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ABSTRACT 

One of the important subject in video coding standards such as MPEG-1, MPEG-2 and ITU-T H.263 is motion estimation 

algorithm. Fast Full Search (FS) Algorithm is used to estimate the motion of pixels between set of two image blocks in these 

international standards. In FS Algorithm the process is very time consuming because computation and distortion function need to 

be find many time for each target block. To reduce this time we give a modified search algorithm, Extended Orthogonal Search 

Algorithm (EOSA) have been implemented. The performance of the algorithms are evaluated by using standard 288 x 352 pixels  

common intermediate format (CIF) caltrain, missa video sequences and the results are compared to the traditional well-known FS 

algorithm and a widely used fast search algorithm called the Three Step Search (TSS), The fast search algorithms are known as 

sub-optimal algorithms as they test only some of the candidate blocks from the search area and choose a match from a subset of 

blocks. These algorithms can reduce the computational complexity as they do not examine all candidate blocks and hence are 

algorithmically faster. However, the quality is generally not as good as that of the FS algorithms but can be acceptable in terms of 

subjective quality. The important metrics, Number of Search Points and Peak Signal to Noise Ratio are used to evaluate the 

algorithm. The results show that the strength of the algorithms i.e. speed of operations is much faster than the FS and TSS. The 

performance of the algorithm is better than the other exiting algorithm namely FS Algorithm and TSS Algorithm. And results also 

show that there is no more difference between the Peak Signal to Noise Ratio of different algorithm. 

Keywords-Fast Motion Estimation, OSA, TSS, EOSA, Mean Square Error, PSNR 

1. INTRODUCTION 

Video compression has played a crucial role in data storage and 

transmission as it has been the main focus in many applications 

such as multimedia communications, remote monitoring, 

videophones, videoconference etc. Video compression has 

become an interesting and very important area of research. The 

birth of new technology leads us to the new communication 

system which involves visual information. Because of the big 

amount of information to be stored and transmitted, it needs to 

be compressed. New video data compression schemes of 

moving images based on motion compensation scheme with 

faster search algorithms. Advantage of these proposed fast 

search algorithms is that with the help of these fast motion 

estimation schemes we can attain high speeds of operation, 

tolerable image quality and can guide to an efficient 

implementation. The rate distortion evaluation of the scheme 

could be comparable to the current international standard 

Motion Pictures Experts Group (MPEG). However, the search 

for upgraded techniques for video data compression remains a 

vital area of research. Video compression scheme‟s 
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fundamental goal is to reduce the information data while 

maintaining a tolerable constancy or image quality. The classic 

video compression system is composed of two principle parts 

which are the coder and decoder. The coder obtains the 

sequence of video frames with fixed resolution as input and 

produces codes representing those video frames. And the 

decoder recovers the codes back to the original input as 

decoded outputs or recreated frame which are not necessarily 

same to the original. Codes are either transmitted over 

transmission channels or stored on storage devices. Figure 1 

illustrates a process of block matching algorithm. 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 inter frame coder; the input frame is subtracted from the 

prediction of the reference frame.  

 

Figure 1: Block Matching Motion Estimation 

Consequently the motion vector and the resulting error can be 

transmitted instead of the original luminance block; thus inter 

frame 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. This algorithm is based on a 

translational model of the motion of objects between frames. It 

also assumes that all pixels within a block undergo the same 

translational movement. There are many other motion 

estimation (ME) methods, but block matching motion 

estimation (BMME) is normally preferred due to its simplicity 

and good compromise between prediction quality and motion 

overhead. This assumption is not strictly valid, since we 

capture 3-D scenes through the camera and objects do have 

more degrees of freedom than just the translational one. 

However, the assumptions are still reasonable, considering the 

practical movements of the objects over one frame and this 

makes our computations much simpler. There are many other 

approaches to motion estimation, some using the frequency or 

wavelet domains, and designers have considered scope to 

invent new methods since this process does not need to be 

specified in coding standards. The standards need only specify 

how the motion vectors should be interpreted by the decoder. 

Block matching algorithm is the most common method of 

motion estimation. Typically each macro block (16×16 pixels) 

in the new frame is compared with shifted regions of the same 

size from the previous decoded frame, and the shift which 

results in the minimum error is selected as the best motion 

vector for that macro block. The motion compensated 

prediction frame is then formed from all the shifted regions 

from the previous decoded frame [1, 10]. 

 

2. FAST MOTION ESTIMATION 

ALGORITHM 

2.1. Three Step Search (TSS)-This is one of the earliest 

attempts at fast block matching algorithms and dates back to 

mid 1980s. The general idea is represented in Figure. 2. It starts 

with the search location at the center 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 

[2, 8] 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. 
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2.2. New Three Step Search (NTSS)- NTSS [3] improves 

on TSS results by providing a center 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. 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. 

 

Figure 2: Three Step Search Procedures.  

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. Figure 3 

shows the NTSS procedures. 

 

2.3. Diamond Search (DS)-DS [4,7,9] 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 Figure 4. Just like in FS, the first step uses LDSP 

and if the least weight is at the center 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 shown in Figure 4. 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. 

 

Figure 3: New Three Step Search 

 

Figure 4: Diamond Search 

The end result should see a PSNR close to that of ES while 

computational expense should be significantly less. 

 

2.4. Four Step Search (4SS)- Similar to NTSS [3], 4SS [5] 

also employs center 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 center of search window the search jumps to 

fourth step. If the least weight is at one of the eight locations 

except the center, 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 
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locations. Once again if the least weight location is at the 

center 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 macro block and the motion vector is set to point o 

that location. A sample procedure is shown in Figure 5. This 

search algorithm has the best case of 17 checking points and 

worst case of 27 checking points. 

 

Figure 5: Four Step Search 

In this paper we introduce a modified algorithm called 

Extended Orthogonal Search Algorithm (EOSA) which can 

improve the performance of the speed of the processing. 

EOSA algorithm proved to be faster than the TSS, NTSS, DS, 

4SS and the quality of the reconstructed images is as good. 

The novel EOSA algorithm is tested by using the well-known 

benchmark video sequence: Caltrain, Missa and Salesman. 

The EOSA algorithm is examined and the results are 

compared with the TSS, NTSS, DS, 4SS and OSA algorithms. 

The approach of the EOSA algorithm is to reduce the number 

of search points and to propose a new pattern of searching. 

The average search points of EOSA algorithm is less than 13. 

The processing time of the EOSA is compared with the TSS, 

NTSS, DS, 4SS and OSA. The main two metric, numbers of 

search points and PSNR are used as the quality assessment. 

The PSNR is a metric to verify the ability of the prediction. 

Only the value of PSNR is good enough to justify the capacity 

of the algorithms. However, the subjective quality is also 

examined. The subjective quality is used as a supportive 

measurement. The subjective quality assessment is shown the 

quality of algorithms in term of perception. The subjective 

quality is usually consuming time. The subjective quality here 

is only to justify if the quality of prediction is acceptable or 

not. The speed of operation or the time required to run the 

algorithm is another metric which can indicate the 

computational complexity of the algorithms. The time of 

processing relatively relies on the complexity of the algorithm. 

The algorithm with high complexity requires a higher time 

than the algorithm with less complexity. 

Matching criteria for motion estimation- Inter frame 

predictive coding is used to eliminate the large amount of 

temporal and spatial redundancy that exists in video sequences 

and helps in compressing them. In conventional predictive 

coding the difference between the current frame and the 

predicted frame is coded and transmitted. The better the 

prediction, the smaller the error and hence the transmission bit 

rate when there is motion in a sequence, then a pixel on the 

same part of the moving object is a better prediction for the 

current pixel. There are a number of criteria to evaluate the 

“goodness” of a match. 

Two popular matching criteria used for block-based motion 

estimation are 

1. Mean of squared error (MSE) 

2. Mean of absolute difference (MAD) 

To implement the block motion estimation, the candidate 

video frame is partitioned into a set of non-overlapping blocks 

and the motion vector is to be determined for each such 

candidate block with respect to the reference. For each of these 

criteria, square block of size N × N pixels is considered. The 

intensity value of the pixel at coordinate (n1, n2) in the frame k 

is given by, S(n1, n2, k)where (0 ≤ n1, n2 ≤ N−1). The frame k 

is referred to as the candidate frame and the block of pixels 

defined above is the candidates block. 

MSE Criterion- Considering (k−l) as the past references 

frame l > 0 for backward motion estimation, the mean square 

error of a block of pixels computed at a displacement (i, j) in 

the reference frame is given by 

   (   )  
 

  ∑ ∑   (       )   (              )  
   

    

   

    

 

Consider a block of pixels of size N × N in the reference 

frame, at a displacement of, where i and j are integers with 

respect to the candidate block position. The MSE is computed 

for each displacement position (i, j),within a specified search 

range in the reference image and the displacement that gives 

the minimum value of MSE is the displacement vector which 

is more commonly known as motion vector and is given by 
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            ⏟
   

       (   )  

The MSE [13] criterion defined in above equation requires 

computation of N2 subtractions, N2 multiplications (squaring) 

and (N2 − 1) additions for each candidate block at each search 

position. This is computationally costly and a simpler 

matching criterion, as defined below is often preferred over the 

MSE criterion. 

MAD Criterion- Like the MSE criterion, the Mean of 

absolute difference (MAD) too makes the error values as 

positive, but instead of summing up the squared differences, 

the absolute differences are summed up. The MAD [13] 

measure at displacement (i, j) is defined as 

   (   )  
 

  
∑ ∑   (       )   (              ) 

   

    

   

    

 

The motion vector is determined in a manner similar to that for 

MSE as 

            ⏟
   

       (   )  

2.5. Orthogonal Search Algorithm (OSA)-Many fast 

block matching algorithm have been proposed and developed 

in recent years in order to reduce the computational cost while 

maintaining the quality of the video signal. There are several 

established algorithms, namely Three-Step Search (TSS), new 

three step search (NTSS) and Diamond Search (DS).These are 

implemented using MATLAB and their performance are 

compared and analyzed in terms of peak signal-to-noise ratio 

(PSNR) and number of search points. 

 Steps for Orthogonal Search Algorithm are following. 

1. The OSA has the pairs of horizontal and vertical search 

points with a logarithmic decrease in the successive step 

size („ss‟).  

2. After the step size ss has been initialized at ss = d/2, the 

center block and two candidate blocks on either side of 

the x- axis at a distance („± ss‟) are compared to the 

target block. 

3. The position of minimum distortion (BDM) will 

become the center of the vertical stage. During the 

vertical stage, two search points above and below the 

new center are examined and the values of the 

distortion function at these three positions are 

compared.  

4. The position with the minimum distortion will become 

the center of the next stage. 

5. After a horizontal and vertical iteration, the step size is 

halved, if it is greater than one the algorithm proceeds 

with another horizontal and vertical iteration otherwise 

it halts and declares one of the positions from the 

vertical stage the best match for the target block. 

 

Figure 6: Orthogonal search 

6. Thus OSA estimate motion vectors by searching the 

window orthogonally with logarithmic reduction in 

the step size.  

The search patterns for OSA are shown in Figure 6. 

 

3. PROPOSED FAST MOTION ESTIMATION 

ALGORITHM 

3.1. Extended Orthogonal Search Algorithm (EOSA)-

We present the modification in original OSA by utilizing a 

diamond pattern at the center to exploit the center biased 

characteristics of motion vector distribution in real world 

video sequences. Figure7 shows the search pattern of EOSA. 

The search window size is (2d + 1) × (2d + 1) where d is the 

maximum displacement in horizontal and vertical direction. 

The step size is initialized at ss = d/2. 

 

The proposed EOSA is divided into following steps. 

Step 1 - In the initial stage of the algorithm, we propose to add 

four extra search points around the center in addition to the 

original search points in horizontal direction used in OSA as 

shown in Figure 7. The advantage of adding these extra search 

points is to capture the small motion at the center. 

If the minimum block distortion measure (BDM) at this stage 

occurs at the search window center i.e., at (0, 0), then assume 

the block is with zero motion and further search bring to an 

end (half way stop technique). Otherwise go to step 2. 
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Step 2 -  If the minimum BDM point of step 1 corresponds to 

one of the four point of the center grid then step size is 

initialized to one and two positions horizontally on either side 

and two vertical positions above and below of the minimum 

BDM point are searched.  

The search point with minimum BDM corresponds to motion 

vector. The algorithm is halted at this stage or else go to step 

3. 

Step 3 - Shift the center at the minimum BDM point of step 1 

for the vertical search and two positions are searched in the 

vertical direction (up and down) retaining the same step size. 

Step 4 - The step size „ss‟ is reduced by half and the center is 

moved to the minimum BDM point of step 3.  

Again two positions in the horizontal direction are checked 

with step size „ss‟ apart from the center. 

Step 5 - Repeat the step 3 and 4, till the step size „ss‟ becomes 

one. 

 

Figure 7: Extended Orthogonal Search 

 

4. SIMULATION RESULTS 

The experiments were conducted on three common 

intermediate format (CIF) video sequences such as Caltrain, 

(288×352, 31 frames, 30 fps, 24 bpp), Missa (288×352, 31 

frames, 30 fps, 24 bpp), Salesman, (288×352, 31 frames, 30 

fps, 24 bpp). The simulation has been conducted for 32 frames 

of the Caltrain sequence, which is a typical slow varying with 

Caltrain object motion and most of the background objects are 

stationary.  

The simulation conducted on Missa video sequence with 31 

frames consists of mainly a woman who is speaking and 

slowly moves her head. The background is static and plain and 

it should not introduce difficulties.  

The simulation was also conducted on 31 frames CIF 

Salesman sequence, which contains a Salesman holding a 

cubic box in his hand. Motion is mainly focused on the arm of 

the salesman and the cubic box. Further-more, a low level of 

motion has to be detected in his facial features since he is 

continuously speaking. 

Two important measures considered for analysis are average 

MAD per pixel and average number of search points (NOP) 

per block. The search window w = ±7 is used for a block size 

of 8×8.  

The experimental results are discussed below. 

 

Figure 8: Comparative number of search point with 

number of frame performance of “Caltrain” using TSS, 

NTSS, DS, 4SS, OSA and EOSA 

Table 1 shows the performance of the developed schemes with 

existing optimal and sub-optimal BMA in terms of PSNR per 

pixel and Average number of search points (S.P.) for caltrain 

sequence. There is a tradeoff between these two measures. 

 

Table 1: Performance comparison for Caltrain sequence 

BMA TSS NTSS DS 4SS OSA EOSA 

Avg. No. 

of S. P. 

23.72 23.09 18.36 19.65 12.45 10.05 

PSNR 

Value 

26.26 27.02 27.57 27.59 27.62 27.73 

 

Figure 8 is the graphical representation for caltrain video 

sequence which shows that the Number of search point 

required for different algorithmsis different. In this Figure 8 

x-axis denote the number of frames and y-axis denote the 

number of search point requiredto find the best match. In TSS 

algorithm required number of search points are maximum in 

comparision to other algorithms. And least number of search 

points are required in EOSA.Figure 8 shows that we have to 

find least number of times MSE value at different location to 
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find the best match. So number of computations required in 

EOSA is minimum in comparison to other algorithms. 

Figure 9 shows the PSNR value for Caltrain video sequence. 

In this Figure 4.2 x-axis represents the number frames and y-

axis represents the PSNR values. PSNR value shows that the 

video quality is not degraded with EOSA. Here for this 

sequence EOSA give the best video quality with respect to 

TSS. And all other algorithms are showing the same or little 

change in video quality.   

Table 2: Performance comparison for Missa sequence 

BMA  TSS NTSS DS 4SS OSA EOSA 

Avg. No. 

of S.P. 

23.26 19.41 14.27 17.16 12.59 9.06 

PSNR 

Value 

37.02 37.05 37.06 37.02 37.08 37.25 

 

Table 2 shows the performance of the developed schemes with 

existing optimal and sub-optimal BMA in terms of PSNR per 

pixel and Average number of search points (S.P.) for Missa 

sequence. 

 

Figure 9: Comparative PSNR with number of frame 

performance of “Caltrain” using TSS, NTSS, DS, 4SS, 

OSA and EOSA 

Figure 10 is the graphical representation for Missa video 

sequence which shows that the Number of search point 

required for different algorithmsis different. In this Figure11 

x-axis denote the number of frames and y-axis denote the 

number of searchpoint requiredto find the best match 

In TSS algorithm required number of search points are 

maximum in comparision to other algorithms. And least 

number of search points are required in EOSA. Figure 11 

shows that we have to find least number of times MSE value 

at different location to find the best match. So number of 

computations required in EOSA is minimum in comparison to 

other algorithms. 

 

Figure 10: Comparative number of search point with 

number of frame performance of “Missa” using TSS, 

NTSS, DS, 4SS, OSA and EOSA 

Figure 11 shows the PSNR value for Missa video 

sequence. In this Figure 11 x-axis represents the number 

frames and y-axis represents the PSNR values. PSNR value 

shows that the video quality is not degraded with EOSA. Here 

for this sequence all algorithms are showing the same video 

quality. 

 

Figure 11: Comparative PSNR with number of frame 

performance of “Missa” using TSS, NTSS, DS, 4SS, OSA 

and EOSA 

Table 3: Performance comparison for salesman sequence 

BMA  TSS NTSS DS 4SS OSA EOSA 

Avg. No. 

of  S.P. 

23.21 16.69 12.94 16.24 12.87 9.89 

PSNR 

Value 

35.19 35.20 35.20 35.17 34.88 35.88 

Table 3 shows the performance of the developed schemes with 

existing optimal and sub-optimal BMA in terms of PSNR per 
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pixel and Average number of search points (S.P.) for Salesman 

sequence 

Figure 12 is the graphical representation for Salesman video 

sequence which shows that the Number of search point 

required for different algorithmsis different. In this Figure12 

x-axis denote the number of frames and y-axis denote the 

number of search point requiredto find the best match. In TSS 

algorithm required number of search points are maximum in 

comparision to other algorithms. And least number of search 

points are required in EOSA. Figure 12 shows that we have to 

find least number of times MSE value at different location to 

find the best match. So number of computations required in 

EOSA is minimum in comparison to other algorithms. 

 

Figure 12: Comparative number of search point with 

number of frame performance of “Salesman” using TSS, 

NTSS, DS, 4SS, OSA and EOSA 

Figure 13 shows the PSNR value for Salesman video 

sequence. In this Figure 13 x-axis represents the number 

frames and y-axis represents the PSNR values. PSNR value 

shows that the video quality is not degraded with EOSA. And 

for some frame it shows the best quality in comparison to 

other algorithms. Frame number 6 -20 with EOSA are best and 

frame number 22-25 there is some degradation in video 

quality. 

 

Figure 13: Comparative PSNR with number of frame 

performance of “Salesman” using TSS, NTSS, DS, 4SS, 

OSA and EOSA 

5. CONCLUSION 

The proposed EOSA in block motion estimation results may 

gain speed up over TSS and New TSS. Search for the center 

biased motion vectors have been facilitated by adding 4 extra 

search points, which are the neighbors of the window center. 

The introduction of the half way stop technique reduce the 

time required for the computation. The PSNR performance 

ensures the good quality of reconstructed frame comparable to 

those of TSS, NTSS, DS, 4SS and OSA. We conclude that 

EOSA may be a candidate to replace TSS, NTSS, DS, 4SS and 

OSA. Owing to its ability to reduce computational time and 

number of search points. 
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