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ABSTRACT
This paper proposes an efficient block-matching motion esti-
mation algorithm known as prediction-based directional search
(PDS). This new algorithm is applicable to a wide range of
video processing applications. The algorithm uses the mo-
tion vectors in two neighboring blocks to predict a starting
search point for the current block. The subsequent refining
search relies on the hypothesis of monotonic block distortion
surface and the center-biased characteristic of motion vec-
tor probability distribution. The cross pattern in a step and
one of four possible directional rectangle search patterns in
the next step are iteratively used to find the motion vec-
tor. Experiments on eleven video sequences with different
characteristics shows that PDS can achieve a faster compu-
tation speed with similar or even better distortion perfor-
mance compared to some existing well-known algorithms.

Categories and Subject Descriptors
I.4 [Image Processing and Computer Vision]: Miscel-
laneous

General Terms
Algorithms
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1. INTRODUCTION
In video coding, motion estimation plays an important

role since it is used to efficiently reduce the temporal re-
dundancy information between successive frames, thus im-
proving the compression ratio. Among existing motion es-
timation methods, block-matching algorithms (BMAs) are
widely used because of their simplicity and effectiveness.
Block-matching aims to find, within a search window, the
best-matched block from the previous frame based on a
block distortion measure or other matching criteria. The
displacement of the best-matched block is described as a
motion vector (MV) to the block in the current frame. The
algorithm that can find the best-matched block is the full
search (FS) method, which evaluates all the candidate blocks
within the search window. However, the high computa-
tional cost of FS limits its application in practice. In order
to reduce the heavy computational complexity of FS, nu-
merous fast BMAs have been proposed. Most fast BMAs
exploit different search patterns to reduce the number of
search points when finding the best-matched block, such as
square patterns in the three-step search (TSS) [8], new three-
step search (NTSS) [9], efficient three-step search (E3SS)
[6], four-step search (4SS) [13], and block-based gradient
descent search (BBGDS) [10]; cross patterns in the cross
search algorithm (CSA) [3] and two-dimensional logarith-
mic search (TDLS) [5]; diamond patterns in diamond search
(DS) [17] and cross-diamond search (CDS) [2]; and hexagon
patterns in hexagon-based search (HEXBS) [16]. The pri-
mary assumption of these fast BMAs is that the block distor-
tion decreases monotonically when the search position moves
toward the minimum matching distortion point (MMDP).
Hence, it is not necessary to check all the search points in the
search window since the best-matched position can be found
by tracking the changing trend of the distortion. In addition,
since there is a high correlation between the current block
and its neighboring blocks in spatial and temporal domains,
the current block’s MV can be predicted based on the MVs
of the neighboring blocks. The predicted MV (PMV) can be
obtained by calculating the mean, median, weighted mean



or other statistical average values of the neighboring MVs
[11, 15]. It also can be selected as one of the neighboring
MVs based on a certain criteria [4, 14, 7, 12]. After the pre-
diction, a pattern-based searching method or the FS with
redefined searching area is performed around the position
corresponding to the PMV to determine the final MV. Al-
though addition memory is needed to store the neighboring
MVs, these prediction-based BMAs often offer a better per-
formance compared to conventional BMAs. It is due to the
fact that the prediction step can find a good starting point
for the refining search. This can reduce the unnecessary in-
termediate search incurred when applying large search pat-
terns to slow motion scenes or the risk of being trapped in
a local MMDP along the search path when searching for a
large MV.

In this paper, we propose a novel BMA using prediction,
called prediction-based directional search (PDS). Our algo-
rithm relies on a simple and effective strategy to predict the
starting search point with high probability to be close to
the global MMDP, and the two small and compact search
patterns which are then applied to quickly direct the search
position moving to the MMDP. Experimental results show
that our algorithm can achieve substantial speed improve-
ment over other fast BMAs with similar distortion perfor-
mance.

The rest of the paper is organized as follows. The strategy
to predict the starting search point for PDS is presented in
Section 2. Section 3 describes the search patterns used in
PDS. The full description of the new algorithm is provided
in Section 4. Our experiments are described and discussed
in Section 5. The paper concludes in Section 6.

2. PREDICTION OF STARTING SEARCH
POINT

Apparently, the high correlation characteristic between
the current block and its neighboring blocks in both spa-
tial and temporal domains can be exploited to predict the
MV of the current block. However, utilizing temporal corre-
lation might be undesirable in practical since the entire MVs
of the reference frame needed to be recorded. In spatial do-
main, since all the blocks in the same frame are processed
in a raster scan order, the neighboring blocks having MVs
which can be used for the prediction are on the left, above-
left, above, and above-right directions of the current block.
They are denoted as block A, B, C, and D, respectively, as
illustrated in Figure 1. There is a compromise between the
accuracy of the prediction and the computational complex-
ity based on the number of the neighboring blocks to be
evaluated. Block B is rarely used due to its high correlation
with block A and C. The international video coding stan-
dard H.263 uses block A, C, and D for differential coding of
MVs. These three blocks also were used in [11] to predict
the MV of the current block. Xu et al. used only block
A for the same purpose [15]. Since in real-world video se-
quences, the movements in horizontal and vertical directions
are dominant, block A and C will be used in our method.

In our proposed algorithm, the PMV of the current block
is obtained by evaluating the block distortion values at the
three points determined by vector (0, 0) and the MVs of the
left and above neighboring blocks, i.e. block A and C. The
MMDP in this step is then chosen as the starting search
point for subsequent steps. It is noted that if both block A

B C D

A

current block

Figure 1: Blocks can be exploited to predict the MV.
Shaded blocks are used in the proposed algorithm.

and C are not available, this prediction step will be skipped
and the refining search will start from the point (0, 0). In
the case that only one of these two blocks is available, the
MV of the other and vector (0, 0) will be used to predict the
PMV.

3. SELECTION OF SEARCH PATTERNS
Previous studies reported that the probability of MV in

horizontal and vertical directions is higher than that in other
directions [3, 17, 2]. It may be due to the fact that most of
the object and camera movements are in these directions.
We exploit this center-biased characteristic of motion vector
probability distribution in our algorithm by first applying
a small cross search pattern at the starting search point
determined by the PVM. In addition, our method also re-
lies on the hypothesis of monotonic block distortion surface.
This implies that the MMDP can be found along the direc-
tions of the distortion from the higher points to the lowest
point. Four directional search patterns as depicted in Figure
2 are chosen to utilize this assumption. The specific direc-
tional search pattern used in current step is selected based
on the position of the MMDP in the cross search pattern
applied to the previous step. Our preliminary experimental
results showed that these compact search patterns can lead
the search position to move quickly to the final MMDP.

4. NEW PREDICTION-BASED MOTION
ESTIMATION

The algorithm comprises the following steps:

• Step 1: The center of the search window for the current
block, i.e. the starting search point, is selected as the
MMDP when evaluating the three points determined
by vector (0, 0) and the MVs of the left and above
neighboring blocks.

• Step 2: Apply the cross search pattern at the center
of the search window. Evaluate the matching distor-
tion of all search points in this pattern. If the MMDP
occurs at the center, the search process stops and the
motion vector is found at the center; otherwise, go to
step 3.

• Step 3: Based on the position of the MMDP found
in step 2, choose a proper directional search pattern
accordingly to find the new MMDP. If the location
of the MMDP remains unchanged, the search process
stops with the motion vector found at the MMDP. If
not, go back to step 2.

Figure 3 is an example of PDS in which the motion vector
(1, 4) is obtained after evaluating 19 search points in 5 steps.



(a) cross pattern

Pattern in previous step

Lowest point in previous step

Pattern in current step

(b) up pattern (c) down pattern

(d) left pattern (e) right pattern

Figure 2: Search patterns of PDS.
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Figure 3: An example of PDS.

In step 1, i.e. starting search point prediction, the PMV (-1,
2) is determined after checking 3 search points. In step 2,
four search points in the cross pattern centered at (-1, 2)
are checked. Subsequently, there are five more points to be
checked in step 3. From step 4 onwards, only a few points in
the search patterns are evaluated since some of them have
already been checked.

5. EXPERIMENTAL RESULTS AND
DISCUSSION

In motion estimation for video coding, the typical block
distortion measures include mean squared error (MSE), mean
absolute error (MAE), and sum of absolute differences (SAD).
Although both the MAE and SAD operations can be viewed
as equivalent, additional shifts or divides may be needed to
obtain the MAE. Calculating the MSE requires numerous
multiplication, however, it does not produce any significant
improvement of the performance compared to the two other
measures. In this regard, SAD was used as the block distor-
tion measure in our simulations. The block size was chosen
as of 16 × 16 and the search window size was 15 × 15 pix-
els. This means that each component of the motion vector
ranges from −7 to +7. Eleven video sequences with differ-
ence motion speeds, frame sizes, frame rates, and durations
were used in the experiments. The descriptions of these
datasets are given in Table 1 and 2.

In addition to FS, eight fast BMAs including NTSS, E3SS,
4SS, DS, CDS, HEXBS, prediction search algorithm (PSA)
[11], and adative rood pattern search (ARPS) [12] were im-
plemented to compare their performances with the proposed
algorithm. It is noted that PSA, ARPS, and our proposed
PDS are predict-based methods. Three criteria were used
for the comparisons: the average of search points per block,
the speed-up ratio with respect to FS, and the average of
peak signal to noise ratio (PSNR) in dB between predicted
frames and original frames. Table 3, 4, and 5 summarize the
experimental results.

As can be seen from these tables, the proposed PDS out
performs all other algorithms in term of speed which was
measured by the number of search points. The speed-up
ratio with respect to FS of PDS ranges from about 13 to
33. PDS runs with the speed of almost two times faster
than DS, a well-known BMA which was accepted in the
MPEG-4 Verification Model (VM) [1]. In addition, PDS
is the best algorithm in term of fidelity when applied to
video sequences with background changing and fast motion
content, e.g. Football, Running, and Waves. For other se-
quences, PDS achieved an above-average PSNR compared
to other algorithms. PDS also produces higher PSNR val-
ues compared to the second fastest algorithm, ARPS, when
applied to almost all the test video sequences.

Figure 4 illustrates the frame by frame comparison of
PSNR and the average of search points per block when ap-
plying all fast BMA algorithms in our experiments to the
Tourists sequence. It clearly demonstrates the robustness
of the proposed PDS to other algorithms in term of both
speed and fidelity.

6. CONCLUSION
We have proposed an efficient prediction-based BMA which

can be applied to a wide range of video applications. The
strategy to predict the motion vector in the algorithm can



Table 1: Specifications of the test video sequences
Sequence Frame size (pixels) Frame rate (fps) Number of frame

Baby 640 × 480 30.00 300
Boat 384 × 288 25.00 200
Coral 512 × 288 25.00 300

Dancing 528 × 304 25.00 300
Dolphins 384 × 288 25.00 300
Football 640 × 368 29.97 300
Island 384 × 288 25.00 100
Riding 608 × 256 23.98 95
Running 576 × 240 25.00 300
Tourists 384 × 288 25.00 180

Waves 384 × 288 25.00 300

Table 2: Characteristics of the test video sequences
Sequence Motion content Background changing Camera zooming Camera panning

Baby Normal No No No
Boat Slow Slow No No
Coral Slow Slow Slow Slow

Dancing Fast Slow No Slow
Dolphins Fast Fast No Fast
Football Fast Normal Slow Slow
Island Slow Slow Slow Slow
Riding Fast Fast No Fast
Running Fast Fast Slow Normal
Tourists Normal Normal Normal No

Waves Fast Normal No Normal

Table 3: Average of search points per block
Baby Boat Coral Dancing Dolphins Football Island Riding Running Tourists Waves

FS 212.91 205.04 207.11 207.90 205.04 210.83 205.04 206.67 205.53 205.04 205.04
NTSS 20.48 18.10 19.70 18.79 28.05 20.01 19.31 28.43 26.60 19.62 24.04
E3SS 17.13 14.73 16.67 15.40 25.17 16.76 16.43 25.45 24.34 16.89 22.07

4SS 18.40 16.93 17.93 17.36 22.67 17.89 18.07 22.36 21.71 17.96 20.35
DS 15.63 13.92 15.28 14.53 24.03 15.45 15.28 23.47 21.94 15.32 19.91

CDS 13.80 10.85 13.19 11.75 27.82 13.65 13.92 28.37 25.70 13.67 22.59
HEXBS 12.38 11.31 12.13 11.69 16.09 12.25 12.32 16.50 15.82 12.23 14.72

PSA 12.87 10.84 11.64 11.25 23.43 11.92 11.28 20.85 17.97 11.47 13.72
ARPS 8.47 7.48 8.17 7.69 15.59 8.00 8.41 12.97 11.49 8.54 10.22

PDS 7.76 6.54 6.26 6.57 15.14 6.66 6.59 11.49 8.44 6.41 7.92

Table 4: Speed-up ratio with respect to FS
Baby Boat Coral Dancing Dolphins Football Island Riding Running Tourists Waves

FS 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
NTSS 10.40 11.33 10.51 11.06 7.31 10.54 10.62 7.27 7.73 10.45 8.53
E3SS 12.43 13.92 12.42 13.50 8.15 12.58 12.48 8.12 8.44 12.14 9.29

4SS 11.57 12.11 11.55 11.98 9.04 11.78 11.35 9.24 9.47 11.42 10.08
DS 13.62 14.73 13.55 14.31 8.53 13.65 13.42 8.81 9.37 13.38 10.30

CDS 15.43 18.90 15.70 17.69 7.37 15.45 14.73 7.28 8.00 15.00 9.08
HEXBS 17.20 18.13 17.07 17.78 12.74 17.21 16.64 12.53 12.99 16.77 13.93

PSA 16.54 18.92 17.79 18.48 8.75 17.69 18.18 9.91 11.44 17.88 14.94
ARPS 25.14 27.41 25.35 27.04 13.15 26.35 24.38 15.93 17.89 24.01 20.06

PDS 27.44 31.35 33.08 31.64 13.54 31.66 31.11 17.99 24.35 31.99 25.89



Table 5: Average of PSNR (dB) per frame. The highest values in each column apart from FS are underlined
Baby Boat Coral Dancing Dolphins Football Island Riding Running Tourists Waves

FS 35.88 38.74 31.57 30.71 25.72 33.18 34.70 23.74 29.30 24.74 31.92
NTSS 35.79 38.67 31.51 30.55 25.52 33.11 34.64 23.47 28.62 24.64 31.22
E3SS 35.77 38.59 31.50 30.55 25.54 33.11 34.60 23.49 28.69 24.62 31.63

4SS 35.76 38.09 31.53 30.50 25.42 33.01 34.06 23.23 28.30 24.64 31.47
DS 35.79 38.55 31.55 30.51 25.39 33.04 34.68 23.17 28.34 24.67 31.57

CDS 35.69 38.16 31.11 30.37 25.29 32.98 23.10 34.14 28.09 24.29 31.47
HEXBS 35.62 38.10 31.11 30.35 25.29 32.87 33.19 23.07 28.05 24.33 31.15

PSA 35.76 38.62 31.55 30.50 25.17 32.48 34.68 23.15 28.58 24.63 31.73
ARPS 35.74 38.57 31.51 30.45 25.41 33.12 34.66 23.56 28.86 24.61 31.83

PDS 35.76 38.58 31.52 30.47 25.28 33.13 34.68 23.48 28.93 24.65 31.86

(a)

(b)

Figure 4: Frame by frame comparisons for Tourists

sequence: (a) Average of PSNR per frame; (b) Av-
erage search points per block.

effectively move the starting search point close to the global
MMDP. This can reduce the risk of being trapped in a local
MMDP along the search path when searching for a large MV
and avoid unnecessary intermediate search incurred when
processing slow motion scenes. Our directional search pat-
terns also help the subsequent refining search can quickly
find the final MMDP. Experimental results showed that our
algorithm can achieve a faster computation speed with simi-
lar or even better distortion performance compared to other
well-known BMAs when applied to video sequences with var-
ious characteristics.
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