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Abstract 

The latest video coding standards and techniques are being developed for 

multimedia applications and the immense importance is given to h.26x series 

for video processing. Motion estimation process is being used to decrease the 

amount of data needed for data transmission and storage. Motion estimation 

process is inevitable as it eradicates the temporal redundancy in video 

sequences between successive frames. This paper describes motion estimation 

algorithms, their search procedure, complexity, advantages, and limitations. A 

topical survey conducted on motion estimation algorithms which includes full 

search algorithm, many fast search and full search block-based algorithms is 

given in this paper. A complete assessment on motion estimation algorithms 

based on the empirical results conducted on several test video sequences is 

reported. 

Keywords: Motion estimation, videocoding, minimum block distortion 

measure, temporal / spatial redundancy. 

 

1. INTRODUCTION 

Online videos are the latest trend in present day technology and it has a great scope in 

future. Video coding reduces the raw data in video sequence by eliminating spatial 

and temporal redundancies. Motion estimation technique is used in video coding to 

remove the temporal redundancy in video signal. Block based motion estimation 

technique is commonly used motion estimation technique which is being used in 

several video coding standards for example h.26x series, MPEGX series [1] – [6]. 

The full search (FS) algorithm is an optimal algorithm but requires a greater number 

of computations. In order to overcome this problem, many fast block matching 

algorithms were developed. This paper gives the complete analysis of the algorithms 

from the past 40 years and the comparison is drawn between some known algorithms 

in terms of computational complexity and distortion. The rest of the paper is 

organized as follows.The section 2presents the analysis of fast search block-
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basedmotion estimation algorithms. The section 3 presents the comparison of some 

famous algorithms. Lastly, the conclusions are presented in section 4. 

 

2. BLOCK BASED MOTION ESTIMATION ALGORITHMS 

The block-based motion estimation algorithm is mainly aimed to estimate the motion 

(motion vector) between macro block of current frame and perfectly matched 

candidate block of reference frame. The simple matching criterion is sum of absolute 

difference (SAD). It is used to calculate the distortion between the macro block of 

current frame and candidate block in reference frame. The SADbetween anM × N size 

macroblock withtop-left corner at (p, q) and anM × N size candidate block withtop-

left cornerat (p + x, q + y) is defined in the eq (1). 
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where I (., .) and R (., .) denotecurrent frame and reference frame pixelvalues. The 

co-ordinates of motion vector xand yare defined in the eq (2).  
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where R= {( x̂ , ŷ ) | -s≤ x̂ , ŷ ≤ d} anddrepresents the search range. It is obvious 

from eq (2) that the SADcriterioninvolves (M × N)−1 addition operations,M × 

Nabsolute operations and M × Nsubtraction operations.So, we can calculate that one 

SAD computation with 3 ×M × N operationsroughly. 

The FS algorithms requires huge computational cost. To decrease the cost, several fast 

searchblock-based motion estimation algorithms [7]- [50] are proposed by having a 

small drop in distortion i.e. peak signal- to- noise ratio (PSNR). These algorithms may 

be classified into the five categories: reduction innumber of search points [7]–[27], 

predictive motion estimation [28]–[34], adaptive search pattern switching strategy 

[35]–[38], multi-resolution motion estimation [39]–[45] and fractional-pixel 

interpolation [46]–[50]. The recently used fast search block-based motion estimation 

algorithms fall into any of the above category or may use any combination of them. 

Usually, the fast search block matching algorithms which falls under first category 

i.e., reduction in number of search points category [7]- [27] are given huge 

importance and developed in large number due to the following assumption. The 

presumption is that the error between a macroblock and a candidate block increases 

continuously as the search point moves away from optimal search point.In three step 

search (TSS)algorithm [7], the search processapplies rectangular search pattern 

withnine search points as shown in Fig. 1 (a). The step size at first step is obtained by 

rounding s/2, where s is search range. The step size becomes halves in the following 

steps and if step size becomes one at any step, then the search terminates as shown in 

Fig. 1 (b). and Fig. 1 (c). Totally, this TSS algorithm takeslog2(s + 1)steps and 1 + 

8[log2(s + 1)] checking points.  

The updated version of TSS algorithm, new three step search (NTSS) algorithm [9], 
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proposed by Renxiang Li et al. While taking comparison between NTSS and TSS, 

NTSS has better motion prediction quality and computational complexity although 

NTSS has same regularity and simplicity as those of TSS algorithm. The main reason 

for the success of NTSS algorithm is that the motion vector distribution of real-world 

video sequences is center biased. NTSS algorithm carries at the further checking of 8 

additional search points (total 17) along with the original search point of TSS. NTSS 

algorithm employs half way stop technique to identify stationary and quasi stationary 

blocks.  

In the first search step of NTSS,the minimum BDM point is located at three possible 

locations: (1) the minimum BDM point may be located at the search window centeras 

shown in Fig. 2 (a). In this case, search stops, and block is considered as a stationary 

block with (0,0) motion vector. (2) the minimum BDM point may be locatedat any 

one of the eight search points around the search centeras shown in Fig.2 (b). Here,the 

search stops after checking the 8 search points around the minimum BDM and the 

block is considered as a quasi-stationary block. (3) the minimum BDM point may be 

locatedat any one of the remaining eight search points then the block is neither 

stationary nor quasi stationary.The search undergoes entire TSS procedure. 

The algorithm which searches along only one direction at a time i.e., either horizontal 

or vertical is called one-at-a-time search (OTS) algorithm [12]. It is a one-dimensional 

gradient descent search algorithm. The search procedure of OTS algorithm takes place 

in the following way. In the first step, OTS carries out the search in horizontal 

direction until the minimum BDM value lies between two higher BDM values. In the 

second step, OTS carries out the search in vertical direction until the minimum BDM 

value is found out. The example for illustrating the OTS search procedure to locate 

motion vector (3,3) is shown in Fig. 3 (a). 

 Block based gradient descent search (BBGDS) [14] and directional gradient descent 

search (BGDS) [15] are the examples for OTS based motion estimation algorithms. 

BBGDS is an example for the 2-D gradient descents search motion estimation 

algorithm. In BBGDS the search procedure for the minimum BDM block is carried 

along the block based gradient descent direction. At every search step, square search 

pattern comprising of nine search points is applied. The motion estimation is done by 

surrounding the search center in all the eight directions with eight search points. The 

search terminates when the minimum BDM search point is placed at the search center. 

The example for the illustration of BBGDS search procedure to locate motion vector 

at (-2-2) is shown in Fig.3 (b). 

The search procedure for the DGDS is done in the following way. At first, the eight 

directional minimum search points are found out by using OTS principle in eight 

directions. In the second step, the minimum one among the eight directional search 

points is taken as the search center for the next step. This search is carried out until 

the least one among the eight directional search point is search center. An example for 

the illustrating of DGDS search procedure to locate motion vector (5, 2) is shown in 

Fig. 3 (c). 

One of the most prominent motion-based algorithms is diamond search (DS) 

algorithm [16]-[17]. It searches motion vectors with two search patterns which are of 
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in diamond shape. One is large in size i.e., large diamond search pattern (LDSP) and 

other one is small in size i.e., small diamond search pattern (SDSP). Mainly, LDSP 

spots a small area of global minimum and the SDSP traces the global minimum in that 

specified small area. The search procedure for DS algorithm is as follows. The first 

step is to check a search points of LDSP placed at search window center. The SDSP is 

placed at minimum BDM point if the minimum BDM point is search center. The 

LDSP is placed at minimum BDM point if the minimum BDM point is not a search 

center. At any search step, if the minimum BDM point is search center then the search 

stops and the minimum BDM point of SDSP becomes final motion vector. An 

example to illustrate DS algorithm search procedure to find motion vector at (3, -2) is 

shown in Fig. 4 (a). 

The hexagonal search (HS) algorithm [18] improves the search speed of DS at the 

slight degradation in PSNR. Indeed, the main modification in HS over DS is that the 

coarse search in HS is performed bya large hexagon search pattern. When compared 

to LDSP, the large hexagon search pattern is closer to circle. So, the results obtained 

by HS are more accurate than those of DS. The Fig. 4(b) shows an example of 

searching motion vector by HS algorithm. 

The search speed of HS is further enhanced by some algorithms [19] - [21] which 

mainly speeds up the coarse search procedure of HS. An enhanced HS (EHS)in 

[19]examines only a most probable part of coarse search, an enhanced hexagonal 

search using point-oriented inner search (EHS-POIS)in [20] examines only two most 

probable coarse search points and the algorithm an enhanced hexagonal search using 

direction-oriented inner search (EHS-DOIS) in [21] examines only one most probable 

coarse search point. These algorithms calculate group-sum distortions with a few 

computations and utilize them for selecting these most probable search points. 

  
 

(a) (b) (c) 

Fig. 1. The rectangular search patterns of TSS at (a) first search step (assume s = ±7) 

(b) second search step, a rectangular search pattern is placed around minimum search 

point of first search step and step size is half of the first step (c) third search step, a 

rectangular search pattern is placed around minimum search point of second step and 

step size is half of the second step. The minimum search point is highlighted with red 

color. 
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(a) (b) 

Fig.2.  An example of a search procedure of NTSS for (a)a stationary block with (0,0) 

motion vector(b) a quasi-stationary block with motion vector (2, −2). Each search 

point is indicated by its search step number and red colored point is the minimum 

search point. 

 

   

(a) (b) (c) 

Fig. 3. An example of a search procedure of (a) OTS for finding motion vector (3, 3) 

(b) BBGDS for finding motion vector (2, -2) (c) DGDS for finding motion vector (5, 

2). Each search point is indicated by its search step number and red colored point is 

the minimum search point. 
 

  

(a) (b) 

Fig. 4. An example of a search procedure for finding motion vector (3, -2) with (a) 

DS (b) HS. Each search point is indicated by its search step number and red colored 

point is the minimum search point. 
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The temporal and/or spatial correlation among motion vectors are being effectively 

utilized by the algorithms that belong to predictive motion estimation category [28]– 

[34] for reducing the computational cost considerably.In [31], the motion vector of 

any macroblock is obtained effectively with the help of city block lengths of the 

neighboringblocks. These city block lengths predict the motion activity of 

macroblock. An appropriate search strategy and search center are chosen according 

tothe motion activity. The search speed is further enhanced by terminating the search 

initiallythroughinspecting (0, 0) predictor.In [32], the median predictor and the 

motion vectors of collocated blocks are also being used to improve the search 

performance of [31] further. In [32] also,the search speed is further enhanced by an 

adaptivehalfway stop technique. Another motion prediction algorithm [34] which 

improves the search performance of [32] by utilizing most probable predictors and 

efficient threshold calculationseffectively. 

In algorithms [35] – [38], an adaptive switching strategy is employed to speeds up the 

search process. These algorithms dynamicallyapply different search patterns 

according to the motion activity. For example, the algorithm in [38] predicts motion 

activity of a block before finding motion vector to that block. Then, the popular center 

biased search patterns such as NTSS, DS and BBGDS are employed for obtaining 

motion vector if the motion activity is small. If the motion activity is not small then 

the non-center-biased search patterns such as TSS and 4SS are usedfor obtaining 

motion vector.This algorithm calculates an error descent rate for predicting the motion 

activity of a block. 

The multiresolution algorithms [39]– [45] perform motion estimation at various 

resolution levels. A particular level is obtained by sub sampling and spatial low-pass 

filtering of its lower level. The motion vectors found at one level are used as initial 

motion vectors at next level. Since these initial motion vectors are closer to the 

optimal motion vectors, the search range can be reduced as level moves to finest level. 

The algorithms belong to fractional-pixel motion estimation (FPME) techniques [46]– 

[50]achieve further reduction in bit rate i.e., improvement in video quality by applyin 

fractional-pixel interpolation (FPI) algorithms. 

 

3. RESULTS 

This section presents the simulation results to evaluatethe performances of popular 

algorithms. The search performance evaluationsof thesealgorithms are presented with 

parameters PSNR andaverage number of search points (ANSP) per block. The PSNR 

and ANSP measure the motion prediction quality and computational complexity 

respectively.The performance of all the algorithms are analyzed with first 100 frames 

of ten video sequences with the size of HD, CIF and QCIF. These video sequences 

have different motion contents. Kirsten-Sara and Akiyo test video sequences have 

small motion content. The motion contents in suzie, mobile, and flower test video 

sequences are at medium level.Rocket launch, cricket, rhinos, robot boat, foreman test 

videos have large motions.The block size isset to 16 × 16. The search range is set 

to±63for HD test video sequences (rocket launch and kirstensara) and set to ±15 for 
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the remaining (QCIF and CIF) video sequences. 

Table 1 summarizes ANSP of NTSS, DS, HS, EHS-DOIS and DGDS algorithms. The 

PSNR of these algorithms are summarized in table 2. These tables clearly show that 

the fast search algorithms enhance the search speed but lower the PSNR with respect 

to full search algorithm.It can be observed from table 1 that EHS-DOIS requires a 

small number of search points when compared to other algorithms.On an average, 

EHS-DOIS requires 10.59 search points. All the algorithms except NTSS demand 

almost same ANSP if the motion content of the video sequences (Akiyo and Kirsten-

Sara)is small. However, the ANSP is very small in EHS-DOISregardless of motion 

activity in video sequences.  

It can be observed from table 2 thatthe DGDS shows good PSNR when compared to 

other algorithms. Roughly, DGDS shows 0.406dB higher PSNR at the little 

decrement in search speed when compared to DS(refer table 1). With respect to search 

speed, EHS-DOIS is surely best among all the algorithms.With respect to motion 

prediction quality, DGDS is surely better one. In order to observe the performances of 

all the algorithms more visibly, the frame-by-frame comparison of ANSP and PSNR 

of all the algorithmsusing suzie video sequence are shown in Fig. 5 (a) and Fig. 5 (b) 

respectively. Among all the algorithms, DGDS shows good PSNR values and EHS-

DOIS shows higher search speed. 

 

4. CONCLUSION 

The last forty years’ research of multimedia develops many block matching 

algorithms with an intention of enhancement in search speed. This paper has 

presented basic search procedures of well-known fast search block matching 

algorithms.A complete analysis of well-knownand state-of-the-art algorithms in 

respect of their search speed and block distortion measures is presented. 

Table 1. The average number of search points (ANSP) per block in each algorithm. 

Video 

sequence 
FS NTSS DS HS DGDS EHS-DOIS 

Foreman 782.21 29.23 17.16 13.04 18.63 10.63 

Mobile 869.33 26.05 10.73 9.31 11.59 7.73 

Rhinos 869.33 38.46 33.13 33.06 34.47 16.89 

Robot boat 869.33 36.72 34.45 29.98 33.04 16.18 

Suzie 782.21 24.39 12.51 10.44 11.16 8.50 

Akiyo 782.21 18.44 8.22 8.64 8.872 8.03 

Cricket 869.33 27.23 18.08 13.73 16.38 10.85 

Flower 869.33 28.77 13.09 11.89 12.96 8.75 

Kirsten-Sara 14061.54 26.03 8.37 8.05 8.11 7.59 

Rocket launch 14061.54 26.36 17.37 13.23 16.85 10.76 
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Table 2.The degree of motion prediction quality of every algorithm with respect to 

full search algorithm. 

Video sequence FS NTSS DS HS DGDS EHS-DOIS 

Foreman 28.89 25.30 28.15 28.03 28.28 26.70 

Mobile 24.29 21.71 23.52 23.85 23.87 22.71 

Rhinos 30.23 25.03 27.62 27.81 28.40 27.66 

Robot boat 30.62 26.30 29.21 29.10 29.54 28.83 

Suzie 35.90 30.49 35.02 35.10 35.25 33.87 

Akiyo 44.16 43.52 44.16 44.16 44.16 43.25 

Cricket 35.95 31.26 33.66 33.95 34.99 33.19 

Flower 33.69 29.26 33.02 33.19 33.35 31.47 

Kirsten-Sara 44.74 44.05 44.18 44.21 44.39 42.45 

Rocket launch 38.95 33.20 37.53 37.69 37.90 36.20 

 

 

(a) 

 

(b) 

Fig. 5.Comparison among the fast search motion estimation algorithms with respect 

to (a) average number of search points (ANSP) per block and (b) average PSNR per 

frame with respect to full search algorithmfor “Flower” video sequence. 



Block Based Motion Estimation Algorithms: Analysis 599 

REFERENCES 

[1] G. Cote, B. Erol, M. Gallant, and F. Kossentini, “H.263+: Video Coding at Low 

Bit Rates,” IEEE Transactions on Circuits and Systems for Video Technology, 

vol. 8, pp. 849–66, November 1998. 

[2] ITU-T Rec. H.263, “Video Coding for Low Bit Rate Communication,” v1, Nov. 

1995; v2, Jan. 1998; v3, Nov. 2000. 

[3] ITU-T Rec. H.264 and ISO/IEC 14496-10 (MPEG4-AVC), “Advanced Video 

Coding for Generic Audiovisual Services,” v1, May, 2003; v2, Jan. 2004; v3 

(with FRExt), Sept. 2004; v4, July 2005. 

[4] J.−B. Lee and H. Kalva, The VC−1 and H.264 Video Compression Standards 

for Broadband Video Services, Springer Science+Business Media, New York, 

2008. 

[5] H. G. Musmann, P. Pirsch, and H. J. Grallert, “Advances in picture coding,” 

Proc. IEEE, vol. 73, pp. 523–548, Apr. 1985. 

[6] F. Dufaux and F. Moscheni, “Motion estimation techniques for digital TV: A 

review and a new contribution,” Proc. IEEE, vol. 83, pp. 858–876, June 1995. 

[7] T. Koga, K. linuma, A. Hirano, Y. Iijima, and T. Ishiguro, Motion compensated 

interframe coding for video conferencing,” in Proc. Nat. Telecommun. Conf., 

1981, pp. C9.6.1–C9.6.5. 

[8] J.R. Jain and A.K. Jain, “Displacement measurement and its application in 

interframe image−coding” IEEE T. Commun. 29, 1799–1808 (1981). 

[9] R. Li, B. Zeng, and M.L. Liou, “A New Three-step Search Algorithm for Block 

Motion Estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 4, no. 4, 

pp. 438–442, Aug. 1994. 

[10] L.-W. Lee, J.-F. Wang, J.-Y. Lee, and J.-D. Shie, “Dynamic search window 

adjustment and interlaced search for block-matching algorithm,” IEEE Trans. 

Circuits and Systems for video Tech., vol. 3, pp.85-87, Feb. 1993. 

[11] S. C. Kwatra, C-M Lin and W. A. Whyte, “An adaptive algorithm formotion 

compensated color image coding,” IEEE Trans. Commun..vol. COM-35, pp. 

747-754, July 1987. 

[12] R. Srinivasan and K.R. Rao, “Predictive coding based on efficient motion 

estimation”, IEEE T. Commun. 33, 888–896 (1985). 

[13] L.M. Po and W.C. Ma, “A Novel Four-step Search Algorithm for Fast Block 

Motion Estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 6, no. 3, 

pp. 313–317, 1996. 

[14] L.K. Liu and E. Feig, “A Block-based Gradient Descent Search Algorithm for 

Block Motion Estimation in Video Coding,” IEEE Trans. Circuits Syst. Video 

Technol., vol. 6, no. 4, pp. 419–422, 1996. 

[15] Lai-Man Po, Ka-Ho Ng, Kwok-Wai Cheung, Ka-Man Wong, Yusuf Md. Salah 

Uddin, and Chi-Wang Ting, “Novel Directional Gradient Descent Searches for 

Fast Block Motion Estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 

19, no. 8, pp. 1189–1195,Aug. 2009. 



600 Kiran Kumar Vemula  and S. Neeraja 

[16] J.Y. Tham, S. Ranganath,M.Ranganath, and A.A. Kassim, “A Novel 

Unrestricted Center-biased Diamond Search Algorithm for Block Motion 

Estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 8, no. 4, pp. 369–

377, 1998. 

[17] S. Zhu and K.K. Ma, “A New Diamond Search Algorithm for Fast Block-

matching Motion Estimation,” IEEE Trans. Image Processing, vol. 9, no. 2, pp. 

287–290, 2000. 

[18] Ce Zhu, Xiao Lin, and Lap-Pui Chau, “Hexagon-based Search Pattern for Fast 

Block Motion Estimation” IEEE Trans. on Circuits and Systems for Video 

Technology, Vol. 12, No. 5, pp. 349-355, may-2002. 

[19] C. Zhu, X. Lin, L. P. Chau, and L. M. Po, “Enhanced Hexagonal Search for fast 

block motion estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 14, 

no. 10, pp. 1210–1214, Oct. 2004. 

[20] L. M. Po, C. W. Ting, K. M. Wong, and K. H. Ng, “Novel point oriented inner 

searches for fast block motion estimation,” IEEE Trans.on Multimedia, vol. 9, 

no. 1, pp. 9–15, Jan. 2007. 

[21] Bei-Ji Zou, Cao Shi, Can-Hui Xu, and Shu Chen, “Enhanced Hexagonal-Based 

Search Using Direction-Oriented Inner Search for Motion Estimation,” IEEE 

Trans. Circuits Syst. Video Technol., vol. 20, no. 1, pp. 156–160, Jan. 2010. 

[22] Y. Nie and K. K. Ma, “Adaptive Rood Pattern Search for fast block matching 

motion estimation,” IEEE Trans. Image Process., vol. 11, no. 12, pp. 1442–

1449, Dec. 2002.  

[23] K. K. Ma and G. Qiu, “An improved Adaptive Rood Pattern Search for fast 

block-matching motion estimation in JVT/H.26l,” in Proc. IEEE Int. Symp. 

Circuits Systems (ISCAS), vol. 2, pp. 25–28, 2003. 

[24] C.-H. Cheung and L.-M. Po, “A novel Cross-Diamond Search algorithm for fast 

block motion estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 12, 

no. 12, pp. 1168–1177, Dec. 2002.  

[25] Chun-Ho Cheungand Lai-Man Po, “Novel Cross-Diamond-Hexagonal Search 

Algorithms for Fast Block Motion Estimation,” IEEE Trans.on Multimedia, vol. 

7, no. 1, pp. 16–22, Feb. 2005. 

[26] Chen, Z., Xu, J., He, Y., Zheng, J.: Fast integer-pel and fractional pel motion 

estimation for H.264/AVC. J. Vis. Commun. Image Represent. 17(2), 264–290 

(2006). 

[27] Chung-Ming Kuo, Yu-HsinKuan, Chaur-Heh Hsieh, and Yi-Hui Lee, “A Novel 

Prediction-Based Directional Asymmetric Search Algorithm for Fast Block-

Matching Motion Estimation,” IEEE Trans. Circuits Syst. Video Technol., vol. 

19, no. 6, pp. 893–899,Jun. 2009. 

[28] L. Luo, C. Zou, Z. He, “A new prediction search algorithm for block motion 

estimation in video coding”IEEETrans.ConsumerElectronics.,vol. 43, no. 1, pp. 

56–61,Feb.1997. 

[29] Jie-Bin Xu, Lai-Man Po, and Chok-Kwan Cheung, “Adaptive Motion Tracking 



Block Based Motion Estimation Algorithms: Analysis 601 

Block Matching Algorithms for Video Coding”, IEEE Trans. Circuits Syst. 

Video Technol.,Vol. 9, No. 7, pp. 1025–1029,October 1999. 

[30] Yun-Ho Ko; Hyun-Soo Kang; Si-Woong Lee, "Adaptive search range motion 

estimation using neighboring motion vector differences," Consumer Electronics, 

IEEE Transactions on , vol.57, no.2, pp.726,730, May 2011. 

[31] P.I. Hosur and K.K. Ma, “Motion Vector Field Adaptive Fast Motion 

Estimation,” Second International Conference on Information, Communications 

and Signal Processing (ICICS ’99), Singapore, 7-10 Dec’99. 

[32] A.M. Tourapis, O.C. Au, and M.L. Liou, "Predictive Motion Vector Field 

Adaptive Search Technique (PMVFAST) Enhancing Block Based Motion 

Estimation,” in proceedings of Visual Communications and Image Processing 

2001 (VCIP-2001), pp.883-892, San Jose, CA, January 2001. 

[33] “Optimization Model Version 1.0”, ISO/IEC JTC1/SC29/WG11 

MPEG2000/N3324, Noordwijkerhout, Netherlands, March 2000. 

[34] M. Tourapis, “Enhanced predictive zonal search for single and multiple frame 

motion estimation,” in Proc. SPIE Visual Commun. Image Process., San Jose, 

CA, pp. 1069–1079, 2002. 

[35] Shih-Yu Huang; Chuan-Yu Cho; Jia-Shung Wang, "Adaptive fast block-

matching algorithm by switching search patterns for  sequences with wide-range 

motion content," Circuits and Systems for Video Technology, IEEE 

Transactions on , vol.15, no.11, pp.1373,1384, Nov. 2005. 

[36] Ka-Ho Ng; Lai-Man Po; Ka-Man Wong, "Search Patterns Switching for Motion 

Estimation using Rate of Error Descent," Multimedia and Expo, 2007 IEEE 

International Conference on , vol., no., pp.1583,1586, 2-5 July 2007. 

[37] Jang-Jer Tsai; Hseuh-Ming Hang, "On Adaptive Pattern Selection for Block 

Motion Estimation Algorithms," Acoustics, Speech and Signal Processing, 

2007. ICASSP 2007. IEEE International Conference on , vol.1, no., pp.I-1173,I-

1176, 15-20 April 2007. 

[38] Ka-Ho Ng; Lai-Man Po; Ka-Man Wong; Chi-Wang Ting; Kwok-Wai Cheung, 

"A Search Patterns Switching Algorithm for Block Motion Estimation," Circuits 

and Systems for Video Technology, IEEE Transactions on , vol.19, no.5, 

pp.753,759, May 2009. 

[39] Zan, Jinwen; Ahmad, M.O.; Swamy, M.N.S., "A multiresolution motion 

estimation technique with indexing," Circuits and Systems for Video 

Technology, IEEE Transactions on, vol.16, no.2, pp.157, 165, Feb. 2006. 

[40] Byung Cheol Song; Kang-Wook Chun, "Multi-resolution block matching 

algorithm and its VLSI architecture for fast motion estimation in an MPEG-2 

video encoder," Circuits and Systems for Video Technology, IEEE Transactions 

on, vol.14, no.9, pp.1119, 1137, Sept. 2004. 

[41] HaiBing Yin; Jia, Huizhu; Honggang Qi; Ji, Xianghu; Xie, Xiaodong; Wen Gao, 

"A Hardware-Efficient Multi-Resolution Block Matching Algorithm and its 

VLSI Architecture for High Definition MPEG-Like Video Encoders," Circuits 



602 Kiran Kumar Vemula  and S. Neeraja 

and Systems for Video Technology, IEEE Transactions on , vol.20, no.9, 

pp.1242,1254, Sept. 2010. 

[42] Varray, F.; Liebgott, H., "Multi-resolution transverse oscillation in ultrasound 

imaging for motion estimation," Ultrasonics, Ferroelectrics, and Frequency 

Control, IEEE Transactions on , vol.60, no.7, pp.1333,1342, July 2013. 

[43] Stuckler, J., Behnke, S.: Multi-resolution surfel maps for efficient dense 3D 

modeling and tracking. Journal of Visual Communication and Image 

Representation 25(1), 137-147 (2014). 

[44] Nieuwenhuisen, Matthias, and Sven Behnke. "Hierarchical planning with 3d 

local multiresolution obstacle avoidance for micro aerial vehicles." Proceedings 

of the Joint Int. Symposium on Robotics (ISR) and the German Conference on 

Robotics (ROBOTIK). 2014. 

[45] Droeschel, D., Stuckler, J., Behnke, S.: Local multi-resolution representation for 

6D motion estimation and mapping with a continuously rotating 3D laser 

scanner. In: Robotics and Automation (ICRA), IEEE International Conference 

on (2014). 

[46] T. Wedi, “Adaptive interpolation filters and high-resolution displacements for 

video coding,” IEEE Trans. Circuits Syst. Video Technol., vol. 16, no. 4, pp. 

484–491, Apr. 2006. 

[47] L. Shen, Z. Zhang, Z. Liu, and W. Zhang, “An adaptive and fast fractional pixel 

search algorithm in H.264,” Signal Process., vol. 87, no. 11, pp. 2629–2639, 

2007. 

[48] Y. Vatis and J. Ostermann, “Adaptive interpolation filter for H.264/AVC,” 

IEEE Trans. Circuits Syst. Video Technol., vol. 19, no. 2, pp. 179–192, Feb. 

2009. 

[49] Y. Lin and Y. C. Wang, “Improved parabolic prediction-based fractional search 

for H.264/AVC video coding,” Image Process. IET, vol. 3, no. 5, pp. 261–271, 

Oct. 2009. 

[50] S. Dikbas, T. Arici, and Y. Altunbasak, “Fast motion estimation with 

interpolation-free sub-sample accuracy,” IEEE Trans. Circuits Syst. Video 

Technol., vol. 20, no. 7, pp. 1047–1051, Jul. 2010. 

[51] W. Li and E. Salari, “Successive elimination algorithm for motion estimation,” 

IEEE Trans. Image Processing, vol. 4, pp. 105–107, Jan.1995.  

[52] C. Lee and L. Chen, “A fast motion estimation algorithm based on the block 

sum pyramid,” IEEE Trans. Image Process., vol. 6, no. 11, pp. 1587–1591, 

Nov. 1997. 

[53] X. Q. Gao, C. J. Duanmu, and C. R. Zou, “A Multilevel Successive Elimination 

Algorithm for block matching motion estimation,” IEEE Trans. Image 

Processing, vol. 9, pp. 501–504, Mar. 2000. 

[54] C. Zhu, W. S. Qi, and W. Ser, “Predictive Fine Granularity Successive 

Elimination for fast optimal block matching motion estimation,” IEEE Trans. 

Image Processing, vol. 14, no. 2 pp. 213-221, Feb.2005. 



Block Based Motion Estimation Algorithms: Analysis 603 

[55] Shao-Wei Liu, Shou-Der Wei, and Shang-Hong Lai, “Fast Optimal Motion 

Estimation Based On Gradient-Based Adaptive Multilevel Successive 

Elimination,” IEEE Trans. Circuits Syst. Video Technol., vol. 18, no. 2, pp. 156–

160, Feb. 2008. 

[56] C. Lee and L. Chen, “A fast motion estimation algorithm based on the block 

sum pyramid,” IEEE Trans. Image Process., vol. 6, no. 11, pp. 1587–1591, 

Nov. 1997. 

[57] Jong-Nam Kim; Dae-Kap Kang; Sung-Cheal Byun; Il-Lo Lee; Byung-Ha Ahn, 

"A fast full-search motion estimation algorithm using sequential rejection of 

candidates from hierarchical decision structure," Broadcasting, IEEE 

Transactions on , vol.48, no.1, pp.43,46, Mar 2002. 

[58] Yu-Wen Huang; Shao-Yi Chien; Bing-Yu Hsieh; Liang-Gee Chen, "Global 

elimination algorithm and architecture design for fast block matching motion 

estimation," Circuits and Systems for VideoTechnology, IEEE Transactions on, 

vol.14, no.6, pp.898,907, June 2004. 

[59] Jik-Han Jung, Hwal-Suk Lee, Je Hee Lee, and Dong-Jo Park “A Novel 

Template Matching Scheme for Fast full-search Boosted by an Integral Image,” 

IEEE Signal Processing Letters, Vol. 17, No. 1, January 2010. 

 

 

ABOUT THE AUTHORS:  

 

KIRAN KUMAR VEMULA is presently pursuing Ph.D in the 

Department of Electrical, Electronics and Engineering, GITAM 

(Deemed to be University) under the guidance of Dr.S.Neeraja. He 

received B.Tech  degree from JNT university, Hyderabad in the  year 

2005 and M.Tech From JNT University, Hyderabad in  the year 2010. His area of 

interests is Image and Video Processing.  

 

Dr.S.Neeraja is presently working as an Assistant Professor in the 

Department of Electrical, Electronics and Communications 

Engineering, GITAM Institute of Technology. She received Ph. D 

degree from Andhra University in the year 2013. She has over 15 

years of teaching experience. She has published more than 45 

research papers in various reputed International/National journals/Conferences. Her 

area of Interest is Wireless and Mobile Communications, Wireless Sensor Networks 

and DMA/MIMO/OFDMA Wireless Communications. She successfully completed a 

DST-SERB research project. 

 



 


