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Abstract –The paper presents a study of existing
Block Matching Optical Flow algorithms, which
estimate the motion from an image sequence. The
seven algorithms selected for our performance and
comparative study (ES, TSS, SETSS, NTSS, FSS, DS
and ARPS) are finding a minimum cost match between
the current image reference block and one of the
considered blocks in the next image. The benchmark
used for the performance testing was the Middlebury
Dataset, with the conclusions leading to a parameters
and algorithm selection criteria.
Keywords – optical flow, block
comparative study, motion estimation.
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1. Introduction
Motion, as part of the human visual system, is a
major subject in Computer Vision and brings
important contribution to research topics like video
compression and estimation, 3D reconstruction and
visual tracking. The fundaments of Optical flow field
starts in 1981, with the papers of Horn and Schunck
(H&S) [1] and Lucas and Kanade (L&K) [2],
presenting the first steps in optical flow and motion
estimation. While L&K are using a local smoothness,
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H&S prefer a global smoothness. Horn gives in 1986
another definition of optical flow, assigning the
“motion of brightness patterns” in the image, to the
“relative motion between objects and observer”.
Nagel employed the second order derivatives to
extract the optical flow in [3] and [4]. Like in [1], the
estimated results are combined employing a global
smoothness constraint. In the attempt to handle the
problems of occlusions, Nagel suggested the use of
an oriented-smoothness constraint which is not
applied in the case of steepest gradients.
Buxton and Buxton method [5] emphasize on the
significance of image features like edges and their
model is based on the motion of such features. Ten
years later, Barron et al. [6] describes optical flow as
the projection of surface points velocities on sensors
image plane [7]. In 1990, Fleet and Jepson [8] define
the velocity as the punctual motion normal to the
contours in the output of band-pass velocity-tuned
filters. The filters where employed in order to divide
the input signal in respect with speed, orientation and
scale [5].
Black and Anandan [9] publish in 1996, a paper
for robust estimation, presenting a framework that
solves the assumptions infringements on spatial
smoothness and brightness constancy caused by
multiple motions. Even after 20 years since Horn and
Schunck published one of their most important
papers, researchers like Sun et al. [10] are still
working on finding new ideas to improve this
algorithm. Therefore, they propose a method to
decrease the occlusion problem in obtaining the
optical flow, using the earlier Horn and Schunck.
Although most optical flow techniques presume
brightness constancy, the constraint is often violated,
generating inadequate estimates of motion.
Haussecker and Fleet [11] describe in 2001, a
generalization of optical flow estimation founded on
brightness variations models, caused by the time
dependency of processes.
Taking into consideration that so many optical
flow algorithms were developed, each having its
advantages and disadvantages, Bruhn et al. [12]
proposed in 2005 a hybrid technique. It combines the
L&K local method with the H&S global method. The
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algorithm incorporates the local methods robustness
with the global density approaches. Brox and Malik
[13] present a technique to solve the detailed human
motion problems, by adding rich descriptors into the
variational optical flow setting. A new formulation of
the H&S flow equation using spatial and temporal
information between two consecutive images is
proposed by Cassisa et al. [14] in 2009.
The interest shown by researchers in this field led
to a rise in the development of optical flow
algorithms. Even though the methods are complex,
diverse and the boundaries between them are not
always clear, a classification [15] of optical flow
algorithms has been made:
•
•
•
•

Differential methods
Frequency based methods
Correlation based methods
Multiple motion methods

For the estimation of optical flow, the motion of
each point of the image must be computed. The
estimation of optical flow means estimation of two
vectors, one representing the horizontal velocity of
the motion (U) and the other one (V) representing the
vertical velocity. Moreover, the researchers are
describing optical flow estimation as an inaccurate
result, without a unique solution (also named illposed).
One of the big issues of estimation is not having
enough knowledge about the input data types.
Sometimes images come from different spectra or
optical systems and not all the pixels are used in the
process, some containing redundant information.
Moreover, the input is generally formed by two
images and therefore, preventing the use of multiple
frames from a sequence. In addition, if this definition
is strictly interpreted, we are assuming bijective
relation, between the pixel locations in the first
image and their position in the second [16].
In many cases, neighboring pixels will show a
similarly in motion. The lack of gradient information
or local structure could be substituted by adding
smoothness, in order to obtain more accurate results.
The smoothing operation can be applied spatially or
spatio-temporally, but the assumptions are often
infringed at object contours [17].
2. Block matching algorithms
Block matching was one of the differential model
algorithms developed for the assessment of motion in
consecutive frames. The method is based on the fact
that areas of pixels move within the frame and can be
detected in the next one. Therefore, the current frame
is split into blocks and a correspondence in the next
frame will be searched for each of them. With the
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purpose of improving the performance of the basic
block matching algorithm, different methods have
been proposed. The purpose of the newly developed
algorithms was to estimate a vector for each block of
the t time frame without searching all the possible
successors in t+1.

Figure 1. Block matching

The dimension of the adjacent neighborhood, in
which the search is made, depends on the algorithm.
The parameter p defines the search area size,
representing the displacement in the four directions
of the time t block, in the t+1 frame [18]. Choosing a
value for the search parameter is not an easy task,
because a larger p can give an accurate result, but can
also take too much time for computations. An ideal
algorithm would find the balance between accuracy
and performance.
The process of finding the corresponding block is
based on computing a cost function between the
current block and all the possible successor ones
from the t+1 frame. Some of the most popular cost
functions are Mean Absolute Difference (MAD) and
Mean Squared Error (MSE).
MAD =
MSE =
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The Exhaustive Search Block Matching algorithm
presented above, provide the most accurate results
compared to other block matching algorithms, with
the disadvantage of being computationally expensive
[18]. Therefore, a larger search parameter will
require a considerable number of computations.
2.1. Three Step Search algorithm
Developed and presented in [16], is one of the first
attempts to improve and optimize the Full Search
method, based on the fact that the error surface is
unimodal due to the motion of blocks. A unimodal
surface has the profile of a sink in which the weights
computed by the cost function increase
monotonically from the global minimum.
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The algorithm starts searching the minimum cost
function by the examination of possible 16 points.
Among them, in addition to the center of the search
window, eight points at step size S=1, followed by
eight points at S=4. In the next stage, the algorithm
evaluates one of the following situations:
•
•

Figure 2. Three Step Search Algorithm

As it can be seen from Figure 2, the starting
position was selected in the center of the search
window and a step size has been set. After searching
at +/- S pixels locations, the minimum cost position
will be chosen and will become the new center. In
this case, the new step size will be set to S/2 and the
whole process will be repeated until S=1. The
location where the search process stops, gives the
best match location.
2.2. New Three Step Search algorithm
The NTSS algorithm [19] is an improvement of the
TSS method, providing a center biased checking
point method for the first and second step. It also
incorporates a half-way stop procedure for stationary
or quasi-stationary block, in order to diminish the
computational complexity [20]. Therefore, this
method tries to handle the big disadvantage that the
TSS algorithm has, that is the lack of small motions.

•

If the minimum cost was found in the
center of the search window, the search
stops and the motion vector is (0, 0).
If the minimum cost is at any of the 8
locations of S=1, the search will continue
by setting the new origin to that point. The
next step is to search through the adjacent
points of the new origin and find the one
that gives the minimum cost. The motion
vector will be set accordingly, to that
location.
If the minimum cost was found at one of
the S=4 locations, the basic Three Step
Search algorithm will be applied. The
number of tested points will range from 17
to 33.

2.3. Simple and Efficient Three Step Search
algorithm
The Simple and Efficient Three Step Search was
introduced by the authors of [21] in order to improve
the existent TSS and diminish the computational
cost. The method is based on the idea that for a
unimodal surface, two minimums in opposite
directions can not exist. Even if the computational
costs were reduced, the algorithm didn’t get any
reputation, as in reality, there are few unimodal error
surfaces.

Figure 4. Simple and Efficient Three Step Search
Algorithm

Figure 3. New Three Step Search Algorithm
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Figure 5. Search pattern corresponding to SES: a)
quadrants; b) selection of quadrant 1; c) selection of
quadrant 2; d) selection of quadrant 3; e) selection of
quadrant 4

As shown in Figure 5, four quadrants are used for
the search area, while the algorithm evaluates the
cost function for A, B and C locations.
In the example shown in Figure 5, the point A is
considered the origin, while B and C are at step S=4
locations away from the center in orthogonal
directions. In order to determine the search quadrant
for the second step, the following rules are applied
[18]:
•
•
•
•

If MAD(A) ≥ MAD(B) &&
MAD(C) then choose case b);
If MAD(A) ≥ MAD(B) &&
MAD(C) then choose case c);
If MAD(A) < MAD(B) &&
MAD(C) then choose case d);
If MAD(A) < MAD(B) &&
MAD(C) then choose case e);

MAD(A) ≥
MAD(A) ≤
MAD(A) <
MAD(A) ≥

Subsequent to the selection of the search quadrant,
the cost function is computed and the new origin will
be chosen. As for the TSS algorithm, the step size
value will be decreased to S/2 and the SES method
will be repeated until S=1.

Figure 6. Search pattern of the FSS. a) 1st step; b) 2nd
step, c) 3rd step; d) 4th step

The FSS algorithm has the following stages [22]:
- Step 1: If the minimum cost was found in the center
of the search window, go to Step 4. In the case that
the minimum cost is found at any of the other eight
locations, keep in mind the position the point found
in the search window and go to Step 2.
- Step 2: Depending on the position found in Step 1 a
number of points will be added as follows:
•

3 points, if the position is in the middle of
the horizontal or vertical axis of the
previous search window.
• 5 points, if the position is in the corner of
the previous search window.
If the minimum cost was found in the center of the
search window, go to Step 4, otherwise go to Step 3.
- Step 3: The same process as the one applied in Step
2 is followed.
- Step 4: The window is resized to 3x3, while the step
is decreased to 1. With the help of a cost function the
correlation will be found for the corresponding block.

2.4. Four Step Search algorithm
This algorithm provides a center biased checking
point technique similar to NTSS, and incorporates a
half-way stop [22]. In comparison to the TSS, the
search is performed in a 5x5 window and uses a
pattern of nine checking points, having the
advantages of robustness and computational cost
reduction.
Figure 7. Four Step Search Algorithm
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2.5. Diamond Search algorithm

2.6. Adaptive Rood Pattern Search algorithm

This algorithm [23] is similar to the FSS, with the
difference based on the use of a diamond shape
instead of a rectangular search pattern. The algorithm
can switch between two types of search pattern:
Large Diamond Search Pattern and Small Diamond
Search Pattern.
The DS is performed in three steps [20]:
- Step 1: If at the center of the search window a
minimum cost is found, then go to Step 3. In the case
that the minimum cost is found at any of the other
eight points (Large Diamond Search Pattern), keep in
mind the position of the point found in the search
window and go to Step 2.
- Step 2: The point found in the previous step will be
the center of the new LDSP. If the new minimum
cost function point obtained is found at the center
position, go to Step 3; otherwise recursively repeat
this step.
- Step 3: Apply the search pattern SDSP around the
new origin. The location with the minimum cost
function found in this step is origin of the motion
vector pointing the best matching block.

The stratagem of this algorithm is that the motions
in an image sequence should be coherent and respect
some natural laws. If the blocks from the
neighborhood of the current block moved in a certain
direction, it is likely that the current block will move
the same way. This method is based on a prediction
founded upon the motion vectors of the neighbors of
the current block.

Figure 9. Adaptive Rood Pattern Search Algorithm

As one can see from the example in Figure 9, the
predicted vector points to coordinates (3, -2). In the
first step, the algorithm also checks using a pattern,
the points located at a step size of S=Max (|x|, |y|),
where x and y are the coordinates of the predicted
motion vector. As a result, the search will be made
within the region with the highest probability of
finding a matching block. The point having the least
weight will be selected as the origin for the next
search steps, while the search pattern will be changed
to SDSP. The methods repeat the SDSP until the
least weighted point found will be the center of the
SDSP [18].
3. Performance Measures
Figure 8. Diamond Search Algorithm

Given the optical flow algorithms described above,
a set of measures are required in order to evaluate the
performance and the conditions leading to those
results.
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The velocity may be expressed either as
displacement per time unit (u, v) measured in
pixels/frame or as a space time direction vector (u, v,
1) in units of (pixel, pixel, frame) [6].
The most employed measure of optical flow
performance is the angular error (AE). The AE can
be computed using equation 9 [24], based on the flow
vector (u, v) and the ground-truth flow (u GT , v GT ).

1 + u u GT + v v GT
AE = cos −1 
 1+ u 2 + v 2 1+ u 2 v 2
GT GT







Table 1. Two Frames of the Middlebury Datasets
Frame10

Frame11

Dimetrodon

Grove2

(9)

The AE offers a relative measure of performance,
avoiding the “divide by zero” problem for null
optical flows. Large optical flows errors are less
penalized by AE than errors of insignificant optical
flows [24].

Grove3

Hydrangea

An absolute error can also be determinate, as the
flow endpoint error (EE) expressed in equation 10.

EE =

(u − u GT )2 + (v − v GT )2

(10)

Rubber
Whale

4. Optical flow datasets
When analyzing the performance of optical flow
algorithms, the use of a standard database or
benchmark is recommended, in order to compare
your results with the ground truth given by the
benchmarks.
The first publication of an optical flow
performance analysis dates back to the 1994. The
benchmark used by the authors was the famous
Yosemite sequence, created by texture mapping the
aerial image of Yosemite Valley on a depth map.
Lynn Quam and David Heeger [25] were the authors
of the sequence and of its first optical flow
estimation.
In order to continue the progress in the optical flow
field, new benchmarks with new challenges for the
current algorithms were needed. Therefore, in 2007
Baker et al. have made great efforts and succeeded to
create a new datasets and to evaluate a new
algorithms, available at the Middlebury Database
website [25].
The progress in this field advances and the same
authors proposed a new collection of optical flow
datasets with ground truth, in 2011. The benchmarks
are divided into an evaluation and a training set, with
ground truth provided only for the training set. The
collection consists of 24 image pairs (12 for the
evaluation set and 12 for the training set), from
which 8 are test images and the other 4 are special
types of data for the assessment of other optical flow
methods.
TEM Journal – Volume 6 / Number 4 / 2017.

Urban2

Urban3

Venus

In our experiments, the Middlebury dataset was
considered [24], containing the following motion
aspects:
•
•
•
•

Real imagery of non-rigid moving scenes
Realistic synthetic imagery
Real stereo imagery of rigid scenes
Imagery for frame interpolation

The ground truth is available only for the training
set and used for performance evaluation, parameter
estimation or learning process.
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5. Results
As mentioned before, the Middlebury database was
chosen thanks to its complexity. It consists of 24
pairs of images, but only for 8 of them the ground
truth is available. The images are complex, each
presenting different types of motion.
In this study, the size of the block ranged from 3 to
16 and for each size of the block the value of the
search parameter varied from 2 to 10. Because the
number of tests made is too large it was impossible to
present each result. Therefore, only the representative
information was selected for discussion.

Table 2 contains the resulted AAE which were
used for building chart in Figure 10. As expected, the
Exhaustive Search algorithm gets the best results,
whereas ARPS generates errors quite close to ES.
The minimum compound error is given by ES for
Hydrangea, where AAE = 5.14. It can be observed
once again how important the selection of a complex
test data is. A very good example is NTSS which
varies from 5.9 to 48.17, depending on the selected
dataset.
Taking into consideration the fact that the tests
were undertaken for block dimension variations from
3 to 16 and with search parameter variation from 2 to
10, Table 3 presents the parameters values for which
the minimum errors were generated.
Table 2. AAE obtained by algorithms for each dataset

Figure 10. The best Average Angular Errors obtained by
the considered algorithms for each dataset

Figure 10 presents an overview of the block
matching algorithms performance in motion
estimation. The performance metric chosen is the
average angular error. On a more detailed analysis, it
can be observed that an algorithm’s performance
depends on the type of motion present in the image.
As
mentioned
before,
Hydrangea
and
RubberWhale datasets offer good results, whilst
more complex frames such as Urban1 and Urban2,
are generating pretty big errors.

Venus
Dimetro
don
Hydrang
ea
Rubber
Whale
Grove2
Grove3
Urban2
Urban3

ES

TSS

NTSS

4SS

DS

ARPS

21.64
19.45

SEST
SS
24.72
25.62

11.90
10.32

19.61
14.92

20.31
20.33

21.75
15.96

12.95
11.23

5.41

5.83

11.18

5.91

6.56

6.84

5.68

11.28

13.34

14.78

11.90

13.78

12.4

11.88

8.67
12.26
26.99
30.78

11.04
19.88
42.09
47.56

22.20
28.38
45.40
57.35

12.14
19.01
39.73
48.17

11.31
21.42
41.37
47.04

24.58
22.40
40.25
47.45

10.34
14.73
31.7
34.23

According to Table 3, methods like ES and DS are
generating different results no matter the block size
and search parameter value. On the other side, TSS,
SESTSS, NTSS and 4SS generate the same result for
consecutive values of the search parameter. It can be
observed that 4SS is part of a special group, in which
the same result is generated indifferent to the search
parameter.

Table 3. The values of the parameters S (block size) and P (search size) for the results in Table 2
ES

TSS

SESTSS

NTSS

4SS

DS

ARPS

S

P

S

P

S

P

S

P

S

P

S

P

S

P

Venus

11

7

13

7-10

15

7-10

16

7-8

16

4-10

16

9

13

8-10

Dimetrodon

16

4

16

4-6

16

4-6

16

4-6

16

4-10

16

6

12

4

Hydrangea

12

10

16

7-10

16

7-10

16

7-10

16

4-10

16

10

12

8

RubberW

6

3

16

7-10

11

4-6

11

4-6

11

4-10

11

4

11

6

Grove2

13

4

15

4-6

15

7-10

15

4-6

15

4-10

13

4

13

4

Grove3

16

8

16

7-10

16

7-10

16

7-10

16

4-10

16

9

16

8

Urban2

15

10

15

4-6

15

7-10

15

7-10

16

4-10

14

9

15

10

Urban3

16

10

16

7-10

16

7-10

16

7-10

16

4-10

16

10

16

10
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Table 4. The values of the parameters S (block size) and P (search size) for the results in Figure 12
ES

TSS

SESTSS

NTSS

4SS

DS

ARPS

S

P

S

P

S

P

S

P

S

P

S

P

S

P

Venus

16

8

16

7-10

15

7-10

16

7-10

16

4-10

16

8

13

8-10

Dimetrodon

16

4

16

4-6

16

4-6

16

4-6

16

4-10

16

4

12

4

Hydrangea

12

8

16

7-10

16

7-10

12

7-10

16

4-10

16

5

12

8

RubberW

8

4

16

7-10

15

4-6

10

4-6

14

4-10

5

3

10

5

Grove2

13

4

15

4-6

15

7-10

15

4-6

15

4-10

5

3

13

4

Grove3

16

8

16

7-10

16

7-10

16

7-10

16

4-10

16

7

16

8

Urban2

15

10

14

4-6

15

4-6

14

7-10

16

4-10

14

10

15

10

Urban3

16

10

16

7-10

16

7-10

16

7-10

16

4-10

16

10

16

10

The chart from Figure 11 shows the number of
computations by each algorithm in the case of the
best AAE values. Therefore, the graph was created
by taking into consideration the parameter values
from Table 3.
It can be observed that even if the ES algorithm
generates the finest results, the number of
computations is much higher in comparison with
other methods. Therefore, if performance is
important, not the processing time, the ES algorithm
is the best option. But, the recommended solution has
to take into account the required number of
computations needed for each algorithm to obtain the
optical flow.
The chart in Figure 12 shows the minimum EE
values obtained by the algorithms. As it can be
observed from Figure 10, Urban 2 and Urban3
datasets are very complex in terms of movement and
the block matching algorithms couldn’t estimate the
motion. For the rest of the frames, the values are
pretty similar, Hydrangea and RubberWhale being
the one for which the best results are being
generated. Despite that, when it comes to AAE,
Hydrangea leads by far, having the best results;
RubberWhale is the one for which the best EE are
being generated.

Figure 11. The average number of computations required
for the results in Table 1

TEM Journal – Volume 6 / Number 4 / 2017.

Figure 12. The best EE obtained by considered algorithms
for each dataset

Based on the above results, the algorithms with the
best performance when it comes to the calculated
errors (AAE and EE) are the ES and the ARPS. On
the other side, SETSS algorithm doesn’t do well with
motion estimation, having the worst results.
Table 4 is similar with Table 3, the only difference
being in the fact that the data is presented in relation
to EE not AAE. Same as for AAE, the best results
are obtained when the block dimension equals 16.
Bolded values represent the situations in which the
values of block size parameters and search
parameters differ from those in Table 3. It’s worth
mentioning that differences appear on both block
dimension level and search parameter value.
A significant example for this situation is
represented by the DS algorithm for the
RubberWhale and Grove2 datasets. Therefore, when
it comes to AAE, the optimum block size is 11 for
RubberWhale (with a search parameter that equals 4)
and 13 for Grove2. The status is totally different
when it comes to EE, where the optimum block size
for both datasets is 5 and the search parameter values
is 3.
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Figure 13. The best AAE obtained by the TSS algorithm
by varying the block size

Analyzing in detail the two tables (Tables 3 and 4)
it can be seen that the block matching algorithms
generate the best results for high block size values.
Actually, the higher the block size, the less the errors.
For justifying this affirmation, the AAE generated by
each algorithm, for each block, have been
investigated and some of them will be presented
below.
A good example of performance increasing along
with the block size increase is the Three Step Search
algorithm. This can be observed above (Figure 13),
where from the eight tested datasets, only
RubberWhale was an exception. In comparison with
ES, the generated errors are much higher, only three
datasets being eligible for errors under 20. TSS is the
only tested algorithm for which there is no
observable discrepancy of the S parameter and others
between values 3 and 4.

Figure 14. The best AAE obtained by the FSS algorithm
by varying the block size

Even if SESTSS is presented as being an
improvement for the TSS algorithm, we have noticed
that the values calculated in the motion estimation
are worse than those for TSS. We have observed that
there are no errors less than 10 for any dataset and
the majority goes between 20 and 40. What more,
this algorithm is the one that gave the worst results in
our study.
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In contrast with SESTSS, New Three Step Search,
another improvement of the TSS, accomplishes to
estimate the movement better than the TSS. An
important difference that we had noticed was that
NTSS reacts badly at small block sizes like 3 and 4,
generating much higher errors in comparison to TSS.
Even if similar with NTSS, the FSS algorithm
generates errors a bit higher. Once again, it can be
observed from Figure 14, that a wrong size for the
block can lead to faulty motion estimation and to an
average angular error of 80.
As in other cases, because of its low complexity,
movement estimation was most accurate for
Hydrangea. On average and by excluding the two
difficult datasets (Urban2 and Urban3), it can be
stated that the majority of errors are between 10 and
30. Here as well, the decreasing error trend can be
spotted along with the increase of the block size.
Even if the DS algorithm is generally considered a
performing block matching method, we have
observed that by taking into consideration the eight
tested algorithms, DS lies somewhere in the middle
in terms of movement estimation performance.
The most performing algorithm, after ES is ARPS.
The same as for other algorithms, Average Angular
Error is very high for block sizes of 3 and 4.
Anyhow, one can be observed that six (Venus,
Dimetrodon, Hydragenea, RubberWhale, Grove2 and
Grove3) out of eight datasets have the majority of
values less than 20 and the other two, Urban2 and
Urban3, are lower in comparison with the other
methods results (Figure 15).

Figure 15. The best AAE obtained by the ARPS
algorithm by varying the block size

Taking into consideration the charts and tables
presented, it can be affirmed that ARPS is the most
proficient for motion estimation. Even if ES obtained
a much lower AAE, the number of computations is
very high in comparison to other algorithms.
Therefore, if performance is required, the ARPS will
be the most appropriate option. On the different side,
SETSS had the worst motion estimation and it has
always generated the highest errors.
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6. Conclusions

Figure 16. Block size values that lead to the best motion
estimation

Figure 16 shows the block matching algorithms
dependency to block size. Therefore, the number of
block size values which generated minimum errors
for the seven data sets have been counted. In this
case, the data sets are not taken into consideration
individually, but rather there will be presented a
general overview on the block size and algorithm
performance.
It can be observed that the optimum block size for
the majority of algorithms is 16. The FSS algorithm
gets the best results in 6 out of 7 data sets, by using a
block size of 6. Moreover, even for sizes of 11 or 15
one can achieve correct motion estimation,
depending on the selected search parameter.
Another analyzed situation was the variation of
performance depending on the block dimension for a
representative data set. The selected dataset is the
one that got the minimum angular errors,
Hydragenea.

Figure 17. The best AAE obtained for the Hydrangea
dataset depending on the block size

Figure 17 shows that although there were errors of
35, the majority lies between 5 and 10. ES, the best
in motion estimation is followed closely by ARPS.
Differences are not significant, but if you take also
into account the fact that the necessary number of
computations needed for the ES reaches values
higher than 400, whilst APRS needs only 10, than
ARPS will be preferred.
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The selection of the Middlebury data set was a
wise decision because it contained normal data sets
(Hydragenea, RuberWhale), but also complex
datasets (Urban2, Urban3) and for which a motion
estimation in optimum parameters couldn’t be
performed. Despite this fact, the performances of the
block matching algorithms are obtained for data sets
with AAE of 5.
The algorithm that performed best in terms of
AAE is Exhaustive Search followed closely by the
Adaptive Rood Pattern Search. New Tree Step
Search and Three Step Search compete for the third
place in terms of performances, the differences
between the two beings very small. The Four Step
Search wins against the Diamond Search algorithm
and the Simple and Efficient Three Step Search is
always last, generating the worst results.
The reason that all algorithms determine the
motion vector by minimizing the difference between
the current block and the reference block, the number
of computations required is also important.
Therefore, by combining the two factors, the AAE
and the number of computations, we can conclude
that the Adaptive Rood Pattern Search is the best
performing algorithm among the studied ones. The
Exhaustive Search method loses ground because the
number of computations is sometimes higher than
400, while ARPS needs only 10.
The performance depends also on the selection of
the block size. From the previous chapter, it was
observed that an increase of this parameter influences
directly the increase in performance. The most
accurate motion estimations were made for a block
size of 16. In the same time, for value 15, the results
were quite good.
For each block size, the search parameter took
values between 2 and 10. Optimum values for this
factor go between 7 and 10, 10 being proffered. Still
the larger the search parameter, the more
computations are required. Moreover, a search
parameter variation higher than the interval used in
this study can also be tested.
Implementing preprocessing methods for data sets
can be another technique for improving the
performance. Even a simple Gauss filter for
smoothing can help sometimes. Even so, it is
advisable to implement an adaptive method for
selecting the preprocessing technique.
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