the reference frames. Full search motion estimation calculates the sum absolute
difference(SAD) value at each possible location in the search window. Full search computed the all candidate
blocks intensive for the large search window.
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Figure 3.  Full search motion estimation

Consider a block of N x N pixels from the candidates frame at the coordinate position (r, s) as shown and
then consider a search window having a range +w in both and directions in the references frame, as shown. For
each of the (2w + 1)2 search position (including the current row and the current column of the reference frame),
the candidate block is compared with a block of size N x N pixels, and the best matching block, along with the
motion vector is determined only after all the (2w+1)2 search position are exhaustively explored.

By exhaustively testing all the candidate blocks within the search window, this algorithm gives the global
minimum block distortion position which corresponds to the best matching block. However, a substantial
computation load is demanded.

2. Three Step Search Motion Estimation:

TSS was introduced by Koga et al in 1981[4]. It became very popular for low bit-rate video applications
because of its simplicity and also robust and near optimal performance. It searches for the best motion vectors in
a course to fine search pattern. The algorithm may be described as:

Step 1: An initial step size is picked. Eight blocks at a distance of step size from the centre (around the centre
block) are picked for comparison.
Step 2: The step size is halved. The centre is moved to the point with the minimum distortion.

The point which gives the smallest criterion value among all tested points is selected as the final motion
vector. TSS reduces radically the number of candidate vectors to test, but the amount of computation required
for evaluating the matching criterion value for each vector stays the same. TSS may not find the global
minimum (or maximum) of the matching criterion; instead it may find only a local minimum and this reduces
the quality of the motion compensation system. On the other hand, most criteria can be easily used with TSS. It
uses a uniformly allocated search pattern, which is not very efficient to catch small motions appearing in
stationary or qusi-stationary blocks. To remedy this problem several adaptive techniques have been suggested to
make the search more adaptable to motion scale and uncertainty. A dynamic search window scheme is presented
in [18] which the search window is adjusted according to the uncertainty of motion scale. The uncertainty is
estimated by the difference of block distortion measure among the checked points. A small difference indicates
a large uncertainty and hence the search scope will be increased in next step.

3. New Three Step Search Motion Estimation:

In 1994, a new three step search algorithm [9] for fast ME is introduced. The search pattern in each step is
fixed and no thresholding operations are involved in this algorithm. Nevertheless, it is made to better utilize the
motion distribution of real world image sequences in low bit-rate video applications and is adaptive in the sense
that the algorithm may stop at the second or third step. It will be shown that the NTSS algorithm retains the
simplicity and regularity of the original TSS method, works better that TSS in terms of motion compensation
error and robustness, and is quite compatible to TSS in terms of computational complexity.

NTSS differs from TSS by (1) assuming a center-biased checking point pattern in its first step and (2)
incorporating a halfway-stop technique for stationary or qusi-stationary blocks. It constructed a center-biased
search point pattern in the first step by adding 8 extra checking points which are neighbors of the window
center. This has significantly reduced the average distance.
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4. Four Step Search Motion Estimation:

The 4SS algorithm [10] utilizes a center-biased search pattern with nine checking points on a 5 x 5 window
in the instead of a 9 x 9 window in the 3SS. This algorithm helps in reducing the number of search points when
compared to the 3SS and hence is more robust. The 4SS algorithm is summarized as follows:

Step 1: A minimum block distortion method (BDM) point is found from a nine-checking point’s pattern on a 5
x 5 window located at the center of the 15 x 15 searching area as shown in Figure. 4(a). If the minimum BDM
point is found at the center of the search window, go to Step 4; otherwise go to Step 2.

Step 2: The search window size is maintained in 5 x 5. However, the search pattern will depend on the position
of the previous minimum BDM point.

a) If the previous minimum BDM point is located at the corner of the previous search window, five
additional checking points as shown in Figure. 4(b) are used.

b) If the previous minimum BDM point is located at the middle of horizontal or vertical axis of the
previous search window, three additional checking points as shown in Figure. 4(c) are used. If the minimum
BDM point is found at the center of the search window, go to Step 4; otherwise go to Step 3.

Step3: The searching pattern strategy is the same as Step 2, but finally it will go to Step 4.
Step4: The search window is reduced to 3 x 3 as shown in Figure. 4(d) and the direction of the overall
motion vector is considered as the minimum BDM point among these nine searching points.

=] (d}

Figure 4. Search Patterns of 4SS. (a) First Step, (b) second/third step, (c) second/third step, (d) fourth step

From the algorithm, we can find that the intermediate steps of the 4SS may be skipped and then jumped to
the final step with a 3 x 3 window if at any time the minimum BDM point is located at the center of the search
window. Based on this four-step search pattern, we can cover the whole 15 x 15 displacement window even
only small search windows, 5 x 5 and 3 x 3, are used.

This 4SS produce better performance than the 3SS and has similar performance as compared with the N3SS.
While the worst case computational requirement of the 4SS is 27 block matches, which is only just 2 more block
matches as compared with the 3SS. The 4SS also possesses the regularity and simplicity of hardware-oriented
features.

5. Diamond Search Motion Estimation:

The DS algorithm [11] employs two search patterns. The first pattern, called large diamond search pattern
(LDSP) shown in Figure. 5(a), comprises nine checking points from which eight points surround the center one
to compose a diamond shape. The second pattern consisting of five checking points forms a small diamond
shape, called small diamond search pattern (SDSP) shown in Figure. 5(b). In the searching procedure of the DS
algorithm, LDSP is repeatedly used until the minimum block distortion (MBD) occurs at the center point. DS
algorithm consistently performs well for the image sequence with wide range of motion content.
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Figure 5. (a) Large Diamond Search Pattern (LDSP), (b) Small Diamond Search Pattern (SDSP)

The DS algorithm is summarized as follows.

Stepl: The initial LDSP is centered at the origin of the search window, and the 9 checking points of LDSP are

tested. If the MBD point calculated is located at the center position, go to Step 3; otherwise, go to Step 2.

Step2: The MBD point found in the previous search step is re-positioned as the center point to form a new
LDSP. If the new MBD point obtained is located at the center position, go to Step 3; otherwise,
recursively repeat this step.

Step3: Switch the search pattern from LDSP to SDSP. The MBD point found in this step is the final solution
of the motion vector which points to the best matching block.

This algorithm consistently performs well for the image sequence with wide range of motion content. It also
outperforms the well-known TSS algorithm and achieves close performance compared to NTSS while reducing
computation by 20%-25% approximately.

6. Four Step Genetic Search Motion Estimation:

The four-step genetic search [12] for BMA combines GA and 4SS. This method has similar performance to
FS in terms of MSE. In addition, number of search points required by the proposed algorithm is approximately
equal to 14% of FS and closed to 3SS. The speed up ratio between this and FS is 5.6 times. Figure. 6, shows the
block diagram of the four step genetic search algorithm.GA can search individual points in any arbitrary search
space with much less search steps. These individual points are represented by binary string. They are named as
chromosome. In each generation, there will be a number of chromosomes. Each chromosome will be evaluated
by a fitness function. A chromosome with higher fitness value means it is strong. The probability for that
chromosome survival will be high. On the other hand, a chromosome with lower fitness value means the
probability of that chromosome will survive for next generation is low. It will be replaced by a strong
chromosome. Finally, chromosomes in each generation will become better. A set of genetic operator, namely
crossover and mutation operators, will be used for generating new chromosomes. After several generations, the
chromosome with the highest fitness value will be the best chromosome to represent the extreme within the
search space. In addition, the search will stop if any chromosome’s fitness value meet the stopping criteria.

Both 4GS and lightweight genetic search algorithm (LGSA) need more search points than 3SS and 4SS.
They use 2 to 44 % more search points than 3%. The new method needs less number of search points than
LGSA. It only takes 2 to 27 % more search points than the conventional 3SS. On the other hand, LGSA takes 28
to 44 % more search points than 3SS. In general, the computational cost of 4GS is lower than LGSA. In
addition, 4GS takes 39% to 44% more search points than 4SS. However, the search number of this algorithm is
much less than FS. The algorithm only takes approximate 14 % search points compared to FS. LGSA and 4GA
take longer search time than 3% to compute motion vector. Amount of search time is increased by 25 % to 60%.
On the other hand, the computation time of LGSA and 4GA are much less than FS. They save approximate 80%
to 85% of computation time. Moreover, the search time of 4GS is shorter than LGSA by 6.7% to 13.4%. In
general, 4GS and LGSA perform better than 3SS and 4SS. However, the performance of the genetic algorithm
based BMA is depending on nature of image sequence. LGSA performs better with Football, Mobile, and Table
Tennis sequence. This algorithm performs better with’Garden, Miss American and Saleman sequence. The
average mean square error (MSE) of estimated sequence by LGSA and 4GS are very close to each other.
Nevertheless, the 4GS and LGSA both perform comparatively to FS. As a result, this algorithm is suitable for
H.261, MPEG-1 and MPEG-2. Since the new algorithm with regularity, it is also suitable for hardware
implementation.
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7. Hexagonal Search Motion Estimation:

In block motion estimation, a search pattern with a different shape or size has a very important impact on
search speed and distortion performance. A square-shaped search pattern is commonly adopted in many popular
fast algorithms. Then, a diamond-shaped search pattern was introduced in fast block motion estimation, which
has exhibited faster search speed. Based on an in-depth examination of the influence of search pattern on speed
performance, a novel algorithm using a hexagon-based search pattern [13] to achieve further improvement.
Analysis shows that a speed improvement rate of the hexagon-based search (HEXBS) algorithm over the
diamond search (DS) algorithm can be as high as over 80% for locating some motion vectors in certain
scenarios. In short, this HEXBS algorithm can find a same motion vector with fewer search points than the DS
algorithm. Generally speaking, the larger the motion vector, the more search points the HEXBS algorithm can
save.

The hexagonal search algorithm offers better improvement is speed and accuracy when compared to the
previous methods. They are of two types as depicted in Figure. 7(a) and Figure.7(b).
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Figure 7. (a) Large Hexagonal Block Search(HEXBS), (b) Small Hexagonal Block Search(HEXBS)

The HEXBS algorithm is summarized as follows:

Step 1) The large hexagon with seven checking points is centered at, the center of a predefined search
window in the motion field. If the MBD point is found to be at the center of the hexagon, proceed to

Step (3) (Ending); otherwise, proceed to Step (2) (Searching).

Step 2) With the MBD point in the previous search step as the center, a new large hexagon is formed. Three

new candidate points are checked, and the MBD point is again identified. If the MBD point is still the center

point of the newly formed hexagon, then go to Step (3) (Ending); otherwise, repeat this step continuously.

Step 3) Switch the search pattern from the large to the small size of the hexagon. The four points covered by

the small hexagon are evaluated to compare with the current MBD point. The new MBD point is the final

solution of the motion vector.

From the procedure, it can be easily derived that the total number of search points per block will be-
N(mx,my)=7+3xn+4

where (mx,my) is the final motion vector found and n is the number of executions in step 2.

The superiority of this HEXBS to the other fast methods in terms of using the smallest number of search
points with a very small penalty of marginal degradation in distortion. In terms of hardware implementation, this
HEXBS approach adopts a regular hexagonal search pattern, which possesses the regularity and simplicity of
hardware-oriented features. Compared with the hardware implementation for DS, the realization of HEXBS
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algorithm may consume fewer MAD calculators due to its fewer search points each time, thus saving cost and
hardware size.

8. Enhanced Hexagonal Search Motion Estimation:

Most motion estimation algorithms developed attempt to speed up the coarse search without considering
accelerating the focused inner search. On top of the hexagonal search method recently developed, an enhanced
hexagonal search algorithm is proposed to further improve the performance in terms of reducing number of
search points and distortion, where a novel fast inner search is employed by exploiting the distortion information
of the evaluated points. An enhanced HEXBS [14] is developed by making use of an elaborated 6-side-based
fast inner search scheme. The reduction in number of search points for the enhanced HEXBS algorithm is
expected to be from two aspects, i.e., one from the prediction for a good starting point using the predictive
HEXBS, and the other from the proposed fast inner search.

The enhanced HEXBS has consistently achieved the fastest motion estimation in terms of number of search
points with smaller MSE distortions than the original HEXBS and almost the same MSE distortions as the
predictive HEXBS. The resulted enhanced HEXBS algorithm outperforms the original HEXBS remarkably in
terms of search speed and distortion performance, up to 57% in both speed-improvement rate and distortion-
decrease rate.

9. Genetic Rhombus Pattern Search Motion Estimation:

Pattern-based block motion estimation (PBME) is one of the most effective yet computational intensive tools
in digital video coding standards. The weighting function is strongly related to the performance of a search
algorithm, and, therefore, [15] design a fast search algorithm that has the smallest possible weighting function
value at all locations. This is done by first constructing a target weighting function that is based on the prior
knowledge and has the smallest possible values at all locations. Followed by a search pattern in Figure. 8, that
achieves the desired weighting function.

- -
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Figure 8. Search patterns for genetic rhombus search

Most pattern-based search algorithms typically consist of two stages: 1) coarse initial search stage and 2)
fine ending search stage. Generally, the coarse search stage focuses on finding a rough location of the optimal
motion vector, and the fine ending search stage locates its precise location. Thus one search pattern for each
stage. In the coarse search stage, because the shortest path between two points on a plane is the strait line, the
fastest search path for a search algorithm is the strait line from the starting point directly to the best motion
vector. Flow chart of the search algorithm is shown in Figure 9. Mainly, it consists of 4 stages: initializing stage,
mutation, competition and end stage.

Comparing to the other popular search algorithms, GRPS reduces the average search points for more than
20% while it maintains a similar level of coded image PSNR quality. The computing gain (CG) is defined as the
ratio of the average number of search points (ASP) minus one, and the quality gain (QG) is defined as the PSNR
difference. The ASP of GRPS on the average is 26% faster than that of ERPS, 51% faster than EHS, 125%
faster than DS, 160% faster than FSS, and 136 times faster than the full search (FS). And the PSNR of GRPS on
the average is the same or better than all the other search algorithms (0~+0.18 dB). It is clear that GRPS
outperforms all the other search algorithms in terms of ASP for all sequences, while its quality on the average is
comparable to all the other algorithms.
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Figure 9. Flowchart of GRPS

10. Adaptive Genetic Pattern Search Motion Estimation:

Adaptive genetic pattern search algorithm [16] uses two search pattern sets, the genetic rhombus search
patterns (GRPS) and the genetic enhanced hexagonal search patterns (GEHS).The flow chart of GRPS is shown
in Figure. 9 and its search patterns are shown in Figure. 8. In step 2 (S2), it checks one of the search points in
Figure. 8(a), and in step 3B (S3B), it examines if all the points in Figure. 8(b) has been checked. The flow chart
of GEHS is shown in Figure. 10 and its associated search patterns are shown in Figure. 11. In step 2 (S2), it
checks one of the search points in Figure. 11(a). In step 3B (S3B), it examines if all the points in Fig. 11(b) are
checked. In step 4 (S4), six block matching costs are computed using the two-point patterns in the hexagonal
pattern as indicated by Groups | to VI in Figure. 11. Then, determine which search pattern (direction) to be used
next. When the smallest cost is in Groups Il, IlI, V, and VI in Figure. 11(b), two extra points are checked, as
exemplified in Figure. 11(c). Or, if the smallest cost is in Groups | and IV in Figure. 11(b), three extra points are
checked, as exemplified in Figure. 11(d).
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Figure 11. Search pattern of GEHS
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An adaptive genetic search pattern search (AGPS) scheme which combines GRPS and GEHS. Using the
standard deviation of MVs in the previous frame to decide which search algorithm to be used in the current
frame, AGPS achieves more than 30% acceleration in terms of the average search points while it maintains a
similar level of picture quality

Jang. et. al [17] look into every component of a typical PBME algorithm and fine tune the major components
systematically to achieve the optimal or nearly optimal results. The methodology is developed based on
proposed analytical model together with statistical tools. First, it uses the analytic model to analyze and design
effective genetic-algorithm-based search patterns. Moreover, an adaptive switching strategy is proposed that
dynamically switches between two search patterns. Because the contents of video sequences vary drastically,
one single search pattern may not produce the best result in terms of speed and PSNR. Thus, the adaptive
pattern-switching search algorithms were proposed [19]-[23]. These algorithms are empirically constructed and
the switching criterion is often based on block (feature) classification. Second, this PBME model is extended to
evaluate the efficiency of starting (initial search) points. A near optimal set of starting points is progressively
identified. Last, the early termination threshold techniques are studied and suggest a metric in selecting an
effective threshold. The early termination mechanism terminates the search process when the block-matching
error produced by a MV (in the search area) is smaller than a pre-chosen threshold. And this MV is accepted as
the best MV. Clearly, there is a trade-off between the MV quality (matching error) and the computational speed.
Thus, the challenge is to find the termination threshold that maximizes the speed gain and minimizes the quality
degradation. A systematic method is used to find the nearly optimal early termination threshold (ETT).
Combining all these techniques, a PBME algorithm is developed that outperforms most popular algorithms.

This algorithm outperforms DS by 538% at average search points and FS by 405 times and the average
PSNR quality is slightly better (0.10-0.19 dB) than all the other algorithms including FS. This may be due to the
fact that our scheme often prefers a smaller value MV, which requires fewer bits in coding. And a few additional
bits are available for texture (DCT coefficients) coding, which results in better overall PSNR.

IV. CONCLUSION

In this paper we presented an overview of Block matching motion estimation algorithms in video coding. In
the overview of these techniques, we discussed various block matching algorithms that range from the very
basic Full Search to the recent fast adaptive algorithms like Pattern Based Search. Normally ME is quite
computationally intensive and can consume up to 80% of the computational power of the encoder if the full
search (FS) is used by exhaustively evaluating all possible candidate blocks within the search window. As a
consequence, the computation of video coding is greatly reduced with pattern based block motion estimation.
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