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Abstract

Full search (FS) motion estimation provides high accuracy but at high
computational cost, while fast search methods introduce irregular, hardware-
unfriendly patterns. This work proposes four adaptive FS-based VBSME
algorithms that preserve FS regularity while reducing complexity through
direction-driven search, adaptive block sizes, stationary block revalidation
(SBR), and early termination using a spiral pattern.On CIF sequences,
vector-driven VBSME with early termination reduces SAD computations by
53.9—94.5%, while SBR improves PSNR by up to 1.39 dB. For 1080p video,
SBR-based FS VBSME achieves higher PSNR than conventional FSBME,
while SBR-based vector-driven VBSME delivers nearly 60% fewer SAD
evaluations.
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1 Introduction

With advances in technology and increasing demands in the entertainment
industry, memory and bandwidth requirements have increased tremendously.
Many video compression techniques have been introduced to meet the
increasing demands of storage and bandwidth. A video is always stored in
terms of the number of frames per second. In any video, there is huge redun-
dancy in both spatial and temporal domains. The similarity of content within
the frame in the 2D image contributes to spatial redundancy. The similarity
between frames along the time domain leads to temporal redundancy. In any
video, redundancy in the temporal domain is very high due to common scenic
content between frames [1, 2]. Compression in the temporal domain involves
a technique called motion estimation (ME).

ME can be pixel-based, where for each pixel in the current frame, a
motion vector (MV) is found with respect to the pixels in the reference frame
(previous frame) [3]. However, this is an exhaustive process leading to higher
computational overhead. Therefore, block search ME is a widely adopted
technique for ME. This involves dividing the current frame, whose MV has
to be found, into non-overlapping blocks of a fixed size or variable sizes. For
every block in the current frame, the best matching block in the reference
frame is searched within the search window. The process is repeated for all
consecutive pairs of frames.

Widely used metrics for ME include SAD, mean squared error (MSE),
and mean absolute difference (MAD), which help us find the MV. The
displacement of the best matching block with respect to the candidate block
(current frame block) is considered the MV. Figure 1 illustrates finding the
MV for a block in the current frame, between a pair of frames. If S is the
search size, (2S + 1)2 is the total number of search positions.

The pattern in which blocks in the search window are searched can also
be varied. They include a spiral search pattern as in Figure 2(a) and a raster
scan pattern as in Figure 2(b), with their own merits based on the objectives

Figure 1 Finding the displacement vector or MV using the block search method.
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Figure 2 (a) Spiral search pattern, (b) raster scan pattern.

of the ME. If early termination of SAD calculations is one of the objectives,
the suitable search pattern would be the spiral search pattern. The raster scan
pattern is a more systematic way of searching. Once the MV for all current
frame blocks is found for a pair of frames, the process repeats for the next
corresponding pair of frames. To transfer or store a video, only necessary
information along with the MV can be used for encoding the video and
transmitting it, thus resulting in reduced bandwidth requirements and storage
requirements.

Despite the availability of many fast search algorithms such as three-step
search, diamond search, and hexagon-based search, none achieve the balance
between computational efficiency and hardware suitability. Full search block
matching (FSBME) remains the most accurate method but is computationally
prohibitive, making it impractical for real-time or energy-constrained hard-
ware systems. On the other hand, fast algorithms reduce complexity but rely
on irregular and adaptive search patterns that make them hardware-unfriendly
and difficult to parallelize. Thus, the central problem is: how can we retain the
systematic nature and accuracy of FSBME while reducing its computational
burden and making it hardware-friendly for real-time use?

An additional challenge arises in the handling of stationary blocks. In
many video sequences, large regions remain unchanged for several frames.
Conventional ME algorithms, including FSBME and fast search methods
such as three-step search, diamond search, and hexagon search, process every
block of every frame independently. This repeated estimation wastes compu-
tations in regions that are truly stationary. On the other hand, permanently
assuming stationary status is also problematic, since motion is dynamic and
blocks initially classified as stationary may later become active. This tension
between avoiding redundant calculations and maintaining accuracy prompted
our work. By introducing periodic revalidation of stationary blocks, our
approach skips unchanged regions to save computations while re-checking
them at fixed intervals to ensure motion changes are captured. This strategy
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complements the adaptive block-size and vector-driven search mechanisms,
together enabling both reduced complexity and improved video quality.

This work aims to develop adaptive full-search-based algorithms that
significantly reduce the number of computations while preserving video
quality. The expected outcome is an approach that provides predictable search
patterns, lower complexity, and near-FSBME accuracy, enabling practical
deployment in hardware for energy-efficient real-time video compression.

1.1 Novelty of the Work

The novelty of this research lies in the following contributions:

1. Four new adaptive algorithms are proposed that combine the systematic
full-search strategy with adaptive block-size motion estimation:

• Interframe prediction based FS VBSME
• Vector-driven VBSME
• Stationary block revalidation based FS VBSME
• Stationary block revalidation based vector-driven VBSME.

2. Stationary block revalidation is introduced to re-check earlier stationary
blocks, improving accuracy and PSNR compared to existing approaches.

3. Vector-driven adaptive search windows are developed to eliminate
unlikely search positions, reducing the number of candidate points from
81 to as few as 9 while maintaining accuracy.

4. Integration of a spiral search with early termination ensures system-
atic, predictable, and hardware-friendly computation while significantly
cutting down on SAD calculations.

5. Extensive evaluation on 12 CIF sequences demonstrates reductions in
computation (up to 94.54%) with negligible loss in PSNR, confirming a
favorable trade-off between efficiency and fidelity.

In addition, while modern video compression standards such as
H.264/AVC, H.265/HEVC, and VVC/H.266 employ advanced block-based
motion estimation with fast search heuristics, they still perform redundant
computations in stationary regions. Our proposed stationary block revalida-
tion combined with vector-driven search and early termination complements
these standards by reducing unnecessary block-matching operations while
preserving high PSNR, making it suitable for real-time hardware-friendly
applications.

The proposed strategies have strong practical relevance. Applications
such as surveillance, video conferencing, and remote monitoring can tolerate
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minor quality loss but demand faster response and low latency. By skip-
ping redundant SAD computations in stationary regions and revalidating
only at intervals, the methods reduce block-matching operations compared
to FSBME, with the potential to lower execution time in time-critical
multimedia applications.

The remainder of this paper is organized as follows. In Section 2, we
present the related work. The methodology including the proposed algo-
rithms, an interframe prediction based full search variable block size ME
(FS VBSME), a vector-eriven VBSME, a stationary block revalidation based
FS VBSME and a stationary block revalidation based vector-driven VBSME
are presented in Section 3. The experimental results and comparative analysis
are presented in Section 4. In Section 5, we have presented a discussion on
the attained results, highlighting the hardware compatibility of parallelism
and the limitations. We have drawn conclusions and present future work in
Sections 6 and 7.

2 Related Work

Early fast search algorithms:

There are various ME algorithms based on the search patterns. Many fast
search algorithms have been introduced, which use selected search positions
instead of an exhaustive search process in FSBME. 2D-logarithmic search,
three-step search, four-step search, cross-search, diamond search, hexagon-
based search are few of the initially introduced algorithms [4–11]. In all these
algorithms the search positions are chosen in a particular pattern to find the
optimal MV. Since these algorithms involve very limited search positions,
the possibility of the best matching position being among the positions that
are not searched may be high thus resulting in suboptimal solutions [12]. This
can degrade the video quality of compressed image and thus PSNR. Although
such algorithms significantly reduce complexity, their main drawback lies
in the risk of missing the global optimum motion vector, which limits their
applicability when high fidelity is required.

Adaptive/predictive algorithms:

Many algorithms follow adaptive search positions and patterns based on
some prediction criteria [12–14] This includes finding a range of motion
initially and then concentrating on region of motion to find the MV. In
these algorithms, though computational overload is reduced and the quality
is compromised to a greater extent. These adaptive approaches thus offer a
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better balance between speed and accuracy, but their dependence on predic-
tion makes them vulnerable to error propagation, especially in complex or
irregular motion scenarios.

Full search improvements/successive elimination:

Full search block motion estimation (FSBME) is one of the most efficient
techniques of ME. Compression techniques involving FSBME are highly
efficient [22]. However, due to computational overhead, many algorithms
were introduced that involve successive elimination of search blocks thus
reducing the number of blocks searched to find MV [15–19]. Such pruning
strategies still retain substantial computational burden since they essentially
attempt full search in a restricted manner rather than fundamentally avoiding
redundant block evaluations.

Variable block size motion estimation (VBSME):

In order to improve the efficiency of ME, VBSME algorithms have been
introduced. Some of these algorithms involve block size selection for dif-
ferent regions based on criteria applied for macroblocks [20,21]. H.264/AVC
uses VBSME for higher efficiency. However, the computational overhead is
very high. While VBSME improves coding efficiency and adaptability, its
heavy computational requirements remain a bottleneck, particularly when
applied to every block across multiple frames.

Recent hardware/coding-level approaches:

Recent studies in 2024 have advanced motion estimation with different
emphases. Hardware-oriented designs for VVC motion estimation [23]
leverage parallel architectures for high-resolution video, while motion-free
B-frame coding [24] eliminates explicit block matching via coding-level
modifications. Although such approaches improve efficiency in their respec-
tive domains, they do not address redundant block-level computations across
frames. Our work focuses on this gap by introducing algorithmic strategies
such as stationary block revalidation and a vector-driven search, offering a
complementary direction to hardware- and coding-level efforts.

Our work:

In this work we introduce VBSME algorithms based on FS and vector driven
fast FS algorithms. We identify the stationary blocks based on the intra video
predictions and set the varying block sizes for different segments of the image
that is unique for each video. Experiments are conducted for the CIF and
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1080p resolution sequences. We use spiral search pattern in all algorithms
making it compatible for early termination. Our approach directly addresses
the redundancy challenge, reducing unnecessary SAD computations while
maintaining near-FSBME accuracy. This distinguishes our method from
prior efforts that either compromise quality for speed or focus on hardware
scaling.

3 Methodology

In this section four different algorithms for VBSME are presented, where
variable block sizes are selected based on interframe prediction techniques.
The two proposed algorithms, Interframe prediction based FS VBSME and
vector-driven VBSME do not revalidate stationary blocks. The algorithms,
stationary block revalidation based FS VBSME and stationary block reval-
idation based vector-driven VBSME include revalidation techniques for
stationary blocks.

3.1 Interframe Prediction Based FS VBSME

In this algorithm, interframe prediction is used for dividing frames (F)
into stationary and non-stationary blocks. Non-stationary blocks are further
divided into sub blocks based on predicted MV for the macroblock. The
algorithm below explains the steps followed.

Step 1: Perform FSBME for frame pairs F1 F2, F2 F3, F3 F4 with block size
of 16. This provides the MV for the blocks in F2, F3, F4 correspondingly. We
use SAD as the metric for ME.

Step 2: The sum of MVs, Sum MV (p, q) of all corresponding blocks of
F2, F3, F4 is found. For a frame with H number of rows and W number of
columns, the number of blocks along the rows will be H

Bsiz and along the
columns will be W

Bsiz , where Bsiz is the block size which is 16. The X and
Y coordinate positions of a block are represented as (p, q).

H/Bsiz∑
p=1

W/Bsiz∑
q=1

Sum MV (p, q)

=

H/Bsiz∑
p=1

W/Bsiz∑
q=1

(
MV 1(p, q) +MV 2(p, q) +MV 3(p, q)

)
(1)
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Step 3: The VBSME starts here which is based on Sum MV . For frame pairs
F4 F5 to F(N −1) FN, where FN is the last frame, the cases below define the
selection of different block sizes:

Case 1: If Sum MV (p, q) = 0, the block at position (p, q) is declared as a
stationary block as there is no movement at all in three consecutive frames.
The MV is considered (0, 0) and no further processing is done.

Case 2: If Sum MV (p, q) ≤ 2, the block at position (p, q) is declared to
have very slight movement in three consecutive frames. Therefore, a block
size of 16× 16 is considered for these blocks.

Case 3: If 2 < Sum MV (p, q) ≤ 4, the block at position (p, q) is declared to
have considerable movement in three consecutive frames. Therefore, a block
size of 8×8 is considered for these blocks. In this case a 16×16 macroblock
is divided into four sub-blocks of size 8× 8 each.

Case 4: If Sum MV (p, q) > 4, the block at position (p, q) is declared to
have higher displacement between three consecutive frames. Therefore, a
block size of 4 × 4 is considered for these blocks. In this case the 16 × 16
macroblock is divided into 16 sub-blocks of size 4× 4 each.

Figure 3 illustrates how the macroblock (MB) is divided into sub-blocks
of different sizes. Each square block in the first image is block of size 16×16.
All gray blocks represent blocks that are stationary according to Case 1. Red
boxes indicate the blocks which have slight movement according to Case 2.
Therefore, the block size is retained as 16× 16. Green boxes indicate blocks
with considerable displacement between the frames as in Case 3. Therefore,
the macro block is divided into 4 sub blocks, each of size 8×8. Yellow boxes
indicate blocks with higher displacement between the frames as in Case 4.
Therefore, the MB is divided into 16 sub blocks, each of size 4× 4.

Step 4: Find the MV for all current blocks of varied block sizes for
consecutive pair of frames using the SAD metric. This way VBSME is
conducted for the frame pairs F4 F5 to F(N−1) FN. For each MB in position
(p, q) with block size, Bsiz = 16, the MV for the sub-blocks within, of block
size, B Size is found. Based on the following cases U , V values are selected.

Case 1: If Sum MV (p, q) = (0, 0), the ME for the macroblock of size 16 is
terminated and next block is loaded.

Case 2: If Sum MV (p, q) ̸= (0, 0) and Bsiz = B Size, then (U, V ) =
(1, 1).

The block ranges from (B Size)(p − 1) + U to (B Size)(p) along the
rows (B Size)(q − 1) + V to (B Size)(q) along the columns.
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Figure 3 Sub-division of macroblocks into sub-blocks of different sizes.

Case 3: If Sum MV (p, q) ̸= (0, 0) and B size = 8, then (U, V ) =
(1, 1), (1, 2), (2, 1), (2, 2).

The sub-block ranges from (Bsiz)(p − 1) + (U − 1)(B Size) + 1 to
(Bsiz)(p− 1)+U(B Size) along the rows and from (Bsiz)(q− 1)+ (V −
1)(B Size) + 1 to (Bsiz)(q − 1) + V (B Size) along the columns.

Case 4: If Sum MV (p, q) ̸= (0, 0) and B size = 4, (U, V ) = (1, 1),
(1, 2), (1, 3), (1, 4), (2, 1), (2, 2), (2, 3), (2, 4), (3, 1), (3, 2), (3, 3), (3, 4), (4,
1), (4, 2), (4, 3), (4, 4).

The sub-block ranges from (Bsiz)(p − 1) + (U − 1)(B Size) + 1
to (Bsiz)(p − 1) + (U)(B Size) along the rows (Bsiz)(q − 1) + (V −
1)(B Size) + 1 to (Bsiz)(q − 1) + (V )(B Size) along the columns.

Step 5: Once FSBME for all frame pairs is conducted and MV is found, the
total number of calculations is found using Equations (2) to (9). H is the
height and W is the width of the frame. Block size can be Bsiz or B size
based on the block for which SAD is being evaluated. Block size is Bsiz for
MB and B size for subblock and S, is the search size.

The total number of search positions per block is given by:

TSP = (2S + 1)2 (2)

The total number of subtractions per block:

TSB = (blocksize)
2 (3)

The total number of absolute calculations per block:

TAB = (blocksize)
2 (4)
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The total number of additions per block:

TAD = (blocksize)
2 − 1 (5)

The total number of blocks in a frame of size H ×W :

TB =

(
H

Block size

)(
W

Block size

)
(6)

The total minimum computations per block:

Tmin = (2S + 1)2 − 1 (7)

The total number of minimum SAD comparisons per frame:

Tmin frame = TB ·
(
(2S + 1)2 − 1

)
(8)

The total number of SAD operations required per frame is:

TotalSAD = TB [TSP (TSB + TAB + TAD)]

+ Tmin · TB

(9)

Step 6: Reconstruct the frame blocks using the MVs found with respect to
their reference frames. Find the PSNR.

The interframe prediction based FS VBSME algorithm effectively
reduces computational complexity by adaptively selecting block sizes
based on motion characteristics. By categorizing blocks into stationary
(Sum MV = 0), slight movement (Sum MV ≤ 2), considerable move-
ment (2 < Sum MV ≤ 4), and high movement (Sum MV > 4)
categories, the algorithm optimizes the trade-off between computational effi-
ciency and video quality. This approach eliminates unnecessary processing
for stationary blocks while appropriately sizing sub-blocks for areas with
varying motion intensities, resulting in significant computational savings
compared to traditional fixed-block FSBME.

3.2 Vector-driven VBSME

In the proposed algorithm, we have vector-driven VBSME with and without
early termination techniques. In both these algorithms, like in the interframe
prediction based FS VBSME algorithm, the interframe prediction is used
for dividing the frames into stationary and non-stationary blocks. The non-
stationary blocks are further divided into sub-blocks based on the predicted
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MV for the MB. For a candidate block, search positions in the direction
opposite to the MV of the corresponding block in the previous frames are
eliminated. The least probable search positions are eliminated.

Interframe prediction is conducted for the first three frame pairs to decide
the block sizes to be used for different segments in the image. Since decisions
on the direction of displacement have to be made based on MVs of variable
block sizes, full search using VBSME is conducted for the F4 F5 pair. Based
on the MVs for varied block sizes of the F4 F5 pair, vector-driven VBSME
starts from the F5 F6 pair. The vector-driven VBSME algorithm follows the
steps below.

Step 1 and Step 2 are similar to the proposed interframe prediction based FS
VBSME.

Step 3: The VBSME starts here which is based on the Sum MV . Conduct
VBSME for the F4 F5 pair based on the FS to obtain the MV for F5. The
block size selections for frame pairs F4 F5 up to F(N − 1) FN is explained
clearly in Step 3 of the interframe prediction based FS VBSME. The MVs
are found for all blocks of different sizes.

Step 4: Load the F5 F6 pair. The vector-driven VBSME starts from here.
Evaluate MVs found using VBSME for the F4 F5 pair, to confine the search
positions, based on the direction of displacement between the blocks across
the frames. The below cases explain the selection of search positions in the
search window.

Figure 4 shows the search windows selected based on the MV of the refer-
ence block. If the MV of the blocks in F4 (reference frame) corresponding to
the candidate block in F5 (current frame) shows column displacement in the
forward or backward direction, row displacement in the upward or downward
direction, no displacement.

Step 5: The step 4 is repeated until MVs for last frame pair is found.

Step 6: Find the total number of calculations due to SAD.

Step 7: Reconstruct the frames based on the MVs found and evaluate the
PSNR.

In Figure 4(a–d), it can be observed that the number of search positions
are reduced to 45, which was 81 in case of interframe prediction based
FS VBSME for a search size, S = 4. For the zero movement MV, as in
Figure 4(e), the number of search points is only 9. As can be observed,
we have used spiral search pattern in our estimation process making the
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32 31 30 29 45
18 17 16 28 44
8 7 15 27 43
2 6 14 26 42
1 5 13 25 41
3 4 12 24 40
9 10 11 23 39

19 20 21 22 38
33 34 35 36 37

(a)

33 32 31 30 29
34 19 18 17 16
35 20 9 8 7
36 21 10 3 2
37 22 11 4 1
38 23 12 5 6
39 24 13 14 15
40 25 26 27 28
41 42 43 44 45

(b)

36 35 34 33 32 31 30 29 45
37 21 20 19 18 17 16 28 44
38 22 10 9 8 7 15 27 43
39 23 11 3 2 6 14 26 42
40 24 12 4 1 5 13 25 41

(c)

29 16 7 2 1 6 15 28 45
30 17 8 3 4 5 14 27 44
31 18 9 10 11 12 13 26 43
32 19 20 21 22 23 24 25 42
33 34 35 36 37 38 39 40 41

(d)

3 2 9
4 1 8
5 6 7

(e)

Figure 4 Adaptive search window (a) forward displacement, (b) backward displacement, (c)
upward displacement, (d) downward displacement, (e) no displacement.

algorithm compatible for early termination of SAD calculations. This is based
on the idea that the search block positions closest to the zero-motion position
have the highest probability of becoming the best matching position. In this
way, the minimum SAD value may be obtained in the beginning of the search
process, helping us to terminate the early SAD.

The proposed algorithms make use of the spiral search pattern in the
process of ME to find the best matching position. Taking advantage of the fact
that the probability of best matching position being very close to zero motion
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position is high, the search starts from the zero motion position. Therefore, in
order to reduce the total number of calculations further, the early termination
of SAD is incorporated in the algorithm. Since, in most of the cases the
minimum SAD position is obtained at the beginning of the search process,
for the rest of the positions, SAD calculations can be terminated as soon
as the current value of SAD exceeds the minimum SAD. Therefore, a new
feature of the early termination of SAD is added to the proposed vector driven
algorithm, where the SAD calculations are terminated when they exceed the
minimum found SAD so far. This additional feature reduces the number of
calculations further.

3.3 Stationary Block Revalidation based FS VBSME

Based on the fact that initially identified stationary blocks may not remain
stationary across the frames for a video, we introduce this new algorithm. It
modifies the interframe prediction based FS VBSME by periodic revalidation
of the stationary blocks. If the earlier identified stationary blocks have a
non-zero MV when it is tested for revalidation, the block size to be used is
evaluated and converted to a non-stationary block from the stationary block.

The steps below clearly explain the algorithm.

Steps 1–3 are exactly same as that followed for interframe prediction based
FS VBSME.

Step 4: Perform VBSME for the frame pairs F4 F5 to F9 F10. For each
macroblock in position (p, q) with block size, Bsiz = 16, the MV for the
sub-blocks within, of block size B Size is found. Based on the cases exactly
like in step 4 of interframe prediction based FS VBSME, U and V values are
selected.

Step 5: For the F10 F11 pair, we check all the MBs which were earlier iden-
tified to be stationary. For revalidation of stationary blocks, all the stationary
blocks are converted to non-stationary blocks for one frame pair. The rest of
the block’s sizes for different segments of the frame remain unchanged. Case
1 explains how stationary blocks are changed to non-stationary blocks and
Cases 2–4 remain unchanged, as shown below. For the F10 F11 pair, there
are no stationary blocks. Therefore, FS VBSME has to be conducted for the
entire frame.

Case 1: If Sum MV (p, q) = (0, 0), we set Bsiz = B Size, (U, V ) =
(1, 1).
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The block ranges from (B Size)(p − 1) + U to (B Size)(p) along the
rows (B Size)(q − 1) + V to (B Size)(q) along the columns.

Case 2: If Sum MV (p, q) ̸= (0, 0) and Bsiz = B Size, (U, V ) = (1, 1).
The block ranges from (B Size)(p − 1) + U to (B Size)(p) along the

rows (B Size)(q − 1) + V to (B Size)(q) along the columns.

Case 3: If Sum MV (p, q) ̸= (0, 0) and B size = 8, (U, V ) =
(1, 1), (1, 2), (2, 1), (2, 2).

The sub-block ranges from (Bsiz)(p − 1) + (U − 1)(B Size) + 1 to
(Bsiz)(p − 1) + (U)(B Size) along the rows and (Bsiz)(q − 1) + (V −
1)(B Size) + 1 to (Bsiz)(q − 1) + (V )(B Size) along the columns.

Case 4: If Sum MV (p, q) ̸= (0, 0) and B size = 4, (U, V ) = (1, 1),
(1, 2), (1, 3), (1, 4), (2, 1), (2, 2), (2, 3), (2, 4), (3, 1), (3, 2), (3, 3), (3, 4), (4,
1), (4, 2), (4, 3), (4, 4).

The sub-block ranges from (Bsiz)(p − 1) + (U − 1)(B Size) + 1 to
(Bsiz)(p − 1) + (U)(B Size) along the rows and (Bsiz)(q − 1) + (V −
1)(B Size) + 1 to (Bsiz)(q − 1) + (V )(B Size) along the columns.

Step 6: Frame pair F11 F12 is loaded and the MV for blocks in F12 is found
after evaluating F11 MVs. If F11 MVs for all stationary blocks converted to
non-stationary blocks in the previous step is (0, 0), then it is again declared a
stationary block as in case 1. If it’s not (0, 0), then we evaluate the F11 MVs
based on Cases 2–4 to decide the block sizes. The rest of the cases are defined
for the remaining blocks.

Case 1: If Sum MV (p, q) = 0 and MV (p, q) = 0, the block at position
(p, q) is declared a stationary block again. The MV is considered (0, 0) for
these blocks and no further processing is done.

Case 2: If Sum MV (p, q) = 0 and MV (p, q) ≤ 2, the block at position
(p, q) is declared to have very slight movement between frames. Therefore, a
block size of 16× 16 is considered.

Case 3: If Sum MV (p, q) = 0 and 2 < MV (p, q) ≤ 4, the block at position
(p, q) is declared to have considerable movement. Therefore, a block size of
8 × 8 is considered. In this case, a 16 × 16 macroblock is divided into four
sub-blocks of size 8× 8 each.

Case 4: If Sum MV (p, q) = 0 and MV (p, q) > 4, the block at position
(p, q) is declared to have higher displacement between frames. Therefore, a
block size of 4×4 is considered. In this case a 16×16 macroblock is divided
into 16 sub-blocks of size 4× 4 each.
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Case 5: If Sum MV (p, q) ≤ 2, a block size of 16 × 16 is considered for
these blocks.

Case 6: If 2 < Sum MV (p, q) ≤ 4, a 16 × 16 macroblock is divided into
four sub-blocks of size 8× 8 each.

Case 7: If Sum MV (p, q) > 4, a 16 × 16 macroblock is divided into 16
sub-blocks of size 4× 4 each.

Step 7: FS VBSME for frame pair F11 F12 to F14 F15 is conducted. From
this point, for every fifth frame the stationary frames are revalidated.

Step 8: Step 5 to Step 7 is repeated for different frame pairs until last frame
pair.

Step 9: Total number of calculations due to SAD are finally found.

Step 10: The PSNR is evaluated based on the original and reconstructed
frames.

For every fifth frame pair F10 F11, F15 F16, F20 F21, F25 F26. . . FN 5
FN 4, the stationary blocks are changed to non-stationary blocks with block
size 16. The F5 F6 pair is not considered as there is just one frame difference
after finding the initial stationary blocks. For frame pairs F11 F12, F16 F17,
F21 F22, F26 F27. . . FN 4 FN 3, revalidation of the MVs is done to test if
the blocks are still stationary. This way, though the number of calculations as
compared to interframe prediction based FS VBSME is slightly higher, we
can observe improved PSNR for most of the CIF sequences.

3.4 Stationary Block Revalidation Based Vector-driven VBSME

Like in the stationary block revalidation based FS VBSME algorithm, the
interframe prediction is used for dividing the frames into stationary and
non-stationary blocks. The non-stationary blocks are further divided into sub-
blocks based on the predicted MV for the MB. For a candidate block, search
positions in the direction opposite to the previous displacement vector are
eliminated. The least probable search positions are thus eliminated. Based
on the fact that earlier identified stationary blocks may not remain stationary
across the frames, periodic revalidation of the stationary block is done. The
steps below explain the algorithm.

Step 1: Perform FSBME for a fixed block size of 16 for F1 F2, F2 F3, F3 F4.
Find Sum MV (p, q).
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Step 2: If Sum MV (p, q) = 0, declare corresponding blocks to be stationary
until further changes are made. If Sum MV (p, q) ̸= 0, divide the mac-
roblocks into sub-blocks of sizes as already explained in stationary block
revalidation based FS VBSME.

Step 3: For F4 F5 pair, perform FS VBSME to obtain the MV for F5.

Step 4: Load the F5 F6 pair. Evaluate the MVs of F5 to find the direction
of displacement for the varied block sizes as explained in the vector-driven
VBSME. Vector-driven VBSME starts from here, thus eliminating least
probable search positions. Conduct vector-driven VBSME for frames pairs
F5 F6–F9 F10.

Step 5 and Step 6 are exactly the same as that of stationary block revalidation
based FS VBSME.

Step 7: Vector-driven VBSME is conducted from F11 F12–F14 F15.

Step 8: Step 3 to Step 8 is repeated for different frame pairs till ME is
complete for all the frames.

Step 9: Find the number of calculations due to SAD.

Step 10: Find the PSNR based on the original and reconstructed frames.

FS FSBME is conducted for F4 F5, F10 F11, F15 F16, F20 F21,...FN
5 FN 4. Based on the immediate previous MVs, vector-driven VBSME is
conducted for frames F5 F6–F9 F10, F11 F12–F14 F15, F16 F17–F19 F20,
F21 F22–F24 F25, FN 4 FN3–FN1 FN, once the revalidation of the stationary
blocks is done.

The revalidation technique for the stationary block proves to improve the
PSNR with slight increase in the number of computations.

4 Experimental Results and Comparative Analysis

A set of 12 CIF and 3 1080p resolution sequences were evaluated for all
the four proposed algorithms for 30 frames. A search size of 4 is used.
Comparison between the algorithms is made based on the PSNR, total num-
ber of calculations due to SAD and percentage reduction in the number of
calculations.

Figure 5 shows the total number of calculations across all the proposed
algorithms along with the standard FSBME algorithm. Figure 6 shows the
percentage of calculations reduced for three pairs of algorithms. For FSBME,
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Figure 5 Total calculations due to SAD for all the proposed algorithms.

Figure 6 Percentage of calculations reduced due to SAD across the algorithms, FSBME,
and vector-driven VBSME with and without early termination.
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Table 1 Total calculations due to SAD for all the proposed algorithms for 1080 × 1920
sequences

1080p Sequences FSBME 16×16
Interframe
Prediction
Based FS

Stationary Block
Revalidation

Based FS VBSME

Vector-driven
VBSME

Stationary block
Revalidation

Based Vector-driven VBSME
ducks take off 1080p50 1.4721×1010 1.4046×1010 1.4392×1010 7.8863×109 9.0828×109

life 1080p30 1.4721×1010 7.3363×109 9.2418×109 4.1336×109 6.1032×109

park joy 1080p50 1.4721×1010 1.4718×1010 1.4718×1010 8.9493×109 9.8812×109

the number of calculations is fixed and these calculations are compared with
other proposed algorithms. When the vector-driven VBSME is compared
with FSBME, the overall percentage of calculations reduced for 12 CIF
sequences range from 42.70% to 86.32%. A percentage reduction of 27.22%
to 68.87% is attained when vector-driven VBSME with and without early
termination techniques is compared. 53.87% to 94.54% of calculations is
reduced on comparing vector-driven VBSME with early termination and
FSBME. It can be observed that number of calculations is minimum for
vector-driven VBSME with an early termination technique.

To further validate the scalability of the proposed algorithms, exper-
iments were extended to high-resolution 1080p sequences, namely
ducks take off 1080p50, life 1080p30, and park joy 1080p50. Table 1 high-
lights the computational advantage of the proposed techniques at 1080p
resolution. The stationary block revalidation based vector-driven VBSME
achieves the largest reduction, lowering the number of SAD calculations
from 1.47 × 1010 (FSBME) to 6.10 × 109 for life 1080p30, corresponding
to nearly 60% savings. A similar trend is seen for ducks take off 1080p50
and park joy 1080p50, where reductions of more than 35–45% are achieved
compared to conventional FSBME. The results demonstrate that out proposed
algorithms reduce the computational overhead to a greater extent for different
resolutions.

The PSNR for the proposed algorithms across 12 CIF resolution datasets
are recorded as shown in Table 2. In the stationary block revalidation
based FS VBSME and stationary block revalidation based vector-driven
VBSME algorithms, due to the addition feature of stationary revalidation,
there is an improvement in the PSNR (dB). The stationary block revalidation
based FS VBSME algorithm achieves 0–1.39 dB improvement in the PSNR
as compared to the interframe prediction based FS VBSME algorithm.
The stationary block revalidation based vector-driven VBSME algorithm
achieves 0–1.32 dB increase in the PSNR. Experiments conducted on high-
resolution 1080p sequences, namely ducks take off 1080p50, life 1080p30,
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Table 2 Average PSNR (dB) comparison for CIF sequences

CIF Sequences FSBME 16×16
Interframe
Prediction
Based FS

Stationary Block
Revalidation

Based FS VBSME

Vector-driven
VBSME

Stationary Block
Revalidation

Based Vector-driven VBSME
Mother-daughter 42.36 42.59 42.74 42.51 42.67
Coastguard 30.80 31.16 31.24 31.13 31.17
News 38.51 38.82 38.97 38.65 38.78
Hall 35.53 34.98 35.72 34.92 35.37
Highway 35.16 36.32 36.32 35.71 35.80
Container 38.38 38.39 38.39 38.36 38.38
Foreman 33.28 32.81 34.20 32.51 33.83
Waterfall 35.39 35.43 35.48 35.42 35.46
Tempete 26.23 25.36 26.15 25.75 25.97
Stefan 23.39 25.74 26.05 24.94 25.30
Paris 31.31 31.76 31.73 30.61 31.57
Bus 19.54 22.13 22.19 21.38 21.57

Table 3 Average PSNR (dB) comparison for 1080×1920 sequences

1080p Sequences FSBME 16×16
Interframe
Prediction
Based FS

Stationary Block
Revalidation

Based FS VBSME

Vector-driven
VBSME

Stationary Block
Revalidation

Based Vector-driven VBSME
ducks take off 1080p50 29.06 30.09 30.13 29.51 29.98
life 1080p30 32.53 29.59 32.36 28.60 31.44
park joy 1080p50 23.24 23.77 23.77 23.24 23.33

and park joy 1080p50, for the proposed methods maintain PSNR levels
comparable to FSBME. The average PSNR values for these sequences are
summarized in Table 3. It can be observed that, in ducks take off 1080p50,
the stationary block revalidation based FS VBSME achieves a PSNR of 30.13
dB against 29.06 dB for FSBME, reflecting a noticeable quality improve-
ment. Similarly, park joy 1080p50 records consistent performance across
all proposed methods, with a maximum gain of about 0.5 dB. Although
life 1080p30 shows slight variations across algorithms, the proposed reval-
idation and adaptive schemes continue to provide reliable reconstruction
quality.

Figure 7 presents a comparative analysis of original and reconstructed
frames for all four proposed algorithms at frames 5, 14, and 24 (randomly
selected), showing stationary blocks that were excluded from reconstruction.
Red rectangles indicate blocks that deviated from their initial stationary
classification in revalidation based algorithms.

Figures 8 and 9 show that there is no visible difference between the orig-
inal frames and the reconstructed frames for all the proposed ME algorithms.
The reconstructed Frame 4, Frame 11 and Frame 22 (randomly selected)
of the CIF NEWS sequence is shown in Figure 8 and that of life 1080p30
sequence in Figure 9. It can be observed that the smallest details in the frames
are also efficiently reconstructed.
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Figure 7 Stationary block analysis in VBSME-based video frame reconstruction. (a) Orig-
inal video frames, (b) interframe prediction based FS VBSME, (c) vector-driven VBSME,
(d) stationary block revalidation based FS VBSME, (e) stationary block revalidation based
vector-driven VBSME.

Figure 8 (a) Original video frames, (b) frames reconstructed from interframe prediction
based FS VBSME, (c) frames reconstructed from vector-driven VBSME, (d) frames recon-
structed from stationary block revalidation based FS VBSME, (e) frames reconstructed from
stationary block revalidation based vector-driven VBSME.



Interframe Prediction based Stationary Block Revalidation VBSME 1215

Figure 9 (a) Original video frames, (b) frames reconstructed from interframe prediction
based FS VBSME, (c) frames reconstructed from vector-driven VBSME, (d) frames recon-
structed from stationary block revalidation based FS VBSME, (e) frames reconstructed from
stationary block revalidation based vector-driven VBSME.

These results confirm that the proposed algorithms scale effectively to
higher resolutions, retaining near-FSBME quality while offering significant
reductions in computational load. This shows their suitability for modern
video content, where high-definition formats dominate.

Recent studies [23] have reported hardware-level full search implemen-
tations for high-resolution video, evaluated mainly in terms of resource
usage and processing throughput. In contrast, the present work focuses on
algorithmic enhancements, where performance is assessed using PSNR and
the number of SAD computations. The proposed methods achieve signif-
icant reductions in computation while maintaining near-FSBME quality.
These algorithm-level improvements are complementary to hardware-centric
approaches and can be integrated into such frameworks in future.

5 Discussion

The proposed vector-driven VBSME algorithm demonstrates substantial
computational efficiency across high-resolution video sequences. For the
three 1080p sequences considered, the number of SAD calculations is
reduced by 39.2–71.9%, with an average reduction of approximately 52%,
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and the maximum reduction of 71.9% observed for the life 1080p30
sequence. These savings indicate that the algorithm significantly lowers
the computational load compared to conventional FSBME. Despite this
reduction, the reconstructed frames show no perceptible difference from
the original video (Figure 9), demonstrating that visual quality is well
maintained. This confirms that the proposed algorithm achieves an effective
balance between computational efficiency and reconstruction quality.

The algorithm is specifically designed to support parallelization, allowing
multiple motion estimation computations to be performed concurrently. This
feature makes it particularly suitable for hardware platforms such as FPGA or
GPU where efficient parallel execution can further enhance processing speed.

The current evaluation is performed in Matlab R2024a, which establishes
the algorithmic benefits; however, real-time performance and memory uti-
lization can only be fully assessed through hardware implementation. With
proper parallelization and memory strategies, the method shows strong poten-
tial for deployment in practical high-resolution video processing systems.

6 Conclusions

Our proposed algorithms, vector-driven VBSME and stationary block reval-
idation based vector-driven VBSME reduce the computational overhead
more effectively than FS VBSME algorithms, interframe prediction based
FS VBSME, and stationary block revalidation based FS VBSME. Vector-
driven VBSME with early termination achieves the maximum reduction in
the number of calculations, while the stationary block revalidation algorithms
improve PSNR values compared to interframe prediction based FS VBSME
and vector-driven VBSME for CIF sequences. This work demonstrates
significant improvements in computational efficiency while maintaining or
improving video quality metrics. The adaptive block size selection based on
motion characteristics provides an effective approach to optimizing motion
estimation algorithms for practical video compression applications.

While the proposed algorithms show substantial computational savings
and quality preservation, further improvements could be achieved by consid-
ering both spatial and temporal neighboring motion vectors for adaptive block
size selection, and by incorporating more temporal frame pairs depending on
application requirements. From a hardware perspective, using both spatial
and temporal neighbors may increase memory requirements and implemen-
tation complexity, which should be carefully managed in FPGA or GPU
designs.
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7 Future Work

The revalidation process in the current algorithm is performed only for
stationary blocks to improve the PSNR. As the dynamics in the video change
with time, the revalidation technique can also be extended to block size
revision for different segments of the frame, similar to how stationary block
revalidation is done at regular frame intervals. This may prove to improve
PSNR further. Additionally, incorporating illumination changes and devel-
oping adaptive revalidation intervals based on video content characteristics
could enhance the algorithm’s performance across diverse video sequences.
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