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Abstract—This paper presents a block-overlap-based validity
metric for use as a measure of motion vector (MV) validity and to
improve the quality of the motion ﬁeld. In contrast to other validity metrics in the literature, the proposed metric is not sensitive
to image features and does not require the use of neighboring
MVs or manual thresholds. Using a hybrid de-interlacer, it is
shown that the proposed metric outperforms other block-based
validity metrics in the literature. To help regularize the ill-posed
nature of motion estimation, the proposed validity metric is also
used as a regularizer in an energy minimization framework to
determine the optimal MV. Experimental results show that the
proposed energy minimization framework outperforms several
existing motion estimation methods in the literature in terms of
motion vector (MV) and interpolation quality. For interpolation
quality, our algorithm outperforms all other block-based methods
as well as several complex optical ﬂow methods. In addition, it
is one of the fastest implementations at the time of this writing.
Index Terms—True Motion Estimation, Motion Vector Validity,
Reliability, Block Matching, De-interlacing

I. I NTRODUCTION

M

OTION estimation allows for a wide variety of tasks
such as object tracking, frame-rate conversion, superresolution, and depth estimation in 3-D TV. In such applications, the true motion is desired; however, ﬁnding the true
motion is an ill-posed problem since the 3-D scene must be
projected onto a 2-D image plane. In addition to the problem of
estimating the motion of pixels whose true motion is in three
dimensions; untextured regions, small structures, occlusions,
deformations, and others types of complex motion further
contribute to the ill-posedness of motion estimation. Although
state-of-the-art algorithms have made remarkable progress in
handling many of these types of motion, there are still several
cases in which algorithms fail. For motion estimation to be
useful in practical applications, it is necessary to detect failures
and assign each motion vector (MV) a conﬁdence value. In this
paper, we introduce a joint framework which characterizes the
validity of MVs and uses the validity to improve the quality
of the motion ﬁeld.
The majority of motion estimation algorithms in the literature use either block matching or optical ﬂow to determine
a dense motion ﬁeld. Although optical-ﬂow-based algorithms
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provide superior MV quality over block-based algorithms [1],
they do so at the expense of high computational complexity
and long run times. In the interest of real-time applications,
block matching algorithms provide a ﬂexible trade-off between
complexity and MV quality. Therefore, we present our motion estimation framework in the context of block matching
and compare its performance to state-of-the-art optical ﬂow
methods.
Block matching requires the use of the translational-motion
model and brightness-constancy assumption to estimate the
motion of blocks between image pairs. Unfortunately, these
two requirements are often violated for real images; the actual
motion can only be approximated as a translation for small
displacements, and the brightness-constancy assumption does
not hold for illumination changes due to non-uniform lighting,
shadows, etc [2]. Block matching is also sensitive to block
size. Large blocks are needed to avoid local minima; however,
large blocks produce poor matches compared to small blocks.
To a large degree, the block size problem is minimized by
using a hierarchical block matching framework [3]. In a
hierarchical framework, large blocks are used in downsampled
image pairs to provide an initial estimate of the motion, and
the block size is successively reduced as the resolution of the
images increases.
To determine the best matching block, correlation-based
approaches are generally favored due to their robustness and
low complexity [4]. Several correlation metrics such as the
mean-squared error (MSE), mean absolute difference (MAD),
and sum of absolute deviations (SAD) have been introduced
in the literature. However, most block matching methods use
the SAD correlation metric, which computes the 1 norm of
pixel differences for all pixels in a given block. The SAD
correlation metric is a non-convex function; as the image resolution increases and the block size decreases in a hierarchical
framework, the number of local minima increases.
To regularize the results of block matching, i.e., to choose
among the local minima, low-complexity smoothness constraints have been introduced [5][6]. These constraints limit
the solution based on the assumption that the motion ﬁeld
should be locally constant. It is desired that the smoothness
constraints penalize deviations among MVs while preserving
natural discontinuities in the motion ﬁeld. The effects of
different low-complexity smoothness constraints on the quality
of the motion ﬁeld were also evaluated in [5][6].
Although regularizing the motion estimation problem using
smoothness constraints reduces the number of possible solutions, it does not force a unique solution. In fact, unless the
regularization function is strictly convex, multiple solutions
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may exist. In previous approaches [7][5][6], the chosen solution depends on the block matching search order and on the
order in which the smoothness constraints are applied. To help
overcome this, we introduce a new block overlap term as both
a regularizer and validity metric to improve the quality of the
motion ﬁeld.
In the next sections, we introduce the proposed validity
metric which will be used in subsequent sections for improving
the quality of the motion ﬁeld. In section II, we provide
an overview of existing validity metrics and introduce the
proposed validity metric. We also compare our validity metric
to existing metrics in the context of hybrid de-interlacing. In
section III, we present the energy minimization framework
and discuss the shortcomings of previous work. In section IV,
we combine the block overlap regularizer into the existing
framework and give our block-overlap-based algorithm. Experimental results comparing our algorithm with the state-ofthe-art are given in section V, and the conclusions and future
works are presented in section VI.

Fig. 1.

(b) MVs for scaling.

Center and neighboring MVs for rotation and scaling.

2) Smoothness Metric 2: A similar smoothness-based validity metric was introduced by Liu and Shen in the context
of super resolution [10]. Liu and Shen made the assumption
that a MV is valid if it results in a small normalized SAD
and has consistent neighboring MVs. However, in contrast to
the work of Wang et al., thresholds were applied to both the
normalized SAD and smoothness in order to classify a MV as
valid or invalid. The decision rule was given as
If (Corr(x, x + v) < TE ) → R(v) = 1
Else

II. VALIDITY M ETRICS
In this section, we provide an overview of existing validity metrics that have been applied to block-based motion estimation algorithms and introduce the proposed blockoverlap-based validity metric. We divide the existing validity
metrics into two categories: smoothness-based validity and
gradient/variance-based validity. The content in this section
was ﬁrst introduced in [8].
A. Smoothness-Based Validity
1) Smoothness Metric 1: Wang et al. introduced
smoothness-based validity in the context of de-interlacing [9].
A conﬁdence value was assigned to each MV based on block
correlation and MV smoothness. Speciﬁcally, the validity
expression was given as
Corr(x, x + v) + Smooth(v)
R(v) ≈  
,
Corr(x, x + vk ) + Smooth(vk )

(a) MVs for rotation.

(1)

(4)

If (Smooth(v) < TC ) → R(v) = 1
Else → R(v) = 0
End
End,
where TE and TC were determined experimentally. The ﬁrst
If statement indicates that a MV is valid if the normalized
SAD is small, and the second If statement indicates that a
MV is valid if it is similar to neighboring MVs. More details
can be found in [10]. The Corr and Smooth terms were given
as follows:


I1 (x) − I0 (x + v)
Corr(x, x + v) =
Smooth(v) =

x∈B

+




I1 (x)

(5)

x∈B

a(v̂ · v̂k ),

(6)

k∈V8

k∈V4

where v is the current MV and x is the position in a
block B of pixels. In (1), the correlation and smoothness
values are calculated for all of the MVs in a four-connected
neighborhood, V4 . The Corr and Smooth terms are given as

Corr(x, x + v) ≈
[I1 (x) − I0 (x + v)]2
(2)
(3)

where a(v̂ · v̂k ) is an indicator function for the dot product
of unit vectors v̂ and v̂k , and  is a small scalar to prevent
division by zero. The neighborhood size was increased from
V4 to V8 , which includes horizontal, vertical, and diagonal
neighbors. The indicator function was given as

1 v̂ · v̂k > TS
,
(7)
a(v̂ · v̂k ) =
0 otherwise

where I1 and I0 are the current and previous images, respectively.
The Smooth term in (3) assumes that a true MV must be
similar to at least one of its neighboring MVs in order to be
valid. However, as shown in Fig. 1, this assumption fails in
the event of a rotation or scaling, where the neighboring MVs
are signiﬁcantly different from the center MV.

and the threshold TS was determined experimentally.
Aside from the difﬁculty in setting thresholds, this metric
also assumes that a MV is valid if the Corr term is below a
given threshold, which fails for uniform regions. In addition,
the Smooth term in (6) is not a useful measure of validity
for motion such as rotation and scaling, which was shown in
Fig. 1.

x∈B



2
Smooth(v) ≈ min v − vk   0 < k ≤ 4 ,
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B. Gradient/Variance-Based Validity
The two metrics in this section rely on block texture in
addition to a correlation metric (SAD or square displaced
frame difference (DFD)). While the SAD or square DFD
rely on the intensity differences among pixels in a block,
the texture of a block provides a characterization of more
intuitive qualities such as coarseness, contrast, directionality,
line-likeness, and roughness [11]. In the context of validity,
properly discerned texture provides an additional discriminator
for determining if image blocks are a good match.
1) Gradient Metric: François et al. calculated a conﬁdence
value for a given direction which depends on the spatial
gradient in that direction and on the DFD [12]. The spatial
gradient, which is commonly approximated using a Sobel
operator, is a computationally inexpensive measure of texture.
In the work of [12], the validity was given separately for the
x− and y−directions. The validity for the x-direction was
given as
Rx (v) =

1
.
1 + Corr(x, x + v)
1+
2 T extx (x)

(8)

In (8), the Corr term is the same as that given in (2), and the
T ext term was given as follows:

T extx (x) =
G2x (x),
(9)
x∈B

where Gx (x) is the gradient in the x-direction for each
position x within block B. Similarly, Ry (v) can be found
by replacing x with y in (8) and (9). However, since a single
conﬁdence value for each MV is desired, we make a slight
modiﬁcation to the metric of François et al. by bounding the
validity such that
R(vi ) = min(Rx (v), Ry (v)).

(10)

Therefore, the validity of any given MV will be bounded by
the least valid component of the MV.
The expression given in (8) implies that a large conﬁdence
value should be assigned to a MV that has a large gradient
and small DFD. However, this is not true around edges, where
the DFD may be small and the gradient may be large. As
an example, consider the two images with a vertical edge as
shown in Fig 2. In Fig 2, the DFD will be small for all of the
multiple block matches in Fig 2(a), and the block in Fig 2(b)
contains an edge (and hence large gradient). Therefore, this
metric will assign a high conﬁdence value to a block with an

edge, even if the block has multiple matches in the adjacent
image. This violates the validity assumption, i.e., a block with
multiple matches should be marked as invalid.
2) Variance Metric: Patti et al. introduced a variancebased validity metric in the context of de-interlacing [13]. An
adaptive threshold-based metric was used that assumes regions
of low local variance should have a low SAD threshold value,
whereas regions of high local variance should have a high
SAD threshold value.
The entire process is shown in Fig. 3. Starting from the image pair {I1 , I0 }, the standard deviation is estimated for each
pixel in image I1 , which produces the standard deviation (SD)
image. To remove high SD values, the SD image is quantized
into four classes using the k-means algorithm [14]. Next, a set
of predetermined image thresholds are assigned to each of the
four classes. The validity map is determined by comparing the
SAD value to the standard deviation thresholded value. If the
SAD value is below its corresponding deviation threshold, the
MV is labeled as valid. Otherwise, the MV is labeled invalid.
The main difﬁculty with the process shown in Fig. 3 is
the determination of the ‘Input Thresholds’. These thresholds
were determined experimentally in [13], and were shown to
be sensitive to image content. In the results of [13], it was
demonstrated that this metric fails around stationary edges in
the image.
C. Proposed Validity Metric
A block-overlap-based validity metric is proposed to overcome the weaknesses of the metrics in sections II-A and II-B,
where it was shown that the validity was sensitive to neighboring MVs, image features, or thresholds.
The motivation behind using block overlap as a validity
metric can be understood if we consider that between two sets
of images whose motion is to be determined, the MVs should
map each pixel in the reference image to a unique position
in the adjacent image. In images where there is occlusion,
scaling, or other types of complex motion, there will not be a
unique pixel mapping between images. These types of motion
will produce areas of block overlap in the motion-compensated
image, and we wish to penalize such overlaps (and hence
MVs). It should be noted that the block overlap metric will
be constrained by the minimum block size since every pixel
within a given block is assumed to have the same MV.
To develop our block overlap approach, we begin by considering a pair of images whose motion we wish to estimate.
Let the current image I1 be divided into a grid of square
blocks of size BS , and let the grid of the adjacent image I0
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Fig. 4.

Blocks of current image I1 and MC blocks in adjacent image I0 .

Fig. 5.

Block mappings for real images.

(a) Current/Adjacent Images and corresponding MVs.

(b) Pixels with R(v) < 0.5 for different validity metrics.
Fig. 6.

be determined by the MC blocks, as shown in Fig. 4. The
position of a block in I1 is denoted as x and the position of
the MC block in I0 as y = x + v, where v is the MV. To
simplify the analysis, we assume a square grid; however, the
analysis also holds for non-square grids.
In the ideal case, there exists an injective function f : I1 →
I0 such that each block in I1 is mapped to a unique block in
I0 . However, for real images with various motion types, the
process of mapping blocks from I1 to I0 is non-surjective, i.e.,
blocks in I1 may be mapped to same block position in I0 , and
the whole of I0 is not necessarily ﬁlled. An example of the
block mapping for real images is given in Fig. 5. As shown
in Fig. 5, the mapped MC blocks for real images may overlap
each other to different degrees. We wish to characterize the
degree of overlap as the uncertainty in the motion estimation
decision, i.e., the validity of a given MV will depend on the
amount to which its MC block overlaps with other MC blocks.
We now derive the proposed validity metric. An MC block
at position y will cover an area of BS2 in I0 if no overlap
occurs. However, when blocks in I0 overlap, a volume (perhaps nonuniform) is generated, which we denote as Lx (y), the
overlap at position y mapped from position x. The degree of
BS2
,
overlap for the block at position y is given by the ratio
Lx (y)
where a large ratio indicates less/no overlap and therefore a
higher conﬁdence in MV v. Note that the minimum value of
Lx (y) is BS2 since a MC block will cover an area of BS2 even
if there is no overlap with other MC blocks.
However, in some cases the block at position y does not
generate a large degree of overlap in I0 even though the block
has a large SAD value. Therefore, it is necessary to weight
the degree of overlap by the SAD value. The validity metric
for MV v is given as
R(v) =

BS2
SAD(x, y)
1+
μ

,
Lx (y)

(11)

Image Pair, MVs, and invalid pixels for “Army” sequence.

where SAD(x, y) is the SAD between blocks x and y, and
μ is the mean of the SAD value over all MVs. The mean
μ is included to make the validity metric more robust to
brightness variations between images. Equation (11) states
that a MV (and hence MC block) which does not produce
any overlap in I0 and has a small SAD value will result in
a large conﬁdence value. The algorithm used to determine
Lx (y) is given in Algorithm 1, where yi and yj represent the
vertical and horizontal positions of the block at position y,
respectively.
Algorithm 1 : Calculate volume for each Lx (y)
For all blocks in I1 , set y = x + v
for k = yi , k < yi + BS , k ++ do
for l = yj , l < yj + BS , l ++ do
k
+= 1
l
end for
end for
Lx

We demonstrate the strength of the proposed validity metric
using an image pair from [1] (top left/bottom left) and the
corresponding MV ﬁeld (right), as shown in Fig 6(a). The
images in Fig. 6(b) show the MVs in I1 with low conﬁdence
values (R(v) < 0.5) for the different validity metrics. The
values of R(v) were normalized to fall between 0 and 1, where
R(v) = 1 indicates the highest conﬁdence in the validity of
a MV. For the smoothness-based metric of Liu, we used the
thresholds given in [10], i.e., TE = 0.05, TC = 5, and TS =
0.9. The four k-means thresholds of (20, 14, 12, and 4) given
in [13] were used for the variance-based method.
The smoothness-based metric of Wang (top left image of
Fig. 6(b)) penalizes the minimum MV deviation, which can
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Hybrid de-interlacing algorithm of [9].

be seen to mark valid MVs on the rotating disk as invalid.
The smoothness-based metric of Liu (top right) shows an
improvement for the MVs on the rotating disk, but it does not
detect the occlusion for the blue surface to the left of the disk,
where there is a covering of the background. The gradientbased (bottom left) and variance-based (bottom right) metrics
also do a poor job of classifying MVs as valid or invalid. The
proposed block overlap metric (far right), however, correctly
detects occlusion and invalid MVs surrounding the disk.
D. Validity Metric Comparison using Hybrid De-Interlacing
To quantitatively compare our validity metric with the
metrics introduced in the previous sections, we implemented
the hybrid de-interlacing algorithm of [9]. The algorithm
discussed in [9] chooses between two types of de-interlacers
based on the validity of MVs. The ﬁrst de-interlacer is based
on the generalized sampling theorem (GST) [15][16], which is
theoretically the optimal method for generating a de-interlaced
image. However, this method is very sensitive to MV errors
and often produces artifacts in the de-interlaced image. The
second de-interlacer is based on the vertical-temporal ﬁlter
with motion compensation (MC V-T ﬁlter) [16], which is very
robust to MV errors. Although this method is less prone to
generating artifacts, it produces lower resolution de-interlaced
images than those of the GST de-interlacer.
The choice between the two de-interlacing methods is made
based on the MV conﬁdence value, which is illustrated in
Fig. 7. The conﬁdence value is used to weight pixels of both
image G(x) and F (x) in order to produce the ﬁnal progressive
image, H(x).
Using the algorithm shown in Fig. 7, the proposed validity
metric was quantitatively compared with the four other validity
metrics. The MVs were estimated to quarter-pixel accuracy
using a hierarchical block matching algorithm, and a 3x3 block
size was used for all validity metrics in accordance with the
details given in the papers. The 3x3 block size was applied
as the ﬁnal block size for the highest-resolution level of the
hierarchy.
Interlaced test sequences were created from the following
ﬁve progressive video sequences: Flower Garden (CIF, 30 fps),
Football (CIF, 30 fps), Foreman (CIF, 30 fps), Mobile Calendar
(CIF, 30 fps), and Suzie (QCIF, 30 fps). To avoid aliasing, local
pixel averaging was used to generate the interlaced images

Flower Garden

Football

Foreman

Mobile Calendar

Suzie

Fig. 8. Average PSNRs of hybrid results for different validity metrics. To
visualize the results more easily: the top to bottom ordering in the legend
matches the left to right ordering of the bars for each sequence.

from the original progressive images. The PSNR of the deinterlaced image was calculated with respect to the original
progressive image for all frames of the ﬁve sequences. The
PSNR (H(x) in Fig. 7) of each sequence for the different
validity metrics is shown in Fig. 8. It can be seen that the
proposed validity metric outperforms the four other validity
metrics for all of the video sequences. The smoothness-based
metrics performed similarly, and the gradient-based metric
only provided a slight improvement over the smoothnessbased metrics. The variance-based metric was a signiﬁcant
improvement; however, when averaged over all of the video
sequences, the proposed metric provided an additional 1.4 dB
of improvement over the variance-based metric.
The superior performance of the proposed validity metric
can be explained by its ability to quantify the MV validity independently of the image content or the behavior of
neighboring MVs. The performance of the hybrid de-interlacer
also beneﬁts from the more conservative nature of our block
overlap validity metric. For example, it may be the case that
two blocks are mapped to the same position in the motioncompensated image although only one block is mapped correctly. With our block overlap validity metric, the MVs of
both blocks will be penalized, and depending on the amount
of overlap and SAD error, the pixels from these blocks will be
combined using the more conservative MC V-T de-interlacer.
Although the hybrid de-interlacer introduced in this section was shown to outperform the GST and MC V-T ﬁlter
in [9], it should be noted that hybrid de-interlacers suffer
from high-computational complexity. In addition, switching
between different de-interlacers may produce blur in the deinterlaced image. The interested reader is referred to [17] for
more background on de-interlacing methods.
III. E NERGY M INIMIZATION FOR M OTION E STIMATION
As discussed in section I, the ill-posed nature of motion
estimation requires the use of regularization to reduce the
number of possible solutions. In low-complexity motion estimation algorithms, regularization is performed through explicit
smoothness constraints. With the addition of smoothness constraints, the motion estimation problem becomes an energy
minimization problem, and it is necessary to choose the
optimal MV among several MV candidates. However, as we
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discuss in this section, the energy minimization functional is
not strictly convex, i.e., there may be MVs which produce the
same minimum energy. Therefore, we wish to introduce the
MV validity metric from the previous section into the energy
minimization framework to further constrain the number of
solutions.
Fig. 9.

A. Problem Formulation
The motion estimation problem can be formulated as the
following energy minimization problem:
E = min {D(I0 , I1 , vi ) + λR(vi )} ,
i

(12)

where D(I0 , I1 , vi ) is a data term that measures the similarity
of blocks in images I0 and I1 for a given MV vi , R(vi )
is a regularization term which penalizes deviations in the
smoothness of the motion ﬁeld, and the Lagrange multiplier
λ is used to weight the regularization term over the data term.
The derivation of (12) can be found in [18]. The goal of the
motion estimation problem is to choose a MV vi such that the
energy in (12) is minimized.
B. Data Term
The majority of the block matching methods in the literature
use the SAD error metric for the data term in (12) because
of its robustness and low-complexity [19]. The SAD error is
given as follows:

D(I0 , I1 , vi ) =
|I0 (x) − I1 (x + vi )| ,
(13)
x∈B

where x is the pixel position in a block B of pixels.
C. Regularization Term
Robust potential functions such as the 1 and 2 norms [20]
are often used for the regularization term [5][6]. In the work
of [5], Bartels and de Haan analyzed several different potential
functions and candidate sets. A candidate set refers to the
spatial and/or temporal MVs of neighboring blocks. Bartels
and de Haan found that quality of the motion ﬁeld was not
highly sensitive to the number of MVs in the candidate set. In
contrast to the work of [5][21] and others, we do not assume
that temporal MVs are available in previous frames (e.g., the
ﬁrst two frames of a video sequence). Instead, we focus only
on the spatial MVs available in the current frame. It should be
noted that the quality of future temporal MVs will depend on
the quality of the initial MVs determined from the ﬁrst two
frames of the video sequence.
In a previous work by the authors, we found that using eight
spatial candidates provided the best quality motion ﬁeld [18].
An example candidate set of eight-connected spatial MVs is
shown in Fig. 9, where C5 is the current MV and the spatial
MVs are the eight-connected neighbors. Similar to the work
of [5], we chose the optimal potential function as follows:

vi − vj 1 ,
(14)
R(vi ) =
j∈C

s

Candidate set of eight-connected spatial MVs.

where vi and vj are spatial MVs in candidate set C s and vi =
vj .
In order to use eight spatial candidates in R(vi ), it is ﬁrst
necessary to determine all of the MVs for the current frame
by minimizing the SAD only. While this incurs additional
overhead, it is only necessary for the ﬁrst pair of frames
in a video sequence since additional frame pairs can take
advantage of temporal MVs. The initial MVs are determined
by minimizing the data term in (13).
D. Lagrange Multiplier
The Lagrange multiplier λ in (12) should be chosen to
weight the regularization term over the data term. Choosing
a larger value of λ speeds up the convergence of the MVs;
however, a large value of lambda will oversmooth the motion
ﬁeld. To overcome this, we initialized λ to a small value
(λ = 34 block size) and increased its value in proportion to
the iteration number of (12), e.g., for the second and third
iterations, the value of λ is multiplied by two and three,
respectively. We show the effect of the initial λ value on the
quality of the motion ﬁeld in Fig. 10. For the results on the
eight Middlebury [1] image sequences shown in Fig. 10, we
iterated (12) until the MVs converged (three iterations). With
an initial block size of 32x32, a λ value of 24 ( 34 × 32) can
be seen to minimize the endpoint error in Fig. 10, where the
endpoint error is given as

(15)
EE = (u − uGT )2 + (v − vGT )2 .
In (15), (u, v) is the computed MV and (uGT , vGT ) is the
ground-truth MV provided from the Middlebury database.
E. Shortcomings of previous work
As previously discussed, there will not necessarily be a
unique minimum for a given MV since neither of the terms
in (12) is strictly convex. Therefore, it is necessary to choose
between MVs which produce the same overall energy. Without
an explicit way to discriminate between MVs that produce
the same overall energy, the chosen MV will depend on the
order in which the spatial candidates C s are tested in (12).
Fortunately, as we will show in section IV, a block overlap
regularizer helps to choose the optimal MV in such cases.
IV. B LOCK OVERLAP MINIMIZATION FRAMEWORK
Block overlap introduces an additional error metric for
determining which MV minimizes the overall energy. We
modify the energy expression of (12) as follows:
E = min {D(I0 , I1 , vi ) + λR(vi ) + O(I0 , I1 , vi )} ,
i

(16)
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Endpoint error for different values of λ. The eight sequences shown were taken from the Middlebury [1] database.

where O(I0 , I1 , vi ) represents the overlap regularizer for the
MC block in I0 given by vi . Similar to the overlap-based
validity metric in section II-C, the overlap regularizer is given
as
Lx (y)
O(I0 , I1 , vi ) = (1 + D(I0 , I1 , vi ))
,
(17)
BS2
where Lx (y) is the volume given in Algorithm 1 and BS is the
x (y)
block size. In (17), the overlap volume LB
is multiplied by
2
S
the data term D(I0 , I1 , vi ), which allows the overlap volume
to contribute more to the energy for large SAD values and less
for small SAD values. We add the constant ’1’ to the data term
so that the overlap volume still contributes to the energy when
the SAD is zero, which improves the performance in uniform
regions.
Using the SAD in (13), the smoothness constraints of (14),
and the overlap regularizer (17), the energy expression of (16)
can be rewritten as



|I0 (x) − I1 (x + vi )| + λ
vi − vj 1 +
E = min
i



x∈B

1+

j∈C




|I0 (x) − I1 (x + vi )|

x∈B

s


Lx (x + vi )
.
BS2
(18)

We re-write (18) in a more compact form by adding the
constant ‘1’ to the overall expression inside the brackets
of (18), which does not affect the minimization. The new,
compact expression is given as



E = min
|I0 (x) − I1 (x + vi )| + 1 ×
i

x∈B


Lx (x + vi )
+1 +λ
vi − vj 1
2
BS
s
j∈C


.
(19)

(a) MC blocks using energy of (19). (b) MC blocks using energy of (12).
Fig. 11.
Visual comparison of MC blocks for overlap and non-overlap
versions of energy equation.

In the next two sections, we demonstrate some of the
advantages of the new energy minimization framework of (16)
compared to the framework of (12).
A. Uniform Block Distribution in Textureless Regions
One of the advantages of the overlap regularizer is that
it provides a more uniform distribution of blocks in regions
with little texture (smooth regions). In general, smooth regions
will have multiple minima, and without the block overlap
regularizer, the value of λ should be large to force the MVs to
converge. However, without knowing the segmentation of the
objects in the image, a large value of λ will also oversmooth
the MVs in other regions.
If any two MVs have the same combined SAD and smoothness, the overlap regularizer in (19) will choose the MV (and
hence MC block) which results in the least amount of overlap.
As shown in Fig. 11, the new energy framework of (19)
provides a more uniform distribution of blocks for the smooth
regions than the energy framework of (12).
B. Reduced Sensitivity to Block Size
Another advantage of the overlap regularizer is reduced
sensitivity to different block sizes. The reduced sensitivity
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is closely related to the distribution of blocks; the overlap
regularizer attempts to keep the distribution of blocks uniform regardless of block size. To demonstrate the reduced
sensitivity, we chose the “Grove 2” image sequence from the
Middlebury database [1] and varied the block size for the
energy minimization frameworks of (19) and (12). The change
in MV error for different block sizes is shown in Fig. 12. In
Fig. 12, the block sizes are given on the x-axis for a four-level
hierarchy, where the top left block size is for the highestresolution level of the hierarchy, and the bottom right block
size is for the lowest-resolution level. The endpoint error was
given in (15).
C. Progression of Algorithm
The progression of the algorithm used to minimize the
energy of (19) is given in Algorithm 2. The block diagram
Algorithm 2 : Proposed Motion Estimation Algorithm
Form image hierarchy and begin at lowest-resolution level.
For all blocks in image I1 , ﬁnd the corresponding blocks
in image I0 with the lowest SAD error.
3: Using the MVs from Line 2, ﬁnd the MV with the
minimum energy by applying (19).
4: Iterate Line 3 until MVs converge, reduce the block size,
and repeat until block size is 1x1.
5: Pass converged MVs to next level of hierarchy and return
to Line 2. Repeat until highest-resolution level of hierarchy is reached.
1:
2:

for the steps in Algorithm 2 is given in Fig. 13.
V. R ESULTS
In all the results that follow, we used a four-level hierarchy
and the algorithm given in Algorithm 2 to obtain quarter-pixel
MVs. For images with a VGA resolution, the run time of our
method is approximately two seconds using unoptimized code.
R Core i7 875K
The experiments were carried out on an Intel
with 12 GB RAM using only a single execution thread.
We demonstrate the effectiveness of the new energy minimization framework using the eight ground truth test sequences from Middlebury University [1]. In Table I, we show

No

Reduce Block
Size

Fig. 13. Block diagram showing progression of motion estimation algorithm.
TABLE I
I MPROVEMENT OF NEW ENERGY MINIMIZATION (19) OVER (12).

Sequence

Endpoint
Error for
(19)

Endpoint
Error for
(12)

Improv. in
dB

Dimetrodon

0.215

0.215

0.00 dB

Grove 2

0.202

0.254

0.98 dB

Grove 3

0.618

0.683

0.43 dB

Hydrangea

0.230

0.230

0.00 dB

Rubber Whale

0.161

0.161

0.00 dB

Urban 2

0.418

0.472

0.53 dB

Urban 3

0.662

0.897

1.32 dB

Venus

0.315

0.330

0.20 dB

comparisons of endpoint error for the MVs of (19) and (12).
As shown in Table I, the new energy minimization framework
results in an improvement of 0.43 dB when averaged over
all of the sequences. For the sequences in Table I where no
improvement was reported, the energy framework of (12) does
a sufﬁcient job of minimizing the block overlap through the
use of the SAD and smoothness constraints, i.e., it is not
necessary to incorporate an overlap regularizer. For the “Grove
2” sequence, the large improvement can be attributed to the
ability of the overlap regularizer to reduce errors around the
occluded edges of the leaves. The large improvement for the
“Urban 3” sequence is a result of the improvement in MVs
around the edges of the image; the overlap regularizer prevents
a large overlap of MC blocks at the edges. For a small region
from the “Grove 2” sequence, we show the visual improvement of (19) over that of (12) using the motion-compensated
frames in Fig. 14(a) and Fig. 14(b), respectively. In Fig. 14,
improvements generated by (19) can be seen in the top half
of the images near the left edges of the leaves (indicated by
red ellipses). Similar improvements throughout the “Grove 2”
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(a) Section of MC frame using (19). (b) Section of MC frame using (12).
Fig. 14.

Visual comparison of MC frames for “Grove 2” sequence.

sequence are responsible for the large improvement reported
in Table I.
In addition to the results shown in Table I, we also submitted
our results to the Middlebury online benchmark for comparison with other motion estimation algorithms. The image
database (without ground truth MVs) provided by Middlebury
University contains 12 sets of two-frame images at resolutions
of 640x480, 584x388, 420x360, and 316x252. The online
benchmark results are shown in Fig. 15 and Fig. 16.
All of the algorithms shown in Fig. 15 and Fig. 16 are
based on optical ﬂow, with the exception of “Adaptive Flow
[47],” which is based on block matching. The optical-ﬂowbased algorithms try to infer a low-level segmentation of
the image through complex regularizers or explicit image
segmentation. However, these algorithms generally have high
computational complexity and perform poorly for regions with
small structures. In contrast, the results in Fig. 15 and Fig. 16
show that our algorithm is capable of outperforming several
optical-ﬂow-based without the need for complex regularization
or segmentation, and it does so while keeping computational
complexity low.
The rankings in Fig. 15 and Fig. 16 show how our algorithm
performs in terms of endpoint and interpolation error, respectively. For the interpolation error, our algorithm outperforms
all other block-based methods as well as optical-ﬂow-based
methods with long run times, and it produces the smallest
interpolation error for the “Evergreen” sequence compared to
all 67 algorithms currently in the database. At the time of this
writing, our algorithm has one of the fastest run-times on the
“Urban” sequence.
VI. C ONCLUSION AND F UTURE W ORKS
The motion validity and estimation framework proposed in
this paper uses a block-overlap-based validity metric to assign
conﬁdence values to each MV and improve the quality of the
motion ﬁeld. In section II, it was shown that the proposed
validity metric does not depend on neighboring MVs, image
features, or manual thresholds, and it outperforms other blockbased validity metrics in the literature. In addition, as shown
in section II-D, the proposed validity metric consistently
produces de-interlaced images with higher PSNR than other
metrics.
In addition to characterizing the conﬁdence of MVs, the
proposed validity metric was also used as an additional regularizer in the energy function. By introducing the blockoverlap-based regularizer, we were able to provide a more

uniform distribution of blocks, reduce the dependence on block
size, and improve the quality of the motion ﬁeld in terms
of endpoint error. The published results for the Middlebury
sequences in section V show that our method performs well
compared to other state-of-the-art methods in the literature,
and it is well-suited for applications which require a real-time
approach.
In future works, we wish to address the potential application
of the proposed method in video compression systems. In
video compression applications, the degradation due to inaccurate MVs is not as signiﬁcant as for applications such as MC
frame interpolation. The interpolation error results from the
Middlebury benchmark shown in section V indicate that the
proposed method performs similarly to the best optical-ﬂowbased methods, and outperforms all of the algorithms for the
“Evergreen” sequence. More research is needed to determine
how these small differences in interpolation error relate to
video compression efﬁciency and quality.
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