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ABSTRACT
This paper presents a block-overlap-based validity metric in
the context of hybrid de-interlacing. The proposed metric
uses the degree of motion-compensated block overlap as a
measure of motion vector (MV) validity. In contrast to other
validity methods in the literature, the proposed method is not
sensitive to image features and does not require the use of
neighboring MVs or manual thresholds. To perform hybrid
de-interlacing, the confidence value for each MV is used
to weigh the contribution from two de-interlacing methods.
Experimental results show that the de-interlaced images produced with the proposed method are of significant higher
quality than those produced by existing validity methods.
Index Terms— Motion Vector Validity, Reliability, Deinterlacing, True Motion
1. INTRODUCTION
Accurate motion estimation is a defining factor for applications such as de-interlacing, frame-rate conversion, and superresolution. In such applications, it is necessary that the estimated motion represent the true motion of objects. However, motion estimation is an ill-posed problem, and even the
most sophisticated algorithms fail in the presence of complex
motion and occlusion. In many cases, these failures may result in objectionable artifacts in the desired result. To prevent
such artifacts, any robust motion estimation algorithm should
assign a confidence value to each motion estimate (vector)
based on its validity. In this paper, we introduce a novel validity method that assigns confidence values to each MV without
requiring neighboring MVs or the use of thresholds which are
sensitive to image features.
Many of the validity metrics in the literature use the Sum
of Absolute Deviations (SAD) as a first step. While it is
known that a block with a large SAD value is generally not
valid, smaller SAD values may or may not represent valid
MVs. For example, the SAD value in a uniform region will
always be small regardless of the MV. Therefore, the SAD is
often supplemented by MV smoothness, local variance, or image gradients [1][2][3][4]. However, all of these methods suffer from metrics which are sensitive to image features. In addition, several methods require user-defined thresholds which
do not hold across a wide array of images [4][5][6]. Therefore, to eliminate image dependence and to make the estimation more robust, we propose a novel validity metric based on
the overlap of motion-compensated (MC) blocks.
In the next sections, we present our validity metric and

show its advantages over other methods in the literature. In
section 2, we provide a brief overview of existing validity
methods and their shortcomings. Next, we develop our block
overlap method in section 3. To show that our method outperforms existing methods, we use a hybrid de-interlacing
method, which is discussed in section 4. Experimental results are shown in section 5, and the conclusions of the paper
are presented in section 6.
2. OVERVIEW OF VALIDITY METHODS
We divide existing validity methods into two categories. The
first category contains methods that use a block correlation
metric and smoothness of neighboring MVs, which we refer
to as “Smoothness-Based Validity.” The second category contains methods that use a block correlation metric and either
block gradient or block variance, i.e., “Gradient/VarianceBased Validity.”
2.1. Smoothness-Based Validity
2.1.1. Smoothness Method 1
Wang et al. introduced smoothness-based validity in the context of de-interlacing [1]. 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) ≈ X 
,
Corr(x, x + vk ) + Smooth(vk )

(1)

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 were given as
X
Corr(x, x + v) ≈
[yk (x) − yk−1 (x + v)]2
(2)
x∈B

n
o
2
Smooth(v) ≈ min kv − vk k 0 < k ≤ 4 ,

(3)

where yk and yk−1 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, where the neighboring MVs are
significantly different from the center MV.

In (7), the Corr term is the same that given in (2), and the
T ext term is given as follows:
T extx (x) =

X

G2x (x),

(8)

x∈B

Fig. 1: MVs for rotation.

2.1.2. Smoothness Method 2
A similar smoothness-based validity method was introduced
by Liu and Shen in the context of super-resolution [2]. 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 the normalized SAD and smoothness to
classify a MV as valid or invalid. More details can be found
in [2]. The Corr and Smooth terms were given as follows:
X
yk (x) − yk−1 (x + v)
Corr(x, x + v) =

x∈B

+

X

(4)
yk (x)

x∈B

Smooth(v) =

X

a(v̂ · v̂k ),

(5)

k∈V8

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
a(v̂ · v̂k ) =
,
(6)
0 otherwise

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 (7) and (8). In section 4, we desire a
single confidence value for each MV. Therefore, we make a
slight modification to the method of François et al. by bounding the validity such that
R(vi ) = min(Rx (v), Ry (v)).

(9)

Therefore, the validity of any given MV will be bounded by
the least valid component of the MV.
The expression given in (7) 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. Perhaps
even more limiting, however, is the difficulty associated with
calculating gradients [8].
2.2.2. Variance Method
Patti et al. introduced a variance-based validity method in the
context of de-interlacing [4]. An adaptive threshold-based
method was used which assumes that 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. 2. Starting from the

and the threshold TS was determined experimentally.
Aside from the difficulty in setting thresholds, this method
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 (5) is not a useful measure of validity for
motion such as rotation, which was shown in Fig. 1.
2.2. Gradient/Variance-Based Validity
The methods in this section rely on block texture in addition
to a correlation metric (SAD or square displaced frame difference (DFD)). The texture of a block provides a characterization of more intuitive qualities such as coarseness, contrast,
directionality, line-likeness, and roughness [7].
2.2.1. Gradient Method
François et al. calculated a confidence value for a given direction which depends on the spatial gradient in that direction
and on the DFD [3]. The validity for the x-direction was given
as
1
.
(7)
Rx (v) =
1 + Corr(x, x + v)
1+
2 T extx (x)

Fig. 2: Generation of validity map for method of [4].

image pair {yk , yk−1 }, the standard deviation is estimated for
each pixel in image yk , 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 [9].
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. 2 is
the determination of the ‘Input Thresholds’. These thresholds
were determined experimentally in [4], and were shown to be
sensitive to image content.

3. BLOCK-OVERLAP-BASED VALIDITY

A block-overlap-based validity method is proposed to overcome the weaknesses of the methods in section 2, where it
was shown that the validity was sensitive to neighboring MVs,
image features, and thresholds.
To motivate our block overlap approach, we begin by considering a pair of images whose motion we wish to estimate.
Let the current image Y be divided into a grid of square
blocks of size BS , and let the grid of the adjacent image Z
be determined by the MC blocks, as shown in Fig. 3. The position of a block in Y is denoted as y and the position of the
MC block in Z as z = y + v, where v is the MV. To simplify

is given as
R(v) = 

BS2

,
SAD(y, y + v)
Lz (y + v)
1+
µ

(10)

where SAD(y, y + v) is the SAD between blocks y and z,
and µ is the mean of the SAD value over all MVs. The mean
µ is included to make the validity expression more robust to
brightness variations between images. Equation (10) states
that a MV (and hence MC block) which does not produce any
overlap in Z and has a small SAD value will result in a large
confidence value. The algorithm used to determine Lz (y +v)
is given in Algorithm 1, where zi and zj represent the vertical
and horizontal position of block z, respectively.
Algorithm 1 : Calculate volume for each Lz (y + v)

Fig. 3: Grids of Z and Y.

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 :
Y 7→ Z such that each block in Y is mapped to a unique
block in Z. However, for real images with various motion
types, the process of mapping blocks from Y to Z is nonsurjective, i.e., blocks in Y may be mapped to same block
position in Z, and the whole of Z is not necessarily filled.
An example of the block mapping for real images is shown in
Fig. 4. As shown in Fig. 4, the mapped MC blocks for real

For all blocks in Y, set z = y + v
for k = zi , k < zi + BS , k ++ do
for l = zj , l < zj + BS , l ++ do
Lz (k, l) + = 1
The major strength of the overlap-based method is that
the validity metric is directly related to the motion estimation error. We demonstrate the strength of our approach using
two images from [10] (top left/bottom left) and their MV field
(right), as shown in Fig 5a.

(a) Images and MVs.

(b) Invalid regions - validity methods.

Fig. 5: Images, MVs, and invalid regions for “Army” sequence.

Fig. 4: Block mappings for real images.

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 any given MV
will depend on the amount to which its MC block overlaps
with other MC blocks.
We now derive the validity estimator for our method. An
MC block z will cover an area of BS2 in Z if no overlap occurs. However, when blocks in Z overlap, a volume (perhaps
nonuniform) is generated, which we denote as Lz (y+v). The
BS2
degree of overlap for block z is given by the ratio
,
Ly (y + v)
where a large ratio indicates less/no overlap and therefore a
higher confidence in MV v.
However, in some cases the block in z does not generate a
large degree of overlap in Z 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 expression for MV v

The images in Fig. 5b show the MV locations with
low confidence values for different validity methods. The
smoothness-based method of Wang (top left image of Fig. 5b)
penalizes the minimum MV deviation, which can be seen
to mark valid MVs on the rotating disk as invalid. The
smoothness-based method of Liu (top right of Fig. 5b) 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. The gradient-based (bottom left of Fig. 5b) and
variance-based (bottom right of Fig. 5b) methods also do a
poor job of classifying MVs as valid or invalid. The block
overlap method (far right of Fig. 5b), however, correctly
detects occlusion and invalid MVs surrounding the disk.
4. HYBRID DE-INTERLACING
To compare our validity method with the methods introduced
in section 2, we implemented the hybrid de-interlacing algorithm of [1]. The algorithm discussed in [1] 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) [11][12], which is theoretically the op-

timal 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) [12], 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. 6. 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).

Fig. 6: Hybrid de-interlacing algorithm of [1].

5. RESULTS
Using the hybrid de-interlacing algorithm of section 4, the
proposed validity method was quantitatively compared with
the four validity methods introduced in section 2. The MVs
were estimated to quarter-pel accuracy using an iterative hierarchical block matching approach with regularization. In
order to be consistent with the methods of section 2, a 3x3
block size was used for all validity comparisons.
Interlaced sequences were created from the following
five progressive video sequences: Flower Garden, Football,
Foreman, Mobile Calendar, and Suzie. To avoid aliasing,
simple local pixel averaging was used to generate the interlaced images from the original progressive images. The
PSNR of the de-interlaced image was calculated with respect
to the original progressive image for all frames of the five sequences. The PSNR (H(x) in Fig. 6) of each sequence for the
different validity methods is shown in Fig. 7. It can be seen
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Fig. 7: Average PSNRs of hybrid results for different validity methods.

that our method outperforms the other four validity methods
for all of the video sequences. The smoothness-based methods performed similarly, and the gradient-based method only
provided a slight improvement over the smoothness-based
methods. The variance-based method was a significant improvement; however, when averaged over all of the video
sequences, our method provided an additional 1.4 dB of
improvement over the variance-based method.
6. CONCLUSION
The block-overlap-based validity approach proposed in this
paper uses the block overlap of MC blocks to assign confidence values to each MV. Our method, which eliminates
the dependence on neighboring blocks, image features, and
thresholds, outperforms the four other validity methods discussed in section 2. It was shown in section 5 that the proposed validity method consistently produces de-interlaced
images with higher PSNR than other methods in the literature.
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