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Abstract 
In order to fulfill the requirement of limited channel and of growing video demand like streaming media delivery on internet, 
and digital library, video compression is necessary and video compression has emerged as an effective technique to reduce 
spatial and temporal redundancy in video sequence. Temporal redundancy reduction deals with motion estimation and 
motion compensation. Among the different motion estimation algorithms block matching is the most common used 
technique. The spatial redundancy is removed by applying the DCT and the wavelet transformations. This paper is a review 
of block matching algorithms in temporal domain and the some transformations used in the spatial domain for video 
compression. 
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1. Introduction 
 
With rapid advances in multimedia communication and due to those applications for digital video like Video 
telephony, streaming media delivery on internet, CD, DVD Cellular media, educational purpose etc. requires 
large storage space. Video Compression is necessary to eliminate picture redundancy, allowing video 
information to be transmitted and stored in a compact and efficient manner. 
Why can video be compressed? The reason is that video contains much spatial and temporal redundancy. In a 
single frame, nearby pixels are often correlated with each other. This is called spatial redundancy, or the 
intraframe correlation. Another one is temporal redundancy, which means adjacent frames are highly correlated, 
or called the interframe correlation. Therefore, our goal is to efficiently reduce spatial and temporal redundancy 
to achieve video compression. 
 
2. Removal of Temporal Redundancy 
 
In order to remove the temporal redundancy of the video we have to perform the following steps: 

 
2.1 Motion Estimation: At first, we divide current frame into non-overlapping 16x16 macro blocks. For each 
macroblock, find the best matching block in a reference frame. That is to say, motion estimation of a 
macroblock involves finding 16 x 16 blocks in the search area in a reference frame that closely matches the 
current macroblock. The reference frame is a previously-encoded frame from the sequence and may be before or 
after the current frame in display order. The search area in the reference frame is centered on the current 
macroblock position. 
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Fig.1 Motion Estimation 
2.2 Motion Compensation: When the best matching block is found in the reference frame by motion 
estimation, we subtract the best matching block from the current macroblock to produce a residual macroblock. 
Within the encoder, the residual is encoded and decoded and added to the matching region to form a 
reconstructed macroblock which is stored as a reference for further motion-compensated prediction. 
 
2.1.1 The Block Matching Algorithms Used for Motion Estimation for Video Compression are: 

(a) Exhaustive Search (ES) 
(b) Three Step Search (TSS) 
(c) New Three Step Search (NTSS) 
(d) Simple and Efficient Search (SES) 

(e) Four Step Search (4SS) 
(f) Diamond Search (DS) 
(g) Adaptive Rood Pattern Search (ARPS)

 
(a) Exhaustive Search (ES): This algorithm, also known as Full Search, is the most computationally 
expensive block matching algorithm of all. This algorithm calculates the cost function at each possible location 
in the search window. As a result of which it finds the best possible match and gives the highest PSNR amongst 
any block matching algorithm. Fast block matching algorithms try to achieve the same PSNR doing as little 
computation as possible. The obvious disadvantage to ES is that the larger the search window gets the more 
computations it requires. 
 
(b) Three Step Search (TSS): This is one of the earliest attempts at fast block matching algorithms and 
dates back to mid 1980s. It starts with the search location at the centre and sets the ‘step size’ S = 4, for a usual 
search parameter value of 7. It then searches at eight locations +/- S pixels around location (0, 0). From these 
nine locations searched so far it picks the one giving least cost and makes it the new search origin. It then sets 
the new step size S = S/2, and repeats similar search for two more iterations until S = 1. At that point it finds the 
location with the least cost function and the macro block at that location is the best match. The calculated 
motion vector is then saved for transmission. It gives a flat reduction in computation by a factor of 9. So that for 
p = 7, ES will compute cost for 225 macro blocks whereas TSS computes cost for 25 macro blocks. The idea 
behind TSS is that the error surface due to motion in every macro block is unimodal. A unimodal surface is a 
bowl shaped surface such that the weights generated by the cost function increase monotonically from the global 
minimum. 

 
(c) New Three Step Search(NTSS):  NTSS[10] improves on TSS results by providing a centre biased 
searching scheme and having provisions for half way stop to reduce computational cost. It was one of the first 
widely accepted fast algorithms and frequently used for implementing earlier standards like MPEG 1 and H.261. 
The TSS uses a uniformly allocated checking pattern for motion detection and is prone to missing small 
motions. The NTSS process is illustrated graphically. In the first step 16 points are checked in addition to the 
search origin for lowest weight using a cost function. Of these additional search locations, 8 are a distance of S 
= 4 away (similar to TSS) and the other 8 are at S = 1 away from the search origin. If the lowest cost is at the 
origin then the search is stopped right here and the motion vector is set as (0, 0). If the lowest weight is at any 
one of the 8 locations at S = 1, then we change the origin of the search to that point and check for weights 
adjacent to it. Depending on which point it is we might end up checking 5 points or 3 points. The location that 
gives the lowest weight is the closest match and motion vector is set to that location. On the other hand if the 
lowest weight after the first step was one of the 8 locations at S = 4, then we follow the normal TSS procedure. 
Hence although this process might need a minimum of 17 points to check every macro block, it also has the 
worst-case scenario of 33 locations to check. 
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Fig.2 New Three Step Search block matching 
 

(d) Simple and Efficient Search (SES): SES[8] is another extension to TSS and exploits the assumption of 
unimodal error surface. The main idea behind the algorithm is that for a unimodal surface there cannot be two 
minimums in opposite directions and hence the 8 point fixed pattern search of TSS can be changed to 
incorporate this and save on computations. The algorithm still has three steps like TSS, but the innovation is that 
each step has further two phases. The search area is divided into four quadrants and the algorithm checks three 
locations A, B and C as shown in Figure Y. A is at the origin and B and C are S = 4 locations away from A in 
orthogonal directions. Depending on certain weight distribution amongst the three the second phase selects few 
additional points. The rules for determining a search quadrant for seconds phase are as follows: 
 
If MAD(A) ≥ MAD(B) and MAD(A) ≥ MAD(C), select (b); 
If MAD(A) ≥ MAD(B) and MAD(A) ≤ MAD(C), select (c); 
If MAD(A) < MAD(B) and MAD(A) < MAD(C), select (d); 
If MAD(A) < MAD(B) and MAD(A) ≥ MAD(C), select (e); 

 

Fig.3 Simple and Efficient Search  
 
(e) Four Step Search (4SS): Similar to NTSS, 4SS[9] also employs centre biased searching and has a 
halfway stop provision. 4SS sets a fixed pattern size of S = 2 for the first step, no matter what the search 
parameter p value is. Thus it looks at 9 locations in a 5x5 window. If the least weight is found at the centre of 
search window the search jumps to fourth step. If the least weight is at one of the eight locations except the 
centre, then we make it the search origin and move to the second step. The search window is still maintained as 
5x5 pixels wide. Depending on where the least weight location was, we might end up checking weights at 3 
locations or 5 locations. The patterns are shown in. Once again if the least weight location is at the centre of the 
5x5 search window we jump to fourth step or else we move on to third step. The third is exactly the same as the 
second step. IN the fourth step the window size is dropped to 3x3, i.e. S = 1. The location with the least weight 
is the best matching block and the motion vector is set to point o that location. A sample procedure is shown in 
figure. 
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Fig.4 The Four Step Search Procedure. The motion vector is (3, -7). 
 
(f) Diamond Search (DS): DS[6] algorithm is exactly the same as 4SS, but the search point pattern is 
changed from a square to a diamond, and there is no limit on the number of steps that the algorithm can take.DS 
uses two different types of fixed patterns, one is Large Diamond Search Pattern (LDSP) and the other is Small 
Diamond Search Pattern (SDSP). These two patterns and the DS procedure are illustrated in. Just like in FSS, 
the first step uses LDSP and if the least weight is at the centre location we jump to fourth step. The consequent 
steps, except the last step, are also similar and use LDSP, but the number of points where cost function is 
checked are either 3 or 5 and are illustrated in second and third steps of procedure. The last step uses SDSP 
around the new search origin and the location with the least weight is the best match. As the search pattern is 
neither too small nor too big and the fact that there is no limit to the number of steps, this algorithm can find 
global minimum very accurately. The end result should see a PSNR close to that of ES while computational 
expense should be significantly less. 
 

 

Fig.5 Diamond Search procedure 
 
(g) Adaptive Rood Pattern Search: ARPS[5] algorithm makes use of the fact that the general motion in a 
frame is usually coherent, i.e. if the macro blocks around the current macro block moved in a particular direction 
then there is a high probability that the current macro block will also have a similar motion vector. This 
algorithm uses the motion vector of the macro block to its immediate left to predict its own motion vector. An 
example is shown in fig. The predicted motion vector points to (3, -2). In addition to checking the location 
pointed by the predicted motion vector, it also checks at a rood pattern distributed points, as shown in Fig , 
where they are at a step size of S = Max (|X|, |Y|). X and Y are the x-coordinate and y-coordinate of the 
predicted motion vector. This rood pattern search is always the first step. It directly puts the search in an area 
where there is a high probability of finding a good matching block. The point that has the least weight becomes 
the origin for subsequent search steps, and the search pattern is changed to SDSP. The procedure keeps on doing 
SDSP until least weighted point is found to be at the centre of the SDSP. A further small improvement in the 
algorithm can be to check for Zero Motion Prejudgment, using which the search is stopped half way if the least 
weighted point is already at the centre of the rood pattern. 
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Fig.6 Adaptive Root Pattern 
 
3. Removal of spatial redundancy: In spatial redundancies reduction, the wavelet transform has been 
shown to give better results than the DCT based schemes. The wavelet based scheme not only eliminates the 
visual artifacts due to DCT coding, but also allows for a multi resolution approach. In other words, the bit 
stream can be partially decoded in order to reconstruct a low resolution image. The DWT has several advantages 
of multi-resolution analysis and sub band decomposition, which has been successfully used in image processing. 
The motion estimation and compensation directly applied on the coefficients resulting from the discrete wavelet 
transform, rather than on natural images. It will reduce the number of computations for the motion estimation. 
 
 
Advantages of Block Based Motion Compensation: 
1. It achieves good and robust performance for compression. 
2. It is straightforward and computationally tractable. 
3. It fits well with rectangular video frames and with block-based image transforms (e.g.    DCT, HWT). 
4. Every resulting motion vector is easy to represent by one MV per block, and it is also useful  for compression. 
5. The algorithm is simple, and easy for VLSI implementations. 
 
4. Related Work 
 
P. Baglietto, M. Maresca, A. Migliaro and M. Migliardi.[11] on proposed an approach to the parallel 
implementation of the Full Search Block Matching Algorithm which is suitable for implementation on 
massively parallel architectures ranging from large scale SIMD computers to dedicated processor arrays realized 
in ASICs in video compression devices. 
. 
P W M Tsang and W T Lee [7] A novel motion compensation scheme is proposed in this paper. The adaptive 
searching technique that have been utilized in still image approximation is adopted in the proposed scheme to 
achieve high compression capability and low complexity. 
 
Shyi-Chyi Cheng.[4] proposed an object-based coding method for very low bit-rate channels, using a method 
based on motion estimation with a block-based moment-preserving edge detector. In most existing object-based 
coding methods, only the global motion components are transmitted. However, the global motion prediction 
error is large, even after motion compensation using the discrete cosine transform (DCT), when images contain 
rapid moving objects and noise. 
 
R. A. Manap, S. S. S. Ranjit, A. A. Basari and B. H. Ahmad [3] an algorithm called Hexagon-Diamond Search 
(HDS) is proposed for ME where the algorithm and several fast BMAs, namely Three Step Search (TSS), New 
Three Step Search (NTSS), Four Step Search (4SS) as well as Diamond Search (DS), are first selected 
to be implemented onto various type of standard test video sequence using MATLAB before their performances 
are compared and analyzed in terms of peak signal-to-noise ratio (PSNR), number of search points needed as 
well as their computational complexity. 
 
Zhengya Xu, Hong Ren Wu and Xinghuo Yu[2] A fast spatiotemporal statistical information based motion 
estimation technique is proposed in this paper. It uses the spatiotemporal correlation in the image sequence to 
detect and to estimate global motion, based which a block matching approach is applied for more accurate 
motion estimation. 
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 Andrew D. Bagdanov, Marco Bertini[1] Alberto Del Bimbo, Lorenzo Seidenari proposed an algorithm to 
adaptive video coding for video surveillance applications. Using a combination of low-level features with low 
computational cost, we show how it is possible to control the quality of video compression so that semantically 
meaningful elements of the scene are encoded with higher fidelity, while background elements are allocated 
fewer bits in the transmitted representation. Our approach is based on adaptive smoothing of individual video 
frames so that image features highly correlated to semantically interesting objects are preserved. Using only 
low-level image features on individual frames, this adaptive   smoothing can be seamlessly inserted into a video 
coding pipeline as a pre-processing state. 

 
5. Conclusion 
 
This paper presents a survey of various types of video compression techniques in temporal and spatial domain. 
The block matching algorithms are most efficient and popular way of motion estimation. The motion estimation 
is the way of determining the motion of two or more frames of the video sequences. In this paper various block 
matching algorithms have been compared. In spatial domain or intra coding the DCT or wavelet approaches are 
implemented to remove the redundancies of the video sequences. 
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