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Abstract

In this thesis, we study three different image interpolation applications in high definition

(HD) video processing: video de-interlacing, frame rate up-conversion, and view interpo-

lation. We propose novel methods for these applications which are based on the concept of

Nonlocal-Means (NL-Means).

In the first part of this thesis, we introduce a new de-interlacing method which uses

NL-Means algorithm. In this method, every interpolated pixel is set to a weighted average

of its neighboring pixels in the current, previous, and the next frames. Weights of the pix-

els used in this filtering are calculated according to the radiometric distance between the

surrounding areas of the pixel being interpolated and the neighboring pixels. One of the

main challenges of the NL-Means is finding a suitable size for the neighborhoods (similar-

ity window) that we want to find radiometric distance for them. We address this problem

by using a steering kernel in our distance function to adapt the effective size of similarity

window to the local information of the image. In order to calculate the weights of the filter,

we need to have an estimate of the progressive frames. Therefore, we introduce a low-

computational initial de-interlacing method. This method interpolates the missing pixel

along a direction based on two criteria of having minimum variation and being used by

the above or below pixels. This method preserves the edge structures and yields superior

visual quality compared to the simple edge-based line-averaging and many other simple
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de-interlacing methods.

The second part of this thesis is devoted to the frame rate up-conversion application.

Our frame rate up-conversion method is based on two main steps: NL-Means and fore-

ground/background segmentation. In this method, for every pixel being interpolated first

we check whether it belongs to the background or foreground. If the pixel belongs to the

background and the values of the next and previous frames’ pixels are the same, we simply

set the pixel intensity to the intensity of its location in the previous or next frame. If the

pixel belongs to the foreground, we use NL-Means based interpolation for it. We adjust the

equations of the NL-means for frame rate up-conversion so that we do not need to have the

neighborhoods of the intermediate for calculating the weights of the filter. The comparison

of our method with other existing methods shows the better performance of our method.

In the third part of this thesis, we introduce a novel view interpolation method without

using disparity estimation. In this method, we let every pixel in the intermediate view

be the output of the NL-means using the pixels in the reference views. The experimental

results demonstrate the better quality of our results compared with other algorithms which

use disparity estimation.
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Notation and abbreviations

γ Scaling parameter of steering kernel

F̂t0 De-interlaced frame at time t0 by the NL-means method

f̂ (·) Final estimated pixel by the NL-means method

D Local gradient matrix

Fi
t Interlaced frame at time t

Gt Noisy frame at time t

I Interlacing matrix

Nm,t Similarity window around pixel at position m and time t

Pm Patch extraction matrix around pixel at position m

σ Elongation parameter of steering kernel

θ Dominant orientation angle of steering kernel

εi iid zero-mean noise value

c(·) Distance function for the calculation of the NL-means weights
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E(·) Energy Function for the NL-means algorithm

f (·) Original Pixel

f ela(·) De-interlaced pixel by the proposed ELA method

f la(·) De-interlaced pixel by the line-averaging method

g(·) Noisy pixel

h Degree of the NL-means filtering

w(·) Weights of the regression method

z(·) NL-means normalizing constant
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Chapter 1

Introduction

One of the most prevalent problems in the field of signal processing is estimating the value

of signal in the points where the original values are missing or unavailable. In the field

of image and video processing where the signal of interest is a captured image or a frame

of video, finding approximates of the signal in unknown points is called image interpola-

tion. The first appearance of image interpolation techniques in digital image processing

dates back to the early 70s when the digital images acquired from the satellite lunched by

NASA needed a more accurate interpolation than the linear interpolation for the geomet-

rical rectification [1]. Since then, many image interpolation methods with different appli-

cations have been proposed. Image resolution up-conversion, video de-interlacing, frame

rate up-conversion, and view interpolation are just a few examples of image interpolation

applications in today’s technology.

In image resolution up-conversion, a lower resolution image is used for the reproduc-

tion of a higher resolution image. The main use of image resolution up-conversion is in

the cases that the captured image by digital camera cannot have a high resolution due to

physical constraints. The input of image resolution up-conversion can be either a single

1
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low resolution image or a set of low resolution video frames used to reconstruct the high

resolution product.

One of the applications of image interpolation is video de-interlacing. Every video

frame consists of two fields: even lines and odd lines of the frame. In the interlaced format,

the odd and even fields are transmitted alternatively to reduce the required bandwidth.

The task of de-interlacing is to convert these fields into the frames. We will propose our

approach for video de-interlacing in Chapter 2.

Another application of image interpolation is frame rate up-conversion (FRUC). FRUC

techniques are used to reconstruct a new frame between the existing video frames. FRUC is

used in format conversion, coding, display, and broadcasting of video frames. Our method

for FRUC is presented in Chapter 3.

The direct application of image interpolation in multiview video processing is view

interpolation where new views are interpolated between the existing views. View interpo-

lation has many applications. For example, exploiting flight simulators, there is no need

to train a pilot in a real plane. This can be achieved by using multiview videos around the

pilot that simulate the real world. We present our method for view interpolation in Chapter

4.

Because of the competition between companies to provide images and videos with the

best quality to the customers, many algorithms for the different applications of image in-

terpolation have been developed during the past decade. This competition has accelerated

the pace of progress in image interpolation methods and made it a well researched area.

Because the core of the schemes we have proposed for the different image interpolation

applications in this thesis is Nonlocal-Means which is a nonparametric regression method,

a brief review of nonparametric regression modeling is provided in the next section.

2
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1.1 Literature Review

The main concern of all the regression methods is to reconstruct the signal from a set of

given measurements. In other words, if we have a number of observation pairs (gi, xi) in

the form of

gi = f (xi) + εi i = 1, 2, · · · , n (1.1)

where f (xi) is the original signal value at the position xi and εis are the independent and

identically distributed zero mean noise values. In this situation, the signal f is considered

as the regression of g on x or f (x) = E{g|x}. In many occasions, a parametric model

cannot be fitted for f . This is where nonparametric regression modeling arises. In general,

nonparametric methods are categorized based on two properties: being local or nonlocal

and being point-wise or multi-point.

A method is classified as local when the weights used in it depend on the distance

between the point being estimated and the point being observed. In other words, the closer

points have larger weights than the farther ones. On the other hand, a method is nonlocal

when the weights depend on the differences between the value of the observation points

and the estimation point.

Also, we put a method in the point-wise methods category when it estimates the value

of only one point at each calculation. In contrast, multi-point methods estimate the value

of a group of points such as a block of pixels at each calculation. Therefore, we can clas-

sify nonparametric methods into four distinct categories: local point-wise modeling, local

multi-point modeling, nonlocal point-wise modeling, and nonlocal multi-point modeling.

We introduce each of these categories in the following.

Local point-wise methods are older than other groups of nonparametric regression

3
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methods. The weighted local mean as the most famous method of this category was pro-

posed intuitively by Nadaraya in 1964 [2]. Shortly later, Watson developed it by using the

conditional expectation and the Parzon estimate of the conditional probability density [3].

This method estimates the value of signal in the form of:

f̂ (m) =
∑

n

w(m,n)g(n)

w(m,n) =
exp

(
−
‖m−n‖2

h

)
∑

n exp
(
−
‖m−n‖2

h

) (1.2)

where f̂ (m) is the estimation point, g(n) is the observation point, and m and n are the

positions of the points. Since w gives larger weights to the closer points to the estimation

point and smaller weights to the farther points, it is called window function.

From other methods, we can name local polynomial approximation (LPA) [4] where

the signal values are defined as a polynomial function of position. The coefficients of

the polynomial function are found by minimizing the following windowed mean-squares

function:

f̂ (m) = P̂(m)

P̂(m) = arg min
P∈Pk

∑
n

w(m,n) (g(n) − P(m))2 (1.3)

where Pk is the set of all polynomial functions of order k. Based on the order of the

polynomial function (k) and the window function (w), different local polynomial approx-

imation methods can be characterized. Moment filters [5], kernel regression [6], moving

least squares [7], and Savitzky-Galoy filter [8] are some other methods belonging to this

category.

4
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In the local multi-point nonparametric methods, the estimation procedure differs a lot

from what is done in the point-wise counterpart. While in the point-wise method a low-

order polynomial function is used to fit, in the multi-point a high-order full-rank approxi-

mation with typically non-polynomial basis functions is used. Also, unlike the point-wise

modeling where the estimator is calculated for each point independently, in the multi-point

methods, the approximation is calculated for all the points in the neighborhood. Also, in

this category of regression methods, overlapped neighborhoods are used. In fact, while,

in the point-wise modeling, the calculated estimator for each point is final, in multi-point

modeling several estimates are calculated for each point and then they will be fused to find

the final estimation.

Generally speaking, the multi-point methods are used in the transform domain. 2D

discrete Fourier and cosine transforms (DFT and DCT) are the conventional transforms

used for this purpose. In these methods, the entire image is broken into several smaller

blocks. These blocks might have overlap with each other. Then by taking the 2D transform

of each block, the spectrum of the noisy block is calculated. In the case that blocks have

overlap, the modeling is called over complete transform domain modeling.

Thresholding of transform coefficients which is useful when the additive noise is white

Gaussian is proposed by Donoho [9]. There are two kinds of thresholding: hard threshold-

ing and soft thresholding. In the hard thresholding, a universal threshold is applied for all

the coefficients in the block and the ones that are smaller than the threshold will be zeroed.

In the soft thresholding, the coefficients shrink by a factor which is dependent on the value

of the coefficient. Adaptive principal components [10], fields of experts (FoE) [11], and

total least square (TLS) [12] are other examples of the local multi-point modeling.

The next category is nonlocal point-wise modeling. One of the methods which belongs
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to this category is nonlocal point-wise weighted means. This method estimates pixels in

the following form:

f̂ (m) =
∑

n

w ( f (m), f (n)) g(n)

w ( f (m), f (n)) =

exp
(
−

( f (m)− f (n))2

h

)
∑

n exp
(
−

( f (m)− f (n))2

h

) . (1.4)

While this estimator is nonlocal in position, it is local in the signal space f . The main

problem in this estimator is that for calculating the weights, we need to have the actual

values of signal which are not possible when we deal with noisy pixels. To solve this

problem, many ideas have been proposed. The simplest solution is to replace the actual

values with the noisy values:

f̂ (m) =
∑

n

w (g(m), g(n)) g(n)

w (g(m), g(n)) =

exp
(
−

(g(m)−g(n))2

h

)
∑

n exp
(
−

(g(m)−g(n))2

h

) . (1.5)

However, since the weights are calculated based on the differences of single noisy pixels,

the output of this estimator might be quite different from that of 1.4. The next idea is to use

preprocessed pixels for calculating the weights. In other words, we calculate the weights

6
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in a recursive procedure:

f̂ k+1(m) =
∑

n

w
(

f̂ k(m), f̂ k(n)
)

g(n)

w
(

f̂ k(m), f̂ k(n)
)

=

exp
(
−

( f̂ k(m)− f̂ k(n))2

h

)
∑

n exp
(
−

( f̂ k(m)− f̂ k(n))2

h

) . (1.6)

However, it is shown that there is no guarantee that this recursive calculation can converge

to reliable results.

Another approach for the calculation of the weights that has resulted in a great im-

provement is using Nonlocal-Means (NL-means). The weights in this filter are calculated

according to the difference between the spatial neighborhoods of points m and n:

f̂ (m) =
∑

n

w (Nm,Nn) g(n)

w (Nm,Nn) =
exp

(
−
‖Nm−Nn‖

2

h

)
∑

n exp
(
−
‖Nm−Nn‖2

h

) . (1.7)

The difference between neighborhoods can yield a better estimate of f (m) − f (n) than

using only single noisy pixels. In other words, NL-means calculates the weights in a

neighborhood-wise manner and estimates the pixels in a point-wise manner. The admirable

performance of the NL-means motivated us to extend it to the different applications of im-

age interpolation. The basis of different image interpolation applications described in this

thesis is NL-means. We will talk more about NL-means in the next chapters of this thesis.

From other methods in the category of nonlocal point-wise modeling, we can name

nonlocal polynomial approximation [13], nonlocal variational method [14], and adaptive

weights smoothing (AWS) [15].
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The next category of nonparametric regression methods is nonlocal multi-point model-

ing. Like the local multi-point methods, the nonlocal methods consider the blocks of image

and use the transform domain for the approximation. Also, there are multiple estimates for

each pixel, and we need to fuse them for the final estimation. These methods have two

main steps. The first step is the calculation of the weighted mean of blocks’ spectra:

φ̄m =
∑

n

w(φ̃m, φ̃n)φ̃n

w(φ̃m, φ̃n) =
exp

(
−
‖φ̃m−φ̃n‖

2

h

)
∑

n exp
(
−
‖φ̃m−φ̃n‖2

h

) (1.8)

where φ̃m and φ̃n are the transform of the observed blocks. The second step is thresholding

of the weighted mean (φ̄m). The estimate of the block will be the inverse transform of the

resulting estimated block in the transform domain. BM3D [16] is another algorithm which

also belongs to this category.

1.2 Thesis Contributions

In this thesis, we propose efficient techniques for the three different image interpolation ap-

plications in HD video processing. The performance of the proposed methods is examined

comprehensively and the results verify the superior performance of our proposed methods

compared with their peers. The main contributions of this thesis are outlined as follows.

1.2.1 Video De-Interlacing

In chapter 2, we propose our video de-interlacing method [17, 18] and our contributions

are:
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• This method uses spatial and temporal information simultaneously. The main benefit

of this method is that it does not require motion estimation. First, we modify the

energy function which is used to derive the equations of the NL-means for de-noising

so that we can apply NL-means for de-interlacing.

• Because choosing the proper size of the neighborhoods for calculating the weights

of the NL-means is difficult, We make use of steering kernels to make the neighbor-

hoods adaptive to the local information of the frame.

• Also, we introduce a fast and robust edge-based line-averaging de-interlacing method.

The criteria of choosing the direction of interpolation in this method is possessing

minimum variation and being suitable for the above and below pixels.

1.2.2 Frame Rate Up-Conversion

In chapter 3, we focus on the FRUC problem [19] and our contributions are:

• We studied different FRUC methods and after analyzing their mechanisms and per-

formances we concluded that conventional motion estimation cannot perform well in

many situations. Therefore, we propose our method for FRUC which is based on the

NL-means and does not require explicit motion estimation.

• In our FRUC method, first we classify the pixels of the intermediate frame as back-

ground or foreground using the foreground/background classification of the adjacent

frames pixels.

• We recover the foreground pixels of the intermediate frame using NL-means. We

make some modifications in the NL-means scheme so that we do not need the neigh-

borhoods of the intermediate frame for calculating the weights of the NL-means.
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1.2.3 View Interpolation

In chapter 4, we present our view interpolation method and our contributions for this appli-

cation are:

• While the conventional strategy in many view interpolation methods is using dispar-

ity estimation, in our approach, we change the NL-means equations in order to make

them applicable to the view interpolation.

• In our proposed method, for calculating the weights of the NL-means to interpolate

the pixels of the intermediate view, we do not need to have the neighborhoods of

the intermediate frame. Every pixel in the intermediate is set to a weighted linear

combination of the pixel pairs in the reference views.

1.3 Organization

In the next chapters of this thesis, We present our proposed methods for three different

applications of image interpolation all based on the NL-means algorithm. In chapter 2,

we talk about the fundamentals of the NL-means and then we apply NL-means to the de-

interlacing problem. In chapter 3, we study the frame rate up-conversion problem and

introduce our frame rate up-conversion method. We present our approach for view interpo-

lation in Chapter 4. Finally, conclusions of this thesis and some ideas for further research

are given in Chapter 5.

10



Chapter 2

Video De-Interlacing Using

Nonlocal-Means

This chapter presents an efficient method for video de-interlacing based on the Nonlocal-

Means (NL-means) algorithm. We modify the energy function used to derive the NL-means

equation so that we can apply NL-means to the de-interlacing problem. We apply a three

dimensional NL-means filter which is locally-adaptive to find the de-interlaced frame. To

calculate the distance between neighborhoods, we find an initial estimate of the progressive

frame using a modified spatio-temporal edge-based line averaging. We use a steering kernel

to adapt the NL-means filter locally to the features and edge information of the image.

The experimental results comparing the proposed algorithm with other existing algorithms

in terms of both visual and objective assessments show the superior performance of our

method.
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2.1 Overview

Since the invention of television in the thirties, there have been standards for transmitting

and displaying video signals. Economical and technical concerns are always motivations

for creating new standards. One of the features that characterizes different standards is

scanning format. In order to transmit video signals, the frames of video have to be read

in a particular pattern which is called scanning format. In fact, scanning format defines

the spatial resolution (number of scanning lines per frame) and the temporal resolution

(number of video frames per time unit).

If there is limited available bandwidth for transmitting video signals, we need to have

a trade off between temporal and spatial resolutions. In order to reduce flicker which is

very annoying to the observer, it is shown that the frame rate (temporal resolution) must

be at least 50 frame/sec. Considering this frame rate and available bandwidth, decreasing

the transmitting spatial resolution seems necessary. The intelligent way to decrease the

spatial resolution is discarding half of lines per frame alternatively. In other words, if

we transmit even lines of the current frame, the odd lines of the following frame will be

transmitted. This scanning format is called interlaced format. The opposite point of this

format is progressive format which transmits all lines of the frame. Fig. 2.1 shows the

same video frame with the interlaced and progressive formats. The visual quality of the

progressive frame is much better than the visual quality of the interlaced frame.

Most of the recent displays such as Liquid Crystal Displays (LCD) are not compatible

with the interlaced video and only support progressive video. Also, progressive frames

might be required for the conversion of different video standards. Therefore, we need

to convert interlaced video frames to the progressive ones. We can do this by using de-

interlacing. De-interlacing doubles the number of lines per frame as shown in Fig. 2.2.
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(a)

(b)

Figure 2.1: Video frames with different scanning formats. (a) Interlaced frame. (b) Progressive frame.
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De-intertlacing

Figure 2.2: De-interlacing.

The goal in de-interlacing algorithms is achieving the best quality for the converted frames

with the lowest computational complexity.

Throughout years, many de-interlacing methods have been proposed. In general, de-

interlacing methods can be classified into three groups: spatial de-interlacing methods,

motion-adaptive de-interlacing methods, and motion-compensated de-interlacing methods.

Spatial de-interlacing methods [20–26] consider only the correlation between the pixels

in a field. These methods can be used when there are low vertical details in the frame.

Line repetition, line averaging (LA) and edge-based line averaging (ELA) [20] are some

simple examples of spatial de-interlacing methods. Many spatial de-interlacing methods

have been introduced thus far. In [21], Jang et al. refined the edge direction by using

a weighted median filter. newEDI which is proposed in [22] is an edge dependent de-

interlacing algorithm based on a horizontal edge pattern. The main merit of these methods

is their low implementation cost. However, they degrade the visual quality of the output

frame when frame has high vertical details. In fact, the principal problem of these methods

is that they do not use the temporal information, while it is very useful especially when we

have static areas in the frame.

Motion-adaptive de-interlacing methods [27–32] explicitly detect motion. The basic

idea in these methods is that, for moving regions, a spatial de-interlacing strategy and, for

static areas, a temporal de-interlacing strategy is used. The crucial stage in these methods
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is detecting motion.

In [27], Liang et al. proposed an adaptive de-interlacing algorithm which is based

on motion morphologic detection. A motion morphologic detector is used to determine

whether the missing pixel belongs to the moving or static region. If it belongs to the static

region, the field insertion method is used. Otherwise, an adaptive spatio-temporal interpo-

lation is applied.

Lee et al. introduced HMDEPR in [28] which is a motion adaptive de-interlacing

method with edge-pattern recognition and hybrid motion detection. The edge-pattern recog-

nition in this method detects the edges and textures in the frame, and the hybrid motion

detection detects both slow and fast motion.

4FTD [29] is another example of the motion-adaptive de-interlacing methods with tex-

ture detection. This method classifies the missing pixels into four different groups: motion

smooth region, motion texture region, static smooth region, and static texture region. Then

four different interpolation methods are used to interpolate the missing pixel.

These methods are used in real-time applications because of their tolerable complexity.

However, they cannot perform well when the video sequence has areas with motion and

high spatial details because they use a spatial strategy for these areas.

Motion-compensated de-interlacing methods [33–40] try to interpolate the missing

pixel along motion trajectory. The conventional way to estimate motion is block matching.

Most of the recent de-interlacing algorithms are motion-compensated (MC).

In [33], a smooth motion-compensated de-interlacing using overlapped block match-

ing is proposed. This method uses both a spatial interpolation and an overlapped-block-

based motion compensated method to reduce the blocky artifacts created by the block-

based motion-compensation.
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Chang et al. designed an adaptive 4-field global/local motion-compensated de-interlacing

method in [34]. This method includes block-based edge directional interpolation, same-

parity 4-field motion detection detecting static areas and fast motion, and global/local mo-

tion estimation which detects panning and zooming motions.

Directional interpolation and motion compensation de-interlacing (DIMC) which uses

an intra-field interpolation in the direction with the highest correlation is proposed in [35].

The motion estimation is performed between two fields of the same parity.

In MOMA [36], the motion adaptation is performed using a motion which is found

from a set of reduced and overlapped blocks. By using this kind of block matching, the

accuracy will increase, and the computations will decrease.

MCAMA [37] is a motion compensation aided motion-adaptive de-interlacing method

where the motion estimation in this method is performed in a small area and can switch

between the same and opposite parity fields according to the motion vector.

The most challenging task in these methods is motion estimation because estimated

motion vectors are required to have high accuracy. In other words, we need true motion

vectors. Motion estimation is not trivial especially when we do not have all pixels of the

frame. These methods can yield better results especially when we have motion in the

frame. However, the computational cost of these methods is remarkably high compared

with others.

There is another category of the de-interlacing methods which is based on neural net-

works [41–43]. A single neural network de-interlacing method is proposed in [41]. Some

more complicated neural network de-interlacing methods can be found in the literature. For

example, MNN [42] uses multiple neural network based on modularization or NNDMF
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[43] is a neural network de-interlacing method using multiple fields and local field block-

mean square error (MSE) values.

In this chapter, we present a de-interlacing method based on Nonlocal-Means (NL-

means) algorithm. The main advantage of using NL-means for de-interlacing is that no ex-

plicit motion compensation is needed. This is particularly advantageous for de-interlacing

because we will not need to obtain true motion vectors to have a good de-interlaced frame.

The remainder of this chapter is organized as follows. In section 2.2, we introduce the

NL-means algorithm for de-noising and modify it for the de-interlacing application. We

propose our de-interlacing based method in section 2.3. The PSNR and visual comparison

of our method with other existing de-interlacing methods and the computational complexity

analysis are presented in section 2.4. Finally, we conclude this chapter in section 2.5.

2.2 Nonlocal-Means Algorithm

Before we introduce our proposed de-interlacing algorithm, we need to have enough insight

about the NL-means filter. In this section, we discuss the fundamentals of the NL-means

and try to modify them to be applicable to the de-interlacing problem.

2.2.1 Basics of the Nonlocal-Means

NL-means is an image processing filter which is used in different image and video process-

ing applications. Among various nonparametric regression methods being used in image

processing applications, NL-means filter is very interesting because while it is simple and

easy to implement, its results are better than many other methods. This method is first pro-

posed by Budas et al. in [44] and [45] for the simple image de-noising. Later, this method
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was used in other applications such as video de-noising [46], video super-resolution [47],

video demosaicing, and image segmentation [48]. In the NL-means filter, the output pixel

is the weighted average of the neighboring pixels around it. The weight assigned to each

pixel in the search region is based on the proximity of that pixel and the pixel being inter-

polated. In other words, the weights of the filter show the reliability of each pixel in the

neighborhood to have the same value with the pixel to-be-interpolated. The basic equation

of the NL-means for de-noising is as follows:

f̂ (m) =
∑
n∈R

w (c(Nm,Nn)) g(n) (2.1)

where n and m are pixel positions, f̂ (m) is the pixel estimate, w(m,n) is the weight of

the filter, g(n) is the noisy pixel in the search region, and R is the search region. In this

equation, Nm and Nn are two L × L neighborhoods around pixels m and n. We call Nm

and Nn similarity window. Please note that the search region can be a 3D space consisting

of the pixels in the current frame and the pixels in the temporally adjacent frames. The

weights of the filter have two main properties:

0 ≤ w (c(Nm,Nn)) ≤ 1∑
n∈R

w (c(Nm,Nn)) = 1. (2.2)

In the NL-means filter, the weights of the filter are computed based on the radiometric

distance between two image neighborhoods centered around the pixel in the search region

and the pixel being interpolated. To compute the weights of the filter, first of all we need to
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(a) (b)

Figure 2.3: Examples of self-similarities in the images. (a) Coastguard. (b) Foreman.

define the distance function c(Nm,Nn):

c(Nm,Nn) =
1
L2

L∑
i=1

L∑
j=1

(Nm(i, j) − Nn(i, j))2 (2.3)

where Nm(i, j) is the pixel at row i and column j in Nm. The weights of the NL-means filter

can be computed using the following equation:

w(c(Nm,Nn)) =
1

Z(m)
exp

(
−

c(Nm,Nn)
h2

)
. (2.4)

In the above formulation, Z(m) is the normalizing constant and defined as:

Z(m) =
∑
n∈R

exp
(
−

c(Nm,Nn)
h2

)
. (2.5)

The parameter h is the degree of filtering and sets the decay rate of the exponential function

and consequently the weights of the filter.

The intuition behind NL-means is that it uses self-similarity in an image. Fig. 2.3 shows
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some examples of the self-similarities. Self-similarities are repeating structures that occur

in most of the natural images. Therefore, estimates of the noisy pixels can be obtained by

finding similar image patches for every pixel in the image. The similarity window has to

be large enough to capture self-similarities in the image and also small enough so that it

can capture fine details and structures. Changing the size of similarity window manually

is difficult. We address this issue in section 2.3.2 by using a steering kernel to adapt the

effective size of the similarity window implicitly to the local information of the image.

2.2.2 Nonlocal-Means for De-Interlacing

We can also look at the NL-means from motion estimation point of view. Applying NL-

means to a video sequence reminds us of the basic concept of motion estimation. In the

NL-means, the weight w(c(Nm,Nn)) shows the similarity between the pixel at the posi-

tion n in the search region and the pixel being interpolated. This similarity is quantified

based on the proximity between the neighborhoods of these two pixels. This resembles

motion estimation concept. In motion estimation, we assume that a pixel has moved from

a position in the current frame to another position in another frame and we estimate this

motion employing some form of block matching. The difference between NL-means and

motion estimation is that in motion estimation for every pixel being interpolated, we typi-

cally employ only one motion vector. This is not very reliable because we need to estimate

the motion vector very accurately, but in many cases, we cannot find the true motion vec-

tor. Accurate motion estimation is particularly hard in an interlaced video since half of

the rows were eliminated. In the NL-means, since we use all pixels in the search region

to interpolate one pixel, the reliability increases. NL-means uses many pixels at different

displacement and each of them has a contribution in the interpolated pixel based on the
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level of their similarity. Another difference between NL-means and classical motion es-

timation is that in motion estimation we just consider temporal neighbors to compute the

motion vector. However, the 3D search region in the NL-means allows us to employ spatial

and temporal information simultaneously. These benefits of NL-means motivated us to use

it for de-interlacing. We expect that applying NL-means for de-interlacing will result in

excellent outputs.

It is shown in [47] that the NL-means equation for de-noising can be obtained by

minimizing the following energy function:

E2(Ft0) =
∑

t∈[1,2,...,T ]

∑
m∈U

∑
n∈U

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
· ‖PmFt0 − PnGt‖

2 (2.6)

where Ft0 is the de-noised frame at time t0, Pm and Pn are two matrices acting as patch

extraction operator, U is the resolution of the frames, Nm,t0 and Nn,t are two L×L neighbor-

hoods around pixel position m in the frame at time t0 and pixel position n in the frame at

time t, c(Nm,t0 ,Nn,t) is the distance function which yields the radiometric distance between

the neighborhoods, and Gt is the noisy frame at time t. In the above energy function, Ft0 and

Gt are column vectors found by rearranging the image matrix in the lexicographic order. If

the resolution of the image is M × N and we want to extract a patch of size p1 × p2 from

it, then Pm and Pn are matrices of size p1 p2 × MN with only one entry with the value of 1

in each row that is placed in the column which is corresponding to the position of the pixel

being extracted from the image. The patch extraction matrices are orthogonal matrices. In

other words, their inverse is equal to their transpose. The operation of the inverse patch

extraction matrix is creating a zero image and put the patch in the place that it was before

extraction. Fig. 2.4 explains the function of patch extraction operator and its inverse.

In the above energy function, the exponential weight shows the effect of the distance of
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Figure 2.4: Patch extraction.

every patch pair in the energy function. In other words, patches with similar neighborhoods

(small c(Nm,t0 ,Nn,t)) will contribute more to the energy function.

Also, we have to note that in general the size of the neighborhoods that we use to

compute the radiometric distance and the size of the patches that we use in the energy

function are different. By minimizing the above energy function for the case that the size

of the patches that we use in the energy function is one, the equation of the NL-means for

video de-noising will be derived.

This energy function cannot be directly used for de-interlacing because unlike de-

noising, in de-interlacing the output and input frames are not in the same resolution. In

other words, the number of the rows per frame in the output frame is twice of that in the

input video frames. Therefore, we introduce a new energy function:

E2(Ft0) =
∑

t∈[1,2,...,T ]

∑
m∈U

∑
n∈U

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
· ‖PmIFt0 − PnFi

t‖
2 (2.7)

where Ft0 is the de-interlaced frame at time t0, Fi
t is the interlaced frame at time t, and I is

the interlacing operator that removes every other row. When Ft0 is a column vector of size

MN × 1, I is a matrix of size MN
2 × MN where the rows correspond to the removed lines

have entries with the values of zero and rows correspond to the remaining lines have one
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entry with the value of 1. In the above function, the rows of the output frame Ft0 is twice

of the rows of the input video frames Fi
t. Therefore, we use I as the interlacing operator

matrix to bring both of the input and output to the same resolution. The minimization of the

above energy function means finding the NL-means output for the interlaced frame at time

t0 (IFt0) and then de-interlace it to find the de-interlaced frame at time t0. As you can see,

by using this energy function, the problem of de-interlacing is still remaining. Therefore,

we change the order of interlacing and patch extraction operators. Instead of interlacing

Ft0 first and then extract a patch, we can extract a patch which is twice the rows and then

interlace the patch. Therefore, we change the above energy function and reverse the order

of the patch extraction and interlacing operator

E2(Ft0) =
∑

t∈[1,2,...,T ]

∑
m∈U1

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
· ‖IPde

m Ft0 − PnFi
t‖

2. (2.8)

We have to mention that there is a difference between Pde
m and Pn because they are acting

in the different resolutions. If Pn extracts patches of size p1 × p2, Pde
m extracts patches of

size (2(p1 − 1) + 1) × p2. Another difference that we can see is that m and n change in

different ranges U1 and U2. U1 is the resolution of the de-interlaced frame and U2 is the

resolution of the interlaced frame. They differ in the number of the rows. To minimize the

above energy function, we have to set its derivative with respect to Ft0 equal to zero:

dE2(Ft0)
dFt0

= 2
∑

t∈[1,2,...,T ]

∑
m∈U1

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

) (
IPde

m

)T
·
(
IPde

m Ft0 − PnFi
t

)
= 0. (2.9)
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With some manipulation, the following expression will be found for the optimum output:

F̂t0 =

 ∑
t∈[1,2,...,T ]

∑
m∈U1

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

) (
IPde

m

)T (
IPde

m

)
−1

·

 ∑
t∈[1,2,...,T ]

∑
m∈U1

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

) (
IPde

m

)T
PnFi

t

 (2.10)

or in a simpler form:

F̂t0 =

∑
m∈U1

(
IPde

m

)T (
IPde

m

)  ∑
t∈[1,2,...,T ]

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)

−1

·

∑
m∈U1

(
IPde

m

)T
 ∑

t∈[1,2,...,T ]

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
PnFi

t


 . (2.11)

In the first term, because
(
IPde

m

)T
is the inverse of

(
IPde

m

)
, the result of their product is the

identity matrix. Therefore, the matrix in the first term is diagonal and therefore invertible.

The first term of the above equation is a matrix of size MN × MN and the second term is

a matrix of size MN × 1 whose product results in a matrix of size MN × 1. In order to

simplify the above equation, we assume that Pn extracts only one pixel, i.e., (p1 = p2 = 1).

Therefore, Pde
m extracts a patch of one column and two rows but after interlacing operator,

I, this patch will become a pixel. Since PnFi
t = f i(n, t) and IPde

m Ft0 = f (m, t0) the energy

function in (2.8) will be:

E2(Ft0) =
∑

t∈[1,2,...,T ]

∑
m∈U1

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
·
(

f (m, t0) − f i(n, t)
)2
. (2.12)

Therefore, the energy function for every pixel is independent from other pixels and we can
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write the energy function in a pixel-wise manner:

E2 ( f (m, t0)) =
∑

t∈[1,2,...,T ]

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
·
(

f (m, t0) − f i(n, t)
)2
. (2.13)

Now, we have to find the minimum of this energy function:

dE2 ( f (m, t0))
d f (m, t0)

= 2
∑

t∈[1,2,...,T ]

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
·
(

f (m, t0) − f i(n, t)
)

= 0. (2.14)

Finally, the solution for the interpolated pixel will be:

f̂ (m, t0) =

∑
t∈[1,2,...,T ]

∑
n∈U2

exp
(
−

c(Nm,t0 ,Nn,t)
h2

)
f i(n, t)∑

t∈[1,2,...,T ]
∑

n∈U2
exp

(
−

c(Nm,t0 ,Nn,t)
h2

) . (2.15)

In the above formulation, our search region consists of the entire region of all of the in-

terlaced frames in the sequence. However, we limit our search to a smaller region of tem-

porally adjacent frames, i.e., t ∈ [t0 − 1, t0, t0 + 1]. Note that the search region belongs to

U2. In other words, we just use those pixels in the NL-means that we have their original

values in the interlaced video frames sequence. In order to calculate the distance function,

c(Nm,t0 ,Nn,t), we need to compare neighborhoods Nm,t0 and Nn,t. The problem is that this

two patches are not in the same resolution. One belongs to the de-interlaced frame, and

another one belongs to the interlaced frame. We have to bring them to the same resolution.

Therefore, we de-interlace Nn,t by using an initial de-interlacing method before computing

the distance function.

As depicted in Fig. 2.5, we use the high resolution frames to calculate the distance

between the neighborhoods and the weights of the filter and we use the pixels of the low

resolution ones (original pixels) to set the output pixel as the weighted average of them
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tt-1 t+1
pixels with original value missing pixels pixels used in search space

(a)

t-1 t t+1
? pixel being interpolated interpolated pixels by

 initial de-interlacing
pixel that we want 
to find its weight

(b)

Figure 2.5: An example of the search region and similarity window. (a) A search region in the previous,
current and the next frames surrounded by the red square. (b) A similarity window surrounded by the red
square.

using NL-means equation. Fig. 2.5a shows the pixels that we use for the search region

in the current, previous and the next frames and Fig. 2.5b shows the pixels that we use in

the similarity window for the pixel being interpolated and the pixel that we want to find

its weight. As it can be seen, while we use only the original pixels in the search region,

we need to interpolate the missing pixels in the similarity window. The accuracy of the

calculated weights depends on the accuracy of the initial estimate that we have from the

progressive frame. If we have a crude estimate of the frame, the weights that will be

calculated based on this estimate will be somehow crude and therefore it degrades the final

result of the NL-means. As a result, we need a fast but reliable de-interlacing algorithm

to de-interlace the neighborhoods to compute the weights in the NL-means. We address

this issue by introducing a modified edge-based line averaging de-interlacing method in

the next section.
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2.3 Proposed De-Interlacing Method

The proposed de-interlacing method consists of two stages: initial frame estimation and

NL-means filtering. We need to find an initial estimate of the progressive frame to be able

to calculate the distance between neighborhoods. To this end, we make use of a simple

and reliable spatio-temporal de-interlacing method. This method is very similar to the

conventional edge-based line averaging de-interlacing. However, the criterion for choosing

the best direction is not just the minimum variation direction. We also include the above

and below pixels in our decision making process. After forming the initial de-interlaced

frames, we apply a locally-adaptive NL-means filter to obtain the de-interlaced frame. One

of the main benefits of our method is that it does not require explicit motion estimation.

2.3.1 Initial Estimation

Choosing a de-interlacing method to calculate the initial estimate of the progressive frame

is very challenging. We need a de-interlacing method that can achieve a reasonable esti-

mate. However, this stage of our algorithm should not be very time consuming or hard

to implement. The simplest de-interlacing method that come to mind is edge-based line

averaging (ELA). This method is one of the simplest de-interlacing algorithms. It finds

the minimum variation direction and then interpolates the missing pixel by averaging the

pixels along the minimum variation direction. The simplicity of ELA motivated us to use

it to form our initial de-interlaced frame on it. Despite the simplicity of ELA, it has a main

defect. Its decision about the best direction for the interpolation is based only on finding

the minimum variation direction. There are many situations that the best direction for in-

terpolation differs from minimum variation direction. Therefore, we need to add another

criterion to the minimum variation to find the best direction.
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t-1 t t+1

Figure 2.6: Eight different directions that we use to find the initial estimate. The red arrows show the five
spatial directions and the green arrows show the three temporal directions.

we use the pixels above and below the pixel to-be-interpolated to find the best direction

for the interpolation. The intuition behind this strategy is that we have the original values

of these two pixels, and with a high likelihood the values of these two pixels are very

close to the value of the missing pixel. Therefore, finding the best directions for these two

pixels can help us to find the best direction for the pixel to-be-interpolated. We assume

that these two pixels are interlaced, and we do not have their values. Then we try to find

the best interpolation directions for them. To find the best interpolation directions for these

two pixels, we need to have some values for the missing pixels. Therefore, we apply line

averaging on the frame to find the values of the pixels that we do not have. Then we look at

the different directions that we considers for the interpolation. However, here our criterion

to find the best direction is not minimum variation because here we have the original value

of the pixel that is assumed to be interlaced. Therefore, the best direction is the direction

whose pixels’ average is closest to the original value of the pixel.

As depicted in Fig. 2.6, we consider eight different directions as the candidate directions

for every missing pixel, f (i, j, t0), to find the best direction for the interpolation. Five

directions are spatial, and three directions are temporal. The mathematical expression of
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differences is given below:

dc(n) = | f (i − 1, j − m, t0) − f (i + 1, j + m, t0)| n ∈ {1, 2, 3, 4, 5}, m ∈ {0,±1,±2}

dc(n) = | f (i, j − m, t0 − 1) − f (i, j + m, t0 + 1)| n ∈ {6, 7, 8}, m ∈ {0,±1}.

(2.16)

We find the minimum variation direction which is the direction whose pixels’ difference is

the least. Then we consider eight directions for the above pixel to find the best direction

for it:

da(n) =
∣∣∣ f la(i − 2, j − m, t0) − f la(i, j + m, t0)

∣∣∣ n ∈ {1, 2, 3, 4, 5}, m ∈ {0,±1,±2}

da(n) = | f̂ (i − 1, j − m, t0 − 1) − f la(i − 1, j + m, t0 + 1)| n ∈ {6, 7, 8}, m ∈ {0,±1}

(2.17)

where f̂ (.) is the output pixel of our proposed NL-means based de-interlacing method for

the previous frame and f la(.) is the output pixel of the line averaging method. The best

direction for this pixel is:

Best1 = arg min
1≤n≤8

|da(n) − f (i − 1, j, t0)| (2.18)

where da(n) is the average of the two pixels which belong to the direction da(n). Also, we
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perform the same procedure for the pixel which is below the pixel to-be-interpolated:

db(n) =
∣∣∣ f la(i, j − m, t0) − f la(i + 2, j + m, t0)

∣∣∣ n ∈ {1, 2, 3, 4, 5} , m ∈ {0,±1,±2}

db(n) = | f̂ (i + 1, j − m, t0 − 1) − f la(i + 1, j + m, t0 + 1)| n ∈ {6, 7, 8} , m ∈ {0,±1}.

(2.19)

The best direction for the below pixel is:

Best2 = arg min
1≤n≤8

|db(n) − f (i + 1, j, t0)| (2.20)

where db(n) is the average along the direction db(n). We use the minimum variation di-

rection that we have found for the pixel to-be-interpolated and the directions that we

have found for the above and below pixels to find the best direction for the pixel to-be-

interpolated. We have two scenarios to interpolate the missing pixel:

1. If the initial minimum variation direction found for the pixel to-be-interpolated is

temporal, {dc(6), dc(7), dc(8)}, and the best direction for at least one of the above or be-

low pixels is temporal, we will interpolate the missing pixel along the minimum vari-

ation direction we have found. Otherwise, we discard temporal directions and choose

the minimum variation direction for the pixel to-be-interpolated between the directions

{dc(1), dc(2), dc(3), dc(4), dc(5)}. If the new minimum variation direction is one of the near-

horizontal directions, {dc(4), dc(5)}, we will find the best direction for the above and below

pixels among directions {da,b(1), da,b(2), da,b(3), da,b(4), da,b(5)}. If the best directions for

both of them are near-horizontal, we will choose the minimum variation direction that we

have found. Otherwise, we find the minimum variation direction between {dc(1), dc(2), dc(3)}

and interpolate the missing pixel along that.
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2. If the initial minimum variation direction found for the pixel to-be-interpolated is

near-horizontal, {dc(4), dc(5)}, and the best directions for both of the above and below pixels

are near-horizontal, we will interpolate the missing pixel along the minimum variation

direction we have found. Otherwise, we discard near-horizontal directions and choose

the minimum variation direction for the pixel to-be-interpolated between the directions

{dc(1), dc(2), dc(3), dc(6), dc(7), dc(8)}. If the new minimum variation direction is one of

the temporal directions, {dc(6), dc(7), dc(8)}, we will find the best direction for the above

and below pixels among directions {da,b(1), da,b(2), da,b(3), da,b(6), da,b(7), da,b(8)}. If the

best direction for at least one of them is temporal, then we choose the minimum variation

direction we have found. Otherwise, we find the minimum variation direction between

directions {dc(1), dc(2), dc(3)} and interpolate the missing pixel along that.

The flowchart of the initial de-interlacing algorithm is presented in Fig. 2.7. We have

tougher condition for the near-horizontal directions than temporal directions because, in

very rare cases, the best direction for the interpolation is near-horizontal. Therefore, we

have to be particularly cautious for choosing the near-horizontal directions to interpolate

the pixel.

2.3.2 Locally-Adaptive Nonlocal-Means Filtering

After finding an initial estimate of the progressive frame, we find the de-interlaced frame

by using a locally-adaptive NL-means filter. We use a locally-adaptive NL-means filter

instead of a simple NL-means filter. In other words, the similarity window of our proposed

NL-means filter adapts itself to the local information of the image.

As we said in section 2.2, the similarity window in the NL-means has to be large enough

to capture the self-similarities in the image and has to be small enough to capture the details
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Figure 2.7: The flowchart of the modified edge-based line averaging method that we used as our initial
de-interlacing. One branch of the flowchart is for the case that the initial minimum variation direction is
temporal, and another one is for the case that the initial minimum variation direction is near-horizontal. The
final direction is the direction that we finally decide to interpolate the missing pixel along it.
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of the image. Considering different sizes for the similarity window in different regions of

the image can potentially improve the performance. However, it is difficult to choose the

proper size of the similarity window. An alternative approach is using a kernel. The kernel

assigns a weight to every pixel in the similarity window and can implicitly change the size

of the similarity window. This function which is symmetric and has nonnegative values

penalizes distance away from the central point. In other words, it assigns higher weights to

the pixels closer to the center of the similarity window and smaller weights to the farther

pixels. Various well-known functions such as Gaussian or exponential functions or other

functions satisfying the following equations can be used as a kernel function:

∫
tK(t) dt = 0∫
t2K(t) dt = c (2.21)

where c is a constant value. We use Gaussian function to build kernel function because

of its simplicity. We are more interested to have a kernel function which is elongated,

rotated, and scaled by taking into account the local information of the image such as edges,

textures, or smooth areas. We want those pixels which are on edge or near to an edge

have more influence on the calculated distance. In other words, we want to orient the

kernel function based on the dominant edge direction of the local image patch. Also, we

want to have wider kernel in the smooth regions while in the texture regions a narrow

kernel is desired. There are many ways to calculate such a kernel function [6]. We use

steering kernel because of its simplicity in computing. To this end, we have to find the

dominant orientation angle θ, the elongation parameter σ and the scaling parameter γ for

the similarity window corresponding to the pixel that is being estimated. To find these
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parameters, we have to compute the local gradient matrix for the similarity window of the

missing pixel. If dx(.) and dy(.) are the first derivatives along x and y directions, then D

(local gradient matrix) is a L2 × 2 matrix and have a form like this:

D =


...

...

dx(i, j) dy(i, j)
...

...

 = USVT , (i, j) ∈ Nm,t0 (2.22)

where Nm,t0 is the similarity window around the pixel being interpolated and USVT is the

singular value decomposition of D. U is a L2×L2 orthogonal matrix, S is a L2×2 rectangular

diagonal matrix and V is a 2 × 2 orthogonal matrix. We used the following definitions for

the derivatives:

dx(i, j) =
(

f ela(i, j + 1) − f ela(i, j − 1)
)
/2

dy(i, j) =
(

f ela(i − 1, j) − f ela(i + 1, j)
)
/2 (2.23)

where f ela(i, j) is the pixel intensity at the ith row and jth column of the frame found by

the initial de-interlacing method. If the second column of V is v2 = [v1, v2]T , then we can

find the dominant orientation angle θ using the following formula:

θ = arctan(
v1

v2
). (2.24)

The elongation parameter σ can be computed according to the energy of the dominant

gradient direction as follows:

σ =
s1 + 1
s2 + 1

(2.25)
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where s1 and s2 are diagonal elements of S. We define the scaling factor as follows:

γ =
l2

√
s1s2 + 0.01

(2.26)

where l depends on the size of the similarity window L = 2 × l + 1. The intuition behind

this equation is that we want the scaling factor to be large when both singular values are

small (smooth region), be small when both singular values are large (texture region) and

has a medium value when one of the singular values is high, and another one is small (sharp

edge). We then obtain the Gaussian steering kernel matrix using the following equations:

K =
[
k(i, j)

]
k(i, j) = exp

−
(

i′
γσ

)2
+

(
j′σ
γ

)2

2

 (2.27)

where i′ and j′ can be found using following equations:

i′ = (i − l − 1) cos θ + ( j − l − 1) sin θ

j′ = ( j − l − 1) cos θ − (i − l − 1) sin θ. (2.28)

Then we normalize the kernel matrix:

Kn =
K√

tr(KT K)
. (2.29)

Some examples of the resulting kernels for different image patches are shown in Fig. 2.8.
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(a) (b) (c)

(d) (e) (f)

Figure 2.8: The fundamental image patches and their corresponding kernel matrices. (a) Texture region.
(b) 45 Degree. (c) Vertical edge. (d) Smooth region. (e) -45 Degree. (f) Horizontal edge.

After finding kernel matrix, we use it to find the distance function:

cK(Nm,t0 ,Nn,t) =

L∑
i=1

L∑
j=1

kn(i, j)
(
Nm,t0(i, j) − Nn,t(i, j)

)2 . (2.30)

The weights of the NL-means filter can be computed using this distance function and using

equations 2.4 and 2.5. We consider a 3-dimensional search region containing the neighbor-

hood region of the pixel in the previous, current and the next frames. This search region

consists of every other line in the frames. For example, if we de-interlace an even frame,

the search region consists of the even lines in the current frame and the odd lines in the

previous and next frames.

Our method implicitly adapts itself to the motion. If there is high motion, the part of

the search region in the current frame will show smaller distances and larger weights in the

NL-means. On the other hand, if there are spatially texture regions in the frame, the part of

the region in the temporally adjacent frames will exhibit smaller distances and thus larger

weights in the NL-means filtering process.

In order to prevent blurring, for every pixel being interpolated we ignore the pixels

with the neighborhood radiometric distances that are very large compared to the smallest
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Figure 2.9: The block diagram of the proposed de-interlacing method.

distance. In other words, for all pixels in the search region we find the distances using

equation 2.30 and then we ignore those pixels which have very large distance compared to

the smallest distance. Then we compute the weights w(cK(Nm,t0 ,Nn,t)) for the remaining

pixels using equations 2.4 and 2.5 and find the estimation of the missing pixel using 2.15.

By applying this modified NL-means filter, we use the spatial and the temporal infor-

mation at the same time to interpolate the missing pixels. We have shown the complete

block diagram of the proposed de-interlacing method in Fig. 2.9. In this figure, Fi indicates

the interlaced frame, Fla shows the output of the line averaging method, Fela is the output

of our proposed ELA method, and F̂t0 shows the final de-interlaced frame.

2.4 Experimental Results

In this section, we compare the results of our proposed method with other existing de-

interlacing methods both subjectively and objectively. To evaluate our method, we drop

the odd and even lines of the frames alternatively and then reconstruct them. We apply

our proposed de-interlacing method on the three color components of frame independently

and then fuse them to find the final colored de-interlaced frame. Also, we will discuss

the computational complexity of our proposed method in this section. In our simulation
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experiments, we used nine common intermediate format (CIF) videos with the resolution of

(352×288): Mother, Foreman, Stefan, Flower, Hall, Silent, Mobile, Akiyo, and Coastguard.

The reason of choosing these sequences is that they have different characteristics. While we

see wide background areas and simple moving parts in the Silent and Mother sequences, we

have rapid and complicated motion in the Stefan. Also, Flower has a lot of texture regions

and Foreman has a rapid change in the scene. These video sequences were obtained from

http://trace.eas.asu.edu/yuv/. For the objective evaluation, we use PSNR which is peak

signal to noise ratio and has the following definition:

MS E =
1

M · N

∑
i

∑
j

( f̂ (i, j, t0) − f (i, j, t0))2

PS NR = 20 log
255
√

MS E
(2.31)

where f̂ (i, j, t0) is the pixel of the de-interlaced frame and f (i, j, t0) is the original pixel,

and M × N is the resolution of the frame. We also compute the average SSIM [49] of

the reconstructed sequences by our proposed method. This perceptual metric shows the

structural similarity between the original and reconstructed images and has a maximum of

1. SSIM is defined as:

S S IM(F, F̂) =
2(m1m2 + C1)(2σ1,2 + C2)

(m2
1 + m2

2 + C1)(σ2
1 + σ2

2 + C2)
(2.32)

where mi and σ2
i are the mean and variance of the luminance values in the local patches of

the images and σ1,2 is the covariance between values in the corresponding local patches of

the de-interlaced and original frames. C1 and C2 are two constants to stabilize the division

with a small denominator and in our simulations, they have the values of 0.01 and 0.03

respectively.
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Table 2.1: PSNR (dB) RESULTS OF VARIOUS DE-INTERLACING METHODS

LA ELA NNDMF MOMA MCAMA 4FLMC HMA MAMNN Proposed
ELA

Proposed Method
with NL-means

[20] [20] [43] [36] [37] [34] [50] [51]

Mother 39.23 38.35 42.57 42.62 43.26 45.38 42.56 46.65 43.84 47.23

Foreman 32.36 32.47 34.26 32.93 34.06 34.65 34.83 35.77 34.15 37.00

Stefan 27.15 26.04 26.18 26.53 27.16 27.18 27.06 27.24 27.07 30.49

Flower 22.70 22.08 25.40 25.14 26.06 23.76 27.91 31.70 23.16 30.89

Hall 31.71 30.56 36.99 39.04 38.08 40.62 38.33 41.01 37.38 41.14

Silent 33.80 33.93 37.36 38.16 40.31 40.91 39.02 41.20 38.08 43.26

Mobile 25.38 23.59 28.93 28.21 25.91 27.40 28.42 31.22 25.80 30.24

Akiyo 37.01 37.88 45.47 48.17 46.35 47.78 46.90 48.07 43.28 47.63

Coastguard 28.57 27.89 31.48 30.87 31.16 32.62 32.63 34.54 30.52 34.73

Average 30.88 30.31 34.26 34.63 34.70 35.59 35.30 37.49 33.70 38.07

For the search region, based on our experiments a 9×9 search area in the previous, cur-

rent, and following frames yields suitable results, while it maintains the low computational

cost condition. Also, for the similarity window we obtained the best results when it was

23 × 23. For the parameter h, we chose 15 for the Stefan, Mobile, and Flower sequences

and 10 for the others. Finally, we found that three times the smallest distance is a suitable

threshold for c(Nm,t0 ,Nn,t).

2.4.1 Objective Evaluation

In Table 2.1, we compare the performance of our proposed method with several other state

of the art existing de-interlacing methods in terms of PSNR. We also present the results of

the proposed ELA method that we use as initial de-interlacing to demonstrate its improve-

ment over the conventional ELA.

39



M.A.Sc. Thesis - Roozbeh Dehghannasiri McMaster - Electrical Engineering

The eight other methods that we use to evaluate our method are among benchmark

spatial, motion-adaptive, motion compensated, and neural network de-interlacing meth-

ods. LA and ELA [20] are two simple spatial methods. NNDMF [43] is a neural net-

work de-interlacing method that uses multiple fields and field-MSE. MOMA [36] is a

motion-adaptive de-interlacing method whose motion adaptation is assisted by the mo-

tion compensation. MCAMA [37] is motion compensation aided motion-adaptive de-

interlacing that tries to reconstruct slow objects by applying motion compensation de-

interlacing. 4FLMC [34] is an adaptive 4-field global/local motion-compensated de-

interlacing method. HMA [50] is a motion-compensated de-interlacing method which is

based on hierarchical motion analysis. Finally, MAMNN [51] is a motion-adaptive mod-

ular neural network de-interlacing which uses several neural networks according to the

classification of the motion.

The better performance of our proposed method is evident in this table. On average,

We achieve the gain of around 0.6 dB over the best existing algorithm for these sequences.

The results show around 1.3 dB gain for the Foreman sequence when we use our method

to de-interlace it. There is a rapid scene change in the Foreman that degrades the outcome

of many other algorithms. However, in the proposed method, because it uses both spatial

information of the current frame and the temporal information of the previous and next

frames, it can adapt itself easily to this scene change.

Also, our method can work well in the complicated video sequences such as Stefan

sequence where there are fast motion and high vertical details. The proposed algorithm

achieves around 3 dB gain for this sequence. The main reason of this improvement is that,

in our method, we do not rely on just one pixel, but we employ many candidate pixels in

the temporal and spatial domain.
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Table 2.2: AVERAGE SSIMs OF TEST SEQUENCES

Mother Foreman Stefan Flower Hall Silent Mobile Akiyo Coastguard

LA 0.9814 0.9340 0.9275 0.8665 0.9689 0.9359 0.8999 0.9613 0.8728

ELA 0.9719 0.9308 0.8967 0.8432 0.9558 0.9230 0.8589 0.9701 0.8482

Proposed
Method

0.9883 0.9594 0.9740 0.9687 0.9788 0.9837 0.9647 0.9935 0.9537

The interesting point in this table is that our method not only outperforms non motion-

compensated methods but also it outperforms motion-compensated algorithms, while we

do not perform any kind of explicit motion compensation. The main reason of improve-

ment of our method over conventional motion-compensated methods is that our method

does not try to find the best motion vector which needs high accuracy and computation, but

it considers several pixels that each one has a contribution in the reconstructed pixel pro-

portional to their corresponding neighborhood distance with the to-be-interpolated pixel’s

neighborhood.

Another interesting point in this table is 3.4 dB gain of our proposed ELA over the

simple ELA in terms of average PSNR. The main reason of this improvement is using the

above and below pixels to have a better estimate of the pixel to-be-interpolated. Especially,

our proposed initial de-interlacing yields better performance than conventional ELA when

we have rapid scene change in the video. For example, in Foreman sequence where we

have rapid scene change in frames between 180 and 210 we can see notable PSNR gain.

Table 2.2 shows the average SSIM of the different video test sequences for LA, ELA

and our proposed de-interlacing methods. For all the sequences, the SSIM is above 0.95

that shows admirable perceptual quality of the de-interlaced frames by our method. In this
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table, we can see that our proposed method has a significant better SSIM results than two

other methods especially in the sequences such as Stefan, Flower, and Mobile where we

have complex video frames with high vertical details. Generally, the sequences that have

a better PSNR have also a higher SSIM. However, Coastguard has a greater PSNR value

than the Flower and Stefan sequences but its SSIM value is lower, and it shows that the

perceptual quality of the de-interlaced Coastguard is lower than two other sequences. What

we can find out from this table is that not only our method has an outstanding performance

in terms of PSNR but also it performs well in terms of SSIM.

We also investigated the effect of the size of the similarity window on the performance

of our method. Table 2.3 suggests that using similarity window with a reasonable size is

very beneficial. The results of using a single pixel for calculating the weights are much

lower than the results of the NL-means with a similarity window. The reason of this dis-

crepancy is that using a single corrupted pixel cannot yield a reliable weight, while similar-

ity window uses both the self-similarities and the available original pixels in the image to

calculate the weights. However, by further increasing of the size of the similarity window,

the results slowly decrease because a large similarity window cannot capture the details

of the image. For the similarity window of size 25 × 25, the PSNRs of the reconstructed

frames for the Hall and Stefan sequences are lower than those of reconstructed frames with

a similarity window of size 23 × 23 which we used for our experiments.

2.4.2 Subjective Evaluation

In this section, we present the visual results of our proposed method and compare them with

other existing methods. Also, we discuss the difference between our proposed ELA and

conventional ELA methods. In Fig. 2.10, we show the original frame and the de-interlaced
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 2.10: The results of the proposed de-interlacing method for different video frames. For each pair
of the images, the left one is the original image and the right one is the de-interlaced image. (a) and (b) the
131th frame of the Coastguard [PSNR: 36.54 dB]. (c) and (d) the 30th frame of the Stefan [PSNR: 37.72
dB]. (e) and (f) the 150th frame of the Silent [PSNR: 45.18 dB]. (g) and (h) the 142th frame of the Mother
[PSNR: 48.42 dB]. (i) and (j) the 60th frame of the Mobile [PSNR: 30.85 dB]. (k) and (l) the 30th frame of
the Foreman [PSNR: 41.18 dB]. (m) and (n) the 148th frame of the Hall [PSNR: 42.28 dB]. (o) and (p) the
186th frame of the Flower [PSNR: 31.53 dB].
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(a) (b)

(c) (d)

Figure 2.11: Zoom-in visual evaluation of different de-interlacing methods for the 152th frame of the Silent
sequence. (a) Original frame. (b) De-interlaced by the LA method. (c) De-interlaced by the NNDMF [43]
method. (d) De-interlaced by the proposed NL-means based method.

44



M.A.Sc. Thesis - Roozbeh Dehghannasiri McMaster - Electrical Engineering

Table 2.3: EFFECT OF THE SIZE OF THE SIMILARITY WINDOW

1 × 1 5 × 5 9 × 9 13 × 13 17 × 17 21 × 21 23 × 23 25 × 25

Hall 37.56 37.99 39.54 41.05 41.20 41.10 41.14 40.98

Stefan 27.07 27.18 28.16 29.32 29.95 30.27 30.49 30.47

Flower 23.30 23.36 23.97 25.27 27.55 29.74 30.89 31.09

frame obtained by our proposed method for the eight sequences. The de-interlaced frames

are nearly without any artifacts, and we cannot see any major differences between the

original and the de-interlaced frames.

Fig. 2.11 shows the original frame and its de-interlaced frame obtained by the line

averaging (LA), NNDMF, and the proposed de-interlacing method for the Silent sequence.

It is clearly evident that the result of our proposed algorithm is significantly better compared

with the two other methods. By using the LA method, there is a jaggies distortion in

the thumb and the hand of the woman. Using NNDMF, reconstructed frame suffers from

artifacts around the eyes and the nose of the woman. The proposed de-interlacing method

yields a sharper and clearer result. As it can be seen, the eyes and the nose of the woman

are clearer in Fig. 2.11d than Fig. 2.11b and 2.11c and we do not see jaggies artifacts in

the thumb and the hand of the woman.

In Fig. 2.12, the visual results of the different de-interlacing algorithms for the Stefan

sequence are presented. We compare the visual result of our proposed method with four

other algorithms: line averaging (LA), edge-based line averaging (ELA), motion compen-

sation assisted motion adaptive (MOMA) method, and 4-field global/local motion compen-

sated (4FLMC) de-interlacing method. Stefan sequence is a very complex sequence with
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(a) (b)

(c) (d)

(e) (f)

Figure 2.12: Visual evaluation of the different de-interlacing methods for the 12th frame of the Stefan
sequence. (a) Original frame. (b) De-interlaced by the LA method. (c) De-interlaced by the simple ELA
method. (d) De-interlaced by the MOMA [36] method. (e) De-interlaced by the 4FLMC [34] method. (f)
De-interlaced by the proposed NL-means based method.
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rapid motion and high details in the spatial domain. Many artifacts are visible on the Ste-

fan’s body, the words on the wall, the line of the tennis court, and the audiences when we

reconstruct the frame using other algorithms. However, these artifacts are reduced when

we use our proposed NL-means based de-interlacing method. The visual quality of the re-

constructed frame by our method is much better than the others. We can see improvement

in the area of the frame related to the audiences, the lines of the court, and the words on the

wall. The main reason of these improvements is using the spatial and temporal information

simultaneously and considering the neighborhood around pixels in computing the weights

of the filter.

Fig. 2.13 shows the visual evaluation of the different de-interlacing methods for the

Foreman sequence. As is evident in these figures, the de-interlaced frames by other methods

suffer from annoying artifacts namely jaggies artifacts around the edges on the wall and the

edge of helmet. Also, many artifacts are visible around the mouth and teeth. However,

these artifacts are removed or alleviated in the de-interlaced frame by our method. Another

point of these figures is the improvement of our proposed ELA method over the simple

ELA method.

Another subject that we investigated in our research experiments was the difference

between the simple ELA and the proposed ELA method that we use as our initial de-

interlacing. For this case, we used video sequences with the resolution of 720 × 480 that

companies use to test their algorithms. One of these sequences is the sequence Fallingbeans

which is a tough sequence because of its high temporal frequency. In Fig. 2.14, we show

the de-interlacing result of one of the frames of this sequence. In this sequence, beans fall

into the wooden container at a high speed. If we consider a specific area in one of the frames

where there is a bean in it, in many occasions there is no bean in the corresponding areas in
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(a)

(b) (c)

(d) (e)

Figure 2.13: Zoom-in visual evaluation of the different de-interlacing methods for the 10th frame of the
Foreman sequence. (a) Original frame. (b) De-interlaced by the LA method. (c) De-interlaced by the simple
ELA method. (d) De-interlaced by the 4FLMC [34] method. (e) De-interlaced by the proposed ELA method.
(f) De-interlaced by the proposed NL-means based method.
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the previous and following frames. Therefore, when we use a simple spatio-temporal ELA

and choose the direction that has the minimum variation to interpolate the missing pixel

along it, it generates a value close to the value of the background because the variation

in the background pixels’ value is negligible. When we use the simple ELA, we see a

significant amount of artifacts in reconstructing some of the beans. These artifacts are

visible in Fig. 2.14a and 2.14e. When we use our proposed ELA method, our criterion to

choose the direction to interpolate the missing pixel is not just having the least variation,

but that direction must be also suitable for the above and below pixels. Even if initially one

of the temporal directions has the minimum variation, since we use that direction for the

above and below pixels, in case we detect a large distortion, we give up that direction and

try to find another direction among the remaining directions. The better visual quality of

our proposed ELA can be seen in the Fig. 2.14b and 2.14f. Also, we show the results of

our proposed de-interlacing method and the de-interlacing method that the Sigma Designs

Inc. uses in its VXP R© video processing chip. It can be seen that our results are comparable

and in some areas of the frame even better compared to the VXP R©. For example, in the

reconstruction of the beans that are in front of the edge of the container, our method has

better performance.

Another good example to see the difference between the proposed ELA and the conven-

tional ELA is their results on the Pendulum sequence. In this sequence, there is a pendulum

swinging back and forth. The letters “O” and “K” at the bottom of the frames appear in the

odd and even frames alternatively. In Fig. 2.15a, we depict the reconstructed frame of the

simple ELA method. In Fig. 2.15b, the resulting frame using our proposed ELA is given.

In Fig. 2.15e, 2.15f, 2.15g, and 2.15h, we present the zoom-in comparison of the simple

ELA and our proposed ELA methods. It can be seen that there are annoying artifacts in
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(a) (b)

(c) (d)

(e) (f)

Figure 2.14: Visual evaluation of simple ELA with the proposed ELA method on the 112th frame of the
Fallingbeans sequence.(a) De-interlaced by the simple ELA method. (b) De-interlaced by the proposed ELA
method. (c) De-interlaced by the VXP R© method. (d) De-interlaced by the proposed method. (e) Zoom-in
result of the simple ELA. (f) Zoom-in result of the proposed ELA.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 2.15: Visual evaluation of simple ELA with the proposed ELA method on the 32th frame of the Pen-
dulum sequence.(a) De-interlaced by simple ELA method. (b) De-interlaced by the proposed ELA method.
(c) De-interlaced by the VXP R© method. (d) De-interlaced by our proposed NL-means based method. (e)
Zoom-in result of the simple ELA for the bar of the pendulum. (f) Zoom-in result of the proposed ELA
for the bar of the pendulum. (g) Zoom-in result of the simple ELA for the “K”. (h) Zoom-in result of the
proposed ELA for the “K”.

51



M.A.Sc. Thesis - Roozbeh Dehghannasiri McMaster - Electrical Engineering

Table 2.4: COMPUTATIONAL COMPLEXITY ANALYSIS OF OUR PROPOSED METHOD

Operation Summation Multiplication Exponential Logic

Count 3Q2L2 + 3Q2 + 4L2 3
2 Q2L2 + 9

2 Q2 + 9L2 3
2 Q2 + L2 3

2 Q2

the letter “K” and the bar of the pendulum when the progressive frame is reconstructed by

the conventional ELA. However, when we reconstruct the frame by our proposed ELA, the

mentioned artifacts are removed. Also, we can see that the jaggies effect in the bar of the

pendulum is much less by using the proposed ELA. In Fig. 2.15c and 2.15d we compare

our visual result with the VXP R© method. VXP R© fails to recover the letter “K” accurately

and the resulting frame shows half of the letter “K” and half of the letter “O” instead of the

whole letter “K”. In Fig. 2.15d, we show the visual result of our proposed NL-means based

method. There are nearly no artifacts in our resulting frame, and our method performs

better than the VXP R© method.

2.4.3 Computational Complexity

In this section, we analyze the computational complexity of our proposed method. The

main computational load of our method is for calculating the weights of the filter. The

complexity of the proposed initial de-interlacing is almost negligible. Therefore, we only

discuss the computational complexity of the NL-means. For the case that the search region

is a window of Q × Q in each frame and the similarity window is a window of size L × L,

the approximate amount of the required operations for the interpolation of each pixel is

presented in Table III. While we discard some of the original pixels in the search region

when their neighborhood’s distance is large compared to the smallest one, we consider the

worst case where we use all of them. Most of the required multiplication and summation

operations are for calculating radiometric distance between the neighborhoods of the pixel
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being interpolated and the original pixels in the search region. The required exponential

operations are for the calculating the weights and the steering kernel of the similarity win-

dow and the logic operations are needed for comparing the neighborhood distance of the

pixels in the search region with the smallest one.

The main benefit of this method is that since every pixel is interpolated independently

from other pixels, we can use paralleled implementation to speed up de-interlacing.

2.5 Conclusion

In this chapter, we proposed a new de-interlacing method based on the NL-means filtering.

In this method, we apply a modified NL-means filter to find the de-interlaced frame. To

calculate the weights of the filter, we find an initial estimate of the progressive frame by

using an enhanced edge directional based de-interlacing method. Our method makes use

of both spatial and temporal information by using a three-dimensional search region in the

NL-means filter. We adapt the weights of the NL-means filter to the local information of the

image by incorporating a steering kernel in our distance function. Both PSNR and visual

comparison show that our method outperforms other methods for the video sequences that

we used in our experiments.
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Chapter 3

Frame Rate Up-Conversion Based on

Nonlocal-Means

In this chapter, we present a new frame rate up-conversion (FRUC) method based on the

Nonlocal-Means (NL-means). In the proposed method, for every pixel of the frame being

interpolated first we decide whether the pixel belongs to the background or foreground.

When the pixel of the inserted frame is classified as background, we use pixel replication

to interpolate it. If classified as foreground, we use NL-means to interpolate it. Employing

the NL-means, the pixel is set to a weighted linear combination of the averages of pairs of

pixels in the previous and following frames. These pixel pairs are temporally symmetric

from the viewpoint of the pixel being interpolated. The weights of the linear combination

are set based on intensity closeness between image patches around the pixel pairs. Experi-

mental results show that the proposed method outperforms other frame rate up-conversion

algorithms.
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3.1 Overview

Techniques used to increase the temporal resolution of a video sequence are called frame

rate up-conversion (FRUC). FRUC techniques insert reconstructed frames between the suc-

cessive frames in periodic positions (Fig. 3.1). Due to the rapid growth of technology in

both broadcasting and display devices during past decades, FRUC methods are needed in

many applications.

One of the main applications of FRUC methods is in display devices. In most of the

high definition (HD) displays, the rate of the video display is more than 100 Hz but video

frames at the transmitter are broadcasted in temporal resolutions between 24 Hz to 60 Hz.

The reason that display devices operate at higher display rates is that by increasing the

rate of the frames, the motion of the moving objects looks smoother and more consistent.

Therefore, by inserting intermediate frames between received video frames using a FRUC

method, we can enhance visual quality.

Another application of FRUC is in broadcasting. When the available bandwidth is

limited, we can decrease required bandwidth by temporal down-sampling. It can be easily

done by skipping frames in a periodic manner. However, down-sampling degrades visual

quality. In order to restore the visual quality, we need to insert intermediate frames between

available video frames by a FRUC method.

Also, FRUC can be helpful in low bit-rate video coding. The approach in these coding

schemes is to down-convert the video sequence to a lower temporal resolution than its

original and then encode it at a high bit rate. At the decoder, the low frame-rate video is

decoded and then FRUC is used to recover the original temporal resolution. Using this

coding scheme, we can have higher quality frames at the receiver. However, we need a

FRUC method that interpolates the missing frames at a quality comparable to the quality of
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Interpolated frames

Original Frames

Figure 3.1: Frame rate up-conversion.

the available frames to avoid annoying visual artifacts between the interpolated and original

frames.

During recent years, many FRUC methods have been proposed. Generally, we can

divide FRUC methods into two categories: non motion-compensated FRUC methods and

motion-compensated FRUC methods. Non motion-compensated FRUC methods, which

are very simple and easy to implement, do not take motion into account. Schemes such as

frame repetition and temporal frame averaging belong to this group [52]. These methods

can produce reasonable visual quality when there is not any major motion between adjacent

frames. However, they produce visual artifacts when video sequences contain large motion.

The main deficiency of non motion-compensated FRUC methods is producing ghosting

artifacts in the moving regions of the image. In other words, they create two shadows

of the moving objects in the intermediate frame where each shadow corresponds to the

position of the moving object in one adjacent frame.
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To address this problem, motion-compensated FRUC methods are used. These meth-

ods require more computations, but they can yield higher quality reconstructed frames.

Because of the rapid developments in technology during the last decade, higher computa-

tional complexity can be tolerated for frame rate up-conversion. As a result, many motion-

compensated FRUC methods have been proposed in the literature [53–67]. These meth-

ods typically consist of two steps, motion estimation and motion-compensated interpola-

tion. In motion estimation, motion vectors are calculated based on two successive frames.

The motion-compensated interpolation step uses these motion vectors to interpolate a new

frame and insert it between two successive frames. One algorithm to estimate motion vec-

tors is unidirectional motion estimation [53]. This method performs block matching for

every block in the previous frame and finds the motion vector that links it to a block in the

following frame and interpolates the block in the intermediate frame which is in the corre-

sponding location. The problem of this method is that it may leave holes in the intermediate

frame.

A way to solve this problem is using bidirectional motion estimation [54]. In bidi-

rectional motion estimation, for each block in the intermediate frame the motion vector is

estimated based on the temporal symmetry between blocks of the previous and following

frames from the viewpoint of the to-be-interpolated block. The mathematical expression of

this method is:

f̂ (x, y, t0) =
1
2

(
f (x −

1
2
4x, y −

1
2
4y, t0 − 1) + f (x +

1
2
4x, y +

1
2
4y, t0 + 1)

)
(3.1)

where f̂ (x, y, t0) is the interpolated pixel in the inserted frame, (4x,4y) is the motion vector

found for the pixel being interpolated, and f (x − 1
24x, y − 1

24y, t0 − 1) and f (x + 1
24x, y +

1
24y, t0 + 1) are corresponding pixels belonging to the previous and the following frames
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respectively.

To have acceptable performance in motion-compensated FRUC methods, estimated

motion vectors must have high accuracy which requires more computational complexity.

Many methods have been proposed to increase the accuracy of the motion vectors.

In [55], a recursive block-matching motion estimation algorithm with only eight candi-

date vectors per block is proposed to obtain accurate motion vectors. In [56], unidirectional

and bidirectional motion estimation are used simultaneously to increase the accuracy of the

motion vectors. Also, a motion vector validity check by using neighboring motion vectors

is performed to decrease the block artifacts.

An expanded range of motion trajectory and an adaptive motion vector refinement are

proposed in [57] to increase the accuracy of the estimated motion vectors. This method

performs a recursive algorithm using true neighboring motion vectors to make the motion

vectors smoother. To reduce the artifacts, a weighted index-based bidirectional motion

compensated method is used to interpolate the frames.

The method in [58] uses the correlation between motion vectors to detect the unreli-

able motion vectors and then refines them step by step. An adaptive frame interpolation

is used in this method for the interpolation of the occlusion areas by considering the dis-

tribution of the surrounding motion distribution. In [59], a hierarchically refinement of

motion vectors on different block sizes is proposed to increase the accuracy of the motion

vectors. Chrominance information is also used for the classification of the motion vectors.

This method takes into account the distribution of residual energy and merges blocks with

unreliable motion vectors.

In [60], Zhang et al. proposed a spatio-temporal auto-regressive (STAR) model for

FRUC where each pixel is the weighted average of the pixels in the previous and following
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frames and available spatial neighborhood. They have also proposed a motion-aligned

auto-regressive (MAAR) model for FRUC where each pixel is interpolated using a forward

and a backward MAAR model [61].

Despite all of these efforts, the frames reconstructed by these FRUC methods still suffer

from different artifacts and low visual quality. The underlying problem of many of the pro-

posed FRUC methods is that they rely on only one motion vector. They attempt to estimate

the motion vector as accurately as possible and interpolate the pixel of the intermediate

frame along it. However, finding the true motion vector is a hard problem. Therefore, we

need to find another solution to increase the quality of the reconstructed frames without

increasing the motion vector accuracy. One approach is using a number of pixels in the

adjacent frames, where each of them has a contribution in interpolating the missing pixel.

This intuition motivated us to apply Nonlocal-Means (NL-means) to FRUC.

In the proposed FRUC method, we classify the pixels of the intermediate frame as fore-

ground or background. If the pixel in the intermediate frame is classified as background,

we use a simple non motion-compensated interpolation method to interpolate it. When

classified as foreground, we use NL-means filtering to interpolate it. Our method is based

on nonlocal averaging to interpolate a pixel where every pixel in the intermediate frame is

set to a weighted combination of the averages of pixel pairs in the previous and following

frames. The pixel pairs are temporally symmetric from the viewpoint of the pixel being

interpolated. The weights in this filter are set based on the proximity of the image patches

centered around pixel pairs. Unlike most of the existing FRUC schemes, our approach does

not require motion estimation.

The rest of this chapter is organized as follows. In section 3.2, we propose the FRUC
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Figure 3.2: The block diagram of the proposed FRUC method. We preform pixel replication for back-
ground pixels and NL-means based interpolation for foreground pixels.

method that we used to find the pixels in the intermediate frame. In Section 3.3, the exper-

imental results conducted on various video sequences, the comparison of our method with

several existing benchmark FRUC methods, and the computational complexity analysis of

our method are presented. Finally, a brief conclusion is given in section 3.4.

3.2 Proposed Frame Rate Up-Conversion Method

The overall block diagram of our proposed FRUC method is outlined in Fig. 3.2. The

inputs to this block diagram are the previous and following frames and the output of this

block diagram is the intermediate frame reconstructed by our proposed FRUC method. As

it can be seen from this block diagram, the main steps of our proposed FRUC method are

foreground/background separation and NL-means filtering. In this section, first we explain

how we classify the pixels of the intermediate frame as foreground or background and then

we discuss pixel interpolation using NL-means filtering.

3.2.1 Foreground/Background Separation

The first step of our work to interpolate the intermediate frame is to determine whether

each pixel of it belongs to foreground (FG) or background (BG). Since the pixels of the
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intermediate frame are not available, we use the pixels of the previous and following frames

for this purpose. Therefore, first we classify the pixels of the previous and following frames

as foreground or background and then use them to classify the pixels of the intermediate

frame.

There are many ways for foreground/background segmentation. The most popular so-

lution is background subtraction. In this method, after finding background pixels, they are

subtracted from the frame and thus foreground pixels are identified. Simplest way to deter-

mine background pixels is to subtract the average of the background pixels of the previous

frames from the current frame. After each subtraction, the background model is updated by

removing the oldest frame and adding the background part of the newest frame. However,

for our application, we need a more precise foreground/background separation method.

Another way is to estimate a probability model for the background pixels. If a pixel is well

described by the background model, it will be considered as background. Otherwise, it

belongs to foreground. Many probability density functions can be used to model the back-

ground pixels. One simple solution is considering a Gaussian density function. A single

Gaussian density function has been shown to be insufficient. Therefore, a more complex

density function is needed. Zivkovic proposed a background subtraction method which is

based on Gaussian mixture model (GMM) [68]. A brief review of this method is given in

the following.

If we want to perform foreground/background separation for the frame at time t (Ft), a

training set for the time interval of T (�T = {Ft−1, . . . ,Ft−T }) is used to find the parameters

of the density function. The probability density function of each pixel value in a color

space such as RGB in the GMM model with M components and using the training set is as
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follows:

p(f|�T , BG + FG) =

M∑
m=1

π̂mN(f; −̂→η m, σ̂
2

mI) (3.2)

where f is a 3-component vector of pixel value, −̂→η m is the estimate of the mean for each

component, σ̂2
m is the variance estimate of each component, I is the identity matrix, and π̂m

is the weight of each component in the GMM density function. For a new pixel: the means,

the variances, and the weights of the components are updated, the old pixel is removed

from the training set, and the new one is added [69]. In order to find the background GMM

probability density function, P components with the largest weights will be used:

p(f|�T , BG) =

P∑
m=1

π̂mN(f; −̂→η m, σ̂
2

mI). (3.3)

If this probability is larger than a given threshold, then that pixel will be classified as a

background pixel. In our experiments, we chose 0.5 for this threshold. More details on

this approach can be found in [68] and [69]. We apply this algorithm to the previous and

following frames and find the background pixels for each.

We classify a pixel of the intermediate frame as background and set its intensity value

to the intensity value of the pixel in the previous or following frame when the pixels in that

position and in the previous and following frames belong to the background, and they have

the same intensity values. In other words, when we want to interpolate the pixel f̂ (i, j, t0),

we do the following:

IF { f (i, j, t0 + 1) ∈ BG & f (i, j, t0 − 1) ∈ BG & f (i, j, t0 + 1) = f (i, j, t0 − 1) }

⇒ f̂ (i, j, t0) ∈ BG , f̂ (i, j, t0) = f (i, j, t0 + 1). (3.4)
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(a) (b) (c)

(d) (e) (f)

Figure 3.3: Foreground/background classification of the different sequences. (a) Flower. (b) Mobile. (c)
Stefan.

This strategy not only decreases the processing time of our FRUC algorithm but also pre-

serves the fine details that are in the background areas of the intermediate frame and, there-

fore, increases the visual quality of the reconstructed frame.

We present some examples of the foreground/background classification in Fig. 3.3.

The darker pixels in these figures are the pixels that we identified as background pixels.

Fig. 3.3d exhibits that most of the pixels in the Flower sequence related to the “sky”

are classified as background, while pixels related to the “flowers” or the “cottage” are

classified as foreground. Also, as outlined in Fig. 3.3f, most of the pixels in the Stefan

sequence belonging to the “tennis court” are classified as background while the pixels in

the “audience” areas are classified as foreground. As it is shown in Fig. 3.3e, most of the
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pixels in the Mobile sequence are identified as foreground.

After this step, we use our NL-means based FRUC method for the pixels classified as

foreground.

3.2.2 Nonlocal-Means Based Frame Interpolation

When a pixel in the intermediate frame is not categorized as background, we interpolate it

using a NL-means based interpolation method. To build a platform to apply the NL-means

to the FRUC application, we start from the general NL-means equation used for video de-

noising. In this equation, the estimate of the noise-free pixel is calculated based on the

values of the pixels in a small neighborhood around it:

f̂ (−→n , t0) =
∑

t∈[1,2,...,T ]

∑
−→m∈R

w
(
c(N−→n ,t0 ,N−→m,t)

)
g(−→m, t). (3.5)

For measuring intensity closeness between image patches, we use the following equation:

c(N−→n ,t0 ,N−→m,t) =
1
L2

L∑
i=1

L∑
j=1

(
N−→n ,t0(i, j) − N−→m,t(i, j)

)2
. (3.6)

To apply NL-means to the FRUC application, we need to make some modifications to

Equation (3.5). We want to reconstruct the intermediate frame at time t0 using frames at
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time t0 + 1 and t0 − 1. Therefore, NL-means equation will become:

f̂ (−→n , t0) =
∑

t∈[t0−1,t0+1]

∑
−→m∈R

w
(
c(N−→n ,t0 ,N−→m,t)

)
f (−→m, t)

=
∑
−→m′∈Rp

w
(
c(N−→n ,t0 ,N−→m′,t0−1)

)
f (−→m′, t0 − 1) +

∑
−→m∈R f

w
(
c(N−→n ,t0 ,N−→m,t0+1)

)
f (−→m, t0 + 1)

(3.7)

where f̂ (−→n , t0) is the estimate of the pixel in the intermediate frame, f (−→m, t0 + 1) and

f (−→m′, t0 − 1) are pixels in the following and previous frames, Rp is the search region in

the previous frame, and R f is the search region in the following frame. The problem in

the above equation is that we need to find the proximity between similarity window in the

adjacent frames and similarity window in the intermediate frame
(
c(N−→n ,t0 ,N−→m,t)

)
. However,

the intermediate frame is not available. One solution is to find an initial estimate of the

intermediate frame by using a simple FRUC method such as frame repetition or frame av-

eraging. However, this approach will yield an unreliable estimate of the intermediate frame

and subsequently a poor estimate of c(·). Another solution is modifying the above formu-

lation such that we do not need to use the similarity window in the intermediate frame to

find the weights of the NL-means. In other words, we want to find the weights of the filter

by using the available similarity windows in the previous and following frames.

In the NL-means, the weight w
(
c(N−→n ,t0 ,N−→m,t)

)
shows the likelihood that the pixel at po-

sition −→m and from the frame at time t and the pixel being interpolated have the same values.

This likelihood is based on the proximity between the patches around these two pixels.

When we compare the similarity window of a pixel in another frame with the similarity

window of the pixel in the intermediate frame in fact we want to find the likelihood that

the pixel has moved from that frame to the position of the pixel being interpolated in the
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0 1t − 0t 0 1t +

pR fR
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n


m


Figure 3.4: The position of a particular patch in the different frames based on the assumption of continuity
of the motion. The dashed lines in the previous and following frames show the search region that we use for
the NL-means interpolation.

intermediate frame.

We assume that the motion is continuous between the previous, intermediate, and the

following frames. In other words, if we have a particular displacement from the previous

frame to the intermediate frame for a specific pixel, it will continue from the intermediate

frame to the following frame. As illustrated in Fig. 3.4, we assume that the patch that

is currently in position −→n is going to be in position −→m in the following frame and was in

position −→q in the previous frame. Due to continuity of motion we have:

−→m − −→n = −→n − −→q =⇒ −→q = 2−→n − −→m.

As a result, we can say the following for the distance functions:

c(N−→n ,t0 ,N−→m,t0+1) ≈ c(N−→q ,t0−1,N−→m,t0+1) = c(N2−→n−−→m,t0−1,N−→m,t0+1)

and for the other term in (3.7):

c(N−→n ,t0 ,N−→m′,t0−1) ≈ c(N−→q ,t0+1,N−→m′,t0−1) = c(N2−→n−−→m′,t0+1,N−→m′,t0−1).
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Therefore, instead of comparing the similarity window in the previous frame with the sim-

ilarity window of the pixel being interpolated, we can compare the similarity window in

the previous frame with the similarity window in the following frame where these two

similarity windows are temporally symmetric from the viewpoint of the pixel being inter-

polated. We use this intuition to modify the NL-means framework to apply it to the FRUC

application. We rewrite the NL-means equation in (3.7) as follows:

f̂ (−→n , t0) =

∑
−→m′∈Rp

V(2−→n − −→m′, t0 + 1;−→m′, t0 − 1) · f (−→m′, t0 − 1)∑
−→m′∈Rp

V(2−→n − −→m′, t0 + 1;−→m′, t0 − 1) +
∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1)

+

∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1) · f (−→m, t0 + 1)∑
−→m′∈Rp

V(2−→n − −→m′, t0 + 1;−→m′, t0 − 1) +
∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1)

(3.8)

where V(2−→n − −→m′, t0 + 1;−→m′, t0 − 1) = exp
(
−

c(N2−→n−−→m′ ,t0+1,N−→m′ ,t0−1)

h2

)
. In order to simplify the

above equation, we make the substitution 2−→n − −→m′ = −→m′′. Assuming that the search neigh-

borhoods (Rp and R f ) are the same size and symmetric around the projection of point −→n

onto the adjacent frames, when −→m′ sweeps Rp, −→m′′ will also sweep Rp. Therefore, using

this substitution the above equation becomes:

f̂ (−→n , t0) =

∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1) · f (2−→n − −→m′′, t0 − 1)∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1) +
∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1)

+

∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1) · f (−→m, t0 + 1)∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1) +
∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1)
.

(3.9)

By looking more precisely at the two terms in the denominator, it can be found that they

are equal to each other. (again since Rp and R f are the same size and symmetric around
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Pixel being interpolated

Missing pixels

Central pixels of the patches

Pixels with original value

Pixels in the patches
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Figure 3.5: The procedure of comparing patches in the previous and following frames to interpolate to
pixels of the intermediate frame.

projection of −→n onto the previous and following frames respectively) As a result, we can

write the above equation in the following form:

f̂ (−→n , t0) =

∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1) · f (2−→n − −→m′′, t0 − 1)

2
∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1)

+

∑
−→m∈R f

V(2−→n − −→m, t0 − 1;−→m, t0 + 1) · f (−→m, t0 + 1)

2
∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1)
(3.10)

or in a simpler form:

f̂ (−→n , t0) =

∑
−→m′′∈Rp

V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1) · f (2−→n−−→m′′,t0−1)+ f (−→m′′,t0+1)
2∑

−→m′′∈Rp
V(−→m′′, t0 + 1; 2−→n − −→m′′, t0 − 1)

. (3.11)

Based on the above equation, we compare the patches of the pixels in the previous and

following frames which are temporally symmetric from the viewpoint of the pixel being

interpolated. This is similar to the concept of bidirectional motion compensated interpo-

lation. However, in our method we do not perform motion estimation explicitly and we

do not rely on just one motion vector but all the pixels in the search region contribute in

interpolation of the pixel of the intermediate frame based on their level of similarity. This

level of similarity is quantified by V(·) (or equivalently c(·)).

Fig. 3.5 exhibits the procedure of comparing the patches. As it can be seen, the central
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pixels of the similarity windows in the previous and following frames are temporally sym-

metric from the viewpoint of the pixel being interpolated. If the patches around these two

pixels are close to each other, the weight of the average of these two pixels in the NL-means

equation will be higher.

We summarize the NL-means based interpolation for the pixels classified as foreground.

The foreground pixels of the intermediate frame can be calculated using the following

equation:

f̂ (−→n , t0) =
∑
−→m∈Rp

w
(
c(N−→m,t0−1,N−→m+,t0+1)

) f (−→m, t0 − 1) + f (−→m+, t0 + 1)
2

(3.12)

where −→m+ = 2−→n −−→m, f (−→m, t0) and f (−→m+, t0 + 1) are the pixels at location −→m and −→m+, and Rp

denotes the search region in the previous frame. w
(
c(N−→m,t0−1,N−→m+,t0+1)

)
is calculated using

the following equations:

w
(
c(N−→m,t0−1,N−→m+,t0+1)

)
=

1

Z(−→n , t0)
exp

−c
(
N−→m,t0−1,N−→m+,t0+1

)
h2

 (3.13)

Z(−→n , t0) =
∑
−→m∈Rp

exp

−c
(
N−→m,t0−1,N−→m+,t0+1

)
h2

 . (3.14)

In order to prevent blurring, for every pixel being interpolated we ignore those pixel pairs

whose patches’ distance is very large compared to the smallest one. Then we compute the

weights w
(
c(N−→m,t0−1,N−→m+,t0+1)

)
for the remaining pixel pairs based on (3.13) and (3.14) and

calculate the interpolated pixel using (3.12).
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3.3 Experimental Results

In order to evaluate our proposed FRUC method and compare it with other existing bench-

mark FRUC methods, we used six common intermediate format (CIF) (352 × 288) video

test sequences: Mother, Highway, Stefan, Mobile, Flower and News. These sequences are

chosen so that we can conduct our simulations on the sequences with different scene char-

acteristics. To compare the performance of our method with other methods, we drop the

first fifty even frames of each sequence and then reconstruct them by our and other FRUC

methods using the first fifty one odd frames. We calculate the PSNR of the resulting frames

by comparing them with the ground truth.

For the search region, based on our experiments, when the window size in the previous

and following frames was 19×19 for the Stefan sequence and 13×13 for other sequences, it

yields suitable results while maintains the low computational cost condition. The size of the

similarity window (N−→m,t0−1 and N−→m+,t0+1) used for computing the weights of the NL-means

was set to 21×21 for all sequences. The parameter h was set to 6. Also, we found that three

times the smallest distance is a suitable threshold for considering pixel pairs to compute the

filter weights. In the rest of this section, we compare the results of our method with other

methods both subjectively and objectively and discuss computational complexity of our

method.

3.3.1 Objective Evaluation

The average PSNR results of the fifty reconstructed frames using our proposed and other

existing frame rate up-conversion methods for various test sequences are tabulated in Ta-

ble 3.1. We compare our method with six other methods that some of them are among

the best FRUC methods in the literature. Method 1, which is proposed in [63], is based
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Table 3.1: PSNR (dB) COMPARISON OF DIFFERENT FRUC METHODS

Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Proposed Method

[63] [64] [56] [62] [60] [61]

Mother 35.61 37.33 37.54 42.48 42.61 42.93 42.65

Highway 31.71 31.30 32.29 33.13 32.09 33.28 33.88

Stefan 23.82 23.15 24.11 28.86 27.73 28.96 29.51

Mobile 23.20 23.43 23.45 28.17 27.61 28.13 28.70

News 33.27 34.61 34.83 37.09 37.34 37.43 37.35

Flower 27.21 27.75 28.53 31.74 33.32 32.08 33.30

Average 29.14 29.60 30.13 33.58 33.45 33.80 34.22

on the spatial and temporal correlation integrated based motion compensated interpolation.

In method 2, one true motion vector is determined by referring to neighboring spatial and

temporal information [64]. Method 3 [56] is the dual motion estimation FRUC method

which uses the unidirectional and bidirectional matching ratios of blocks in the previous

and following frames. Method 4 [62] is based on bilateral motion estimation and adap-

tive overlapped block motion compensation. Method 5 [60] proposes a spatio-temporal

auto-regressive (STAR) model for frame rate up-conversion and method 6 [61] is motion-

aligned auto-regressive (MAAR) FRUC method.

It can be observed from this table that our proposed algorithm has superior PSNR results

than other algorithms for most of the video sequences. On average, our method exhibits

around 5 dB gain over the method 1, 4.5 dB gain over the method 2, 4 dB gain over the

method 3, 0.6 dB gain over the method 4, 0.8 dB gain over the method 5, and 0.4 dB gain

over the method 6.

Our method performs especially well in the complicated sequences such as Stefan.
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Our method achieves around 0.6 dB gain for this sequence over the best existing method

(MAAR). Stefan is a difficult sequence since it has complicated motion and also many

spatial details. Therefore, methods which try to find a motion vector and interpolate pixel

along it cannot perform well because they cannot find true motion vectors. However, since

our method interpolates pixel using all pixels in the search region, it can achieve better

results.

Also, our method has around 0.6 dB gain for the Highway sequence. This sequence

has wide background areas and the rapid motion. The main reason of better performance

of our method for this sequence is that for the background areas our method uses a non

motion-compensated interpolation. Therefore, we can recover background with a great

accuracy.

For the Mobile sequence, the PSNR gain of our method compared to the MAAR algo-

rithm is around 0.6 dB. The main reason of this improvement is that in this sequence we

have a lot of different motions which make this sequence very hard to be reconstructed by

the conventional motion-compensated FRUC methods which uses only one motion vector

to reconstruct the frame. Also, the performance of our method is very close to the perfor-

mance of the best methods for the News and flower sequences.

Although PSNR comparison provides a basis to evaluate our results, we need another

metric to evaluate the structural information of our results. We use SSIM [49] to evaluate

the structural similarity of the results of our method with the ground truth. We present the

average SSIM of the frames reconstructed by our proposed and three other FRUC methods

in Table 3.2. As it can be found from this table, our method outperforms all methods in

terms of SSIM. This shows that not only our method has a good performance in terms of

PSNR which measures the difference between the reconstructed frame and original frame,
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Table 3.2: SSIM COMPARISON OF DIFFERENT FRUC METHODS

Method 1 Method 2 Method 3 Method 4 Proposed Method

Mother 0.944 0.953 0.957 0.963 0.979

Highway 0.891 0.895 0.902 0.913 0.961

Stefan 0.870 0.825 0.883 0.906 0.937

Mobile 0.872 0.873 0.874 0.917 0.956

News 0.961 0.966 0.966 0.970 0.982

Flower 0.876 0.888 0.894 0.912 0.980

but also it has a good performance in terms of perceptual quality which is dependent on

the structural information of the image. For all of the sequences except Stefan, the aver-

age SSIM of the recovered frames by our method is above 0.95 which indicates its good

performance. In FRUC, the perceptual quality is of great importance because we do not

have any spatial information of the frame being reconstructed. Therefore, the intermediate

frame might have annoying artifacts that show themselves in the perceptual quality of the

reconstructed frame which is reflected in the SSIM index.

3.3.2 Subjective Evaluation

We present the visual results of our proposed method for the different sequences in this sec-

tion. Fig. 3.6 depicts the visual results of our FRUC method for the different frames of the

Flower sequence. This sequence has many details in the “flowers” area and also rotational

and translational motion in the “windmill” region. In the reconstructed frames, the “flow-

ers” have been reconstructed very well which shows that our method can perform well in

the texture areas. Also, the “windmill” in the reconstructed frame is almost without any
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.6: Visual results of the proposed FRUC method for the Flower sequence. (a) Original 24th frame.
(b) Reconstructed 24th frame. (c) Original 96th frame. (d) Reconstructed 96th frame. (e) Original 150th
frame. (f) Reconstructed 150th frame. (g) Original 188th frame. (h) Reconstructed 188th frame.
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artifacts indicating our method can capture the rotational motion. The good reconstruction

of the “cottage” and the walking “people” exhibits the good performance of our method in

case of translational motion.

Fig. 3.7 illustrates the visual results of our method for the Mobile sequence. There is a

translational motion for the “wall calendar” and the “train” and a rotational motion for the

“ball” in this sequence. As is observed, the proposed algorithm reconstructs frames with

a good visual quality. This is because it does not consider only two temporal symmetric

blocks in the previous and following frames but also it considers several temporal symmet-

ric blocks and each pair of blocks has a share in the interpolated pixel proportional to their

intensity distance. We cannot see any kind of visual artifacts in the recovered frames by

our proposed method. Especially, the “numbers” on the wall calendar are reconstructed

pleasantly, and they are not confused with the white areas around them. However, there

are some artifacts in reconstructing the numbers on the wall calendar such as “26” in Fig.

3.7b. These are because of the rapid motion of the “ball” and the “train” in front of the wall

calendar.

In Fig. 3.8, we present part of the reconstructed frame of the News sequence by pro-

posed, dual motion estimation (method 3), STAR (method 5), and MAAR (method 6)

FRUC methods. The critical area in this sequence is the region related to the “man” and

“woman” which are dancing. The motion in this area is very complicated and difficult to

be captured. The annoying artifacts around the “woman” are visible in the reconstructed

frames by other methods. Artifacts are more critical around the leg of the “woman”. How-

ever, in the reconstructed frame by our proposed method since we use the pixels of the

previous and following frames which are in the neighborhood of the pixel being interpo-

lated, the visual quality of the recovered frame is enhanced, and most of the artifacts were
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.7: Visual results of the proposed FRUC method for the Mobile sequence. (a) Original 12th frame.
(b) Reconstructed 12th frame. (c) Original 48th frame. (d) Reconstructed 48th frame. (e) Original 62th
frame. (f) Reconstructed 62th frame. (g) Original 94th frame. (h) Reconstructed 94th frame.
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(a) (b)

(c) (d)

(e)

Figure 3.8: Zoom-in subjective comparison of the 12th frame of the News sequence. (a) Original frame.
(b) Reconstructed by method 3. (c) Reconstructed by method 5. (d) Reconstructed by method 6. (e) Recon-
structed by our proposed method.
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(a) (b) (c)

Figure 3.9: Subjective comparison of the 58th frame of the Stefan sequence. (a) Original frame. (b)
Reconstructed by method 3. (c) Reconstructed by the proposed method.

removed.

In Fig. 3.9, the subjective comparison for the Stefan sequence is presented. We show the

reconstructed frames by the dual motion estimation (method 3) and our proposed FRUC

methods. Annoying artifacts can be observed in the reconstructed frame by method 3.

Ghosting artifacts in the “words” on the wall and around the “player” and failure in recon-

structing the “audience” are obvious. On the other hand, in the reconstructed frame by our

NL-means based FRUC most of these artifacts are eliminated. The “player”, “audience”,

and “words” are reconstructed very well. Few artifacts around the “player” are inevitable

because of its rapid motion.

3.3.3 Computational Complexity

In this section, we examine the computational complexity of our proposed FRUC method.

The main computational component of our approach is the NL-means based interpolation.

The parts of our method which are related to the GMM based foreground/background

separation and interpolation of the background pixels of the intermediate frame are compu-

tationally light. We consider the worst case where we use all pixels in the search region in
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the previous and following frames to interpolate the pixel while we typically discard some

of them when their corresponding distance is very large compared to the smallest one.

Also, we have to note that for a significant portion of the pixels in the frame (those that

are classified as background) we just use pixel replication which causes the computational

complexity of our method to be low compared to the existing benchmark FRUC methods.

The total number of the operations required to interpolate a pixel in the intermediate frame

using NL-means based interpolation is given in the following equation:

L2 SUB +
(
L2 + Q2

)
SUM + Q2 DIV + (L2 + Q2) MUL + Q2EXP + Q2 LOG (3.15)

where the sizes of the similarity window and search region are L × L and Q × Q respec-

tively, SUB denotes subtraction operation, SUM shows summation operation, DIV is the

division operation, MUL denotes the multiplication operation, EXP is the exponential op-

eration, and LOG is the logic operation. Most of the summation, subtraction, exponential,

and multiplication operations are required for calculating the distance between similarity

windows and computing the weights of the NL-means. The logic operations are needed for

comparing the distances with the smallest one.

One of the main advantages of our method is its capability for the paralleled imple-

mentation. Since we just need neighborhoods from the previous and following frames for

the interpolation of every pixel in the intermediate frame, interpolation of every pixel is

independent of other pixels, and we can interpolate more than one pixel at the same time.

This feature of our method is very interesting because the processing time of frame rate

up-conversion must be smaller than the time between displaying successive frames.
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3.4 Conclusion

In this chapter, we proposed a new frame rate up-conversion method which is based on

Nonlocal-Means (NL-means) filtering. We modified the equations of NL-means in order

to make them applicable to the FRUC application. In our method, the pixels which are

classified as foreground are set to a weighted linear combination of pixel pairs in their

neighborhood in the previous and following frames. The main merit of this algorithm is its

simple structure and because we set background pixels to the intensity value of the pixel in

the neighboring frame, the computational cost is reduced. Another feature of our method is

that since the interpolation of each pixel is independent of other pixels in the intermediate

frame, paralleled implementation is possible. Simulation results show that the performance

of our proposed algorithm is significantly better than previous work.
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Chapter 4

View Interpolation Without Explicit

Disparity Estimation

In this chapter, we present a new view interpolation method based on the Nonlocal-Means

(NL-means). Using NL-means, the pixel in the intermediate view is set to a weighted linear

combination of the averages of pairs of pixels in the reference views. These pixel pairs are

in the same vertical position and in the symmetric horizontal positions from the viewpoint

of the pixel being interpolated. The weights of the linear combination are calculated based

on intensity closeness between image patches around the pixel pairs. The main benefit of

this method is that it does not require disparity estimation. Experimental results show that

the proposed method outperforms other view interpolation algorithms.

4.1 Overview

Multiview video, which emerged not long ago, has attracted huge attention of researchers

nowadays. Rapid advances in acquisition systems and display technologies make possible
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Figure 4.1: An example of multiview image showing a scene from different viewpoints.

to introduce view dimension in addition to the time and spatial dimensions. A multiview

image is a set of still images referring to the same scene from different viewpoints (Fig.

4.1). Multiview video consists of several sequences of multiview images which are tempo-

rally synchronized.

Two most famous applications of the multiview video are free viewpoint TV [70] and

3D TV [71]. In free viewpoint TV, user can select the view of watching a scene interac-

tively. In 3D TV, viewer can perceive a 3D depth illusion of the scene. The 3D illusion

can be experienced in these TVs by using stereoscopic video and special data glasses. 3D

video games [72], video surveillance, and distance education [73] are other examples of

multiview video applications in today’s life. These applications provide exciting benefits

that cannot be achieved by single view video.

Two major research topics in multiview video processing are view interpolation and

multiview video coding [74]. These two research topics arise from the nature of the multi-

view video signals. Since several cameras are used to capture the images in the multiview

systems, usually the size of the video data is huge. Therefore, we need efficient multiview

video coding schemes to store and transmit them.
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Figure 4.2: Interactive selection of virtual viewpoint in free viewpoint TV.

View interpolation deals with synthesizing new views between available views. Partic-

ularly, view interpolation is needed in applications such as free viewpoint TV where the

view that the viewer selects to watch might not be available (Fig. 4.2).

There are two view interpolation situations. In one situation, the available views are

parallel to each other, i.e., the cameras capturing images are aligned. In this case, differ-

ent views differ from each other only in the horizontal direction. In other situation, the

cameras are set at an angle to each other. Therefore, the captured images differ in both

horizontal and vertical directions. In this camera setup, to interpolate new views, we need

a rectification step to align views and then interpolate the new view. To rectify the views,

the fundamental matrix between them is used to calculate the rectification matrix [75]. A

number of view rectification methods can be found in the literature [76–78]. After this

step, the view interpolation methods used for the aligned views can be applied for view

interpolation.

In this chapter, we address the problem of view interpolation between parallel views.

For the rest of the chapter, we simply refer to the view interpolation for parallel views as

view interpolation. Also, we call the view being interpolated as the intermediate view and
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call the left and right views as the reference views.

The conventional method for view interpolation is disparity estimation [79]. In disparity

estimation, we find similar blocks between different views of a scene which are at the same

time. Many view interpolation methods based on disparity estimation have been proposed

[80–88].

Xie et al. proposed a sub-pixel interpolation method in [80] where non-integer coor-

dinates interpolated pixels in the intermediate view have contribution to the two nearest

horizontal adjacent pixels with integer coordinates.

A disparity estimation method based on 1D dynamic programming is proposed in [81].

First, a rough disparity map is calculated and then it is refined in the postprocessing step.

In [82], the disparity field is calculated for every pixel in the right and left extreme

views using Viterbi algorithm and then view interpolation is performed using these two

extreme views and a third view consisting of the objects not visible on the extreme views

together with their disparity fields.

A disparity estimation method based on image gradient and disparity triangulation is

proposed in [84]. The intermediate view in this method is interpolated using Delaunay

triangulation and image warping.

Park et al. in [87] proposed a mesh-based disparity representation and a view interpo-

lation error model which is based on both the accuracy of the disparity map and gradient

of the views. The disparity representation is computed so that the interpolation error is

minimized.

The method in [88] proposes an optimized view interpolation when the probability

density function of the disparity map error is given. It is shown in that paper when the

disparity error is negligible, the optimum view interpolation using the disparity map is the
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conventional linear interpolation whose formulation when the intermediate view is in the

middle of the available views is:

f (x, y, vi) =
f
(
x +

d(x,y)
2 , y, vr

)
+ f

(
x − d(x,y)

2 , y, vl

)
2

(4.1)

where vl, vr, and vi denote the left reference, the right reference and the intermediate views,

x and y are pixel coordinates, and d(x, y) shows the disparity between the pixels of the

reference views.

Despite all of these efforts to design an efficient algorithm for view interpolation, most

of the developed techniques are unable to perform view interpolation very well. The main

reason of this defect is that they just use the disparity values generated from the disparity

estimation step and try to interpolate the pixels of the intermediate view using only two

correspondences from the reference views. The main challenge in most of these algorithms

is finding the disparity values as correctly as possible. However, sometimes this strategy

cannot perform well. In many occasions, accurate disparity values cannot be found. For ex-

ample, in the occluded areas, the disparity values cannot be very accurate or sometimes the

accurate disparity value might be outside of the search region. Therefore, relying on only

one disparity value and a pair of pixels in the reference views cannot be very promising.

These difficulties in finding accurate disparity values between reference views moti-

vated us to use another approach for view interpolation. Our approach uses more than a

pixel pair and set the pixels of the intermediate view as a linear combination of them. This

approach can increase the reliability of the interpolation and eliminates the risk of finding

incorrect disparity values. To use this intuition, we apply the concept of Nonlocal-Means

(NL-means) filtering to find the pixels of the intermediate view.

In this chapter, we proposed a novel view interpolation method based on the NL-means
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filtering. The output pixel is the linear combination of the pixel pairs in the reference views

where the position of pixels in each pair is symmetric from the viewpoint of the pixel

being interpolated in the intermediate view. As we only consider view interpolation for the

parallel views, pixel pairs are in the same vertical position as the pixel in the intermediate

frame. The weights of the filter are calculated based on the proximity of the neighborhoods

around the pixel pairs. The pair whose pixels have closer neighborhoods to each other will

have greater weights. The main benefit of our approach is that it is disparity-estimation

free.

The structure of the remainder of this chapter is as follows. Section II presents our

view interpolation method based on the NL-means filtering. In section III, the experimental

results conducted on various multiview test sequences and comparison of our method with

a benchmark view interpolation method are given. Finally, this chapter is concluded in

Section IV.

4.2 Proposed View Interpolation Method

In this section, we present our proposed method for view interpolation. In order to achieve

enough insight to apply the NL-means to the view interpolation problem, first we describe

view interpolation and NL-means filtering. Then we make the NL-means applicable to the

view interpolation.

A general configuration of multiview cameras is shown in Fig. 4.3. In this figure, three

cameras are capturing the scene. These cameras are parallel to each other and are at a

distance of l from each other. The focal length for all cameras is f . The pixel coordinates

in the left reference, intermediate, and right reference views corresponding to the same

point of the object are xl, xi, and xr respectively. We want to find a relation between these
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Figure 4.3: The geometry of the parallel cameras in a multiview video configuration.

three coordinates. For this purpose, we use the six angles shown in Fig. 4.3. In this figure,

α1 is equal to β1, α2 is equal to β2, and α3 is equal to β3. Since these angles are equal to

each other, their tangents are also equal to each other:

tanα1 = tan β1 ⇒
xr

f
=

xr + l − xci − xo

zo + zc
⇒ xr =

f
zo + zc

(
xr + l − xci − xo

)
tanα2 = tan β2 ⇒

−xi

f
=

xo + xci − xi

zo + zc
⇒ xi =

f
zo + zc

(
−xo − xci + xi

)
tanα3 = tan β3 ⇒

−xl

f
=
−xl + l + xci + xo

zo + zc
⇒ xl =

f
zo + zc

(
xl − l − xci − xo

)
. (4.2)

If we arrange the above equations to find an expression for the xi − xl (distance between

the left reference and intermediate views) and xr − xi (distance between the right reference

view and the intermediate view), the following relations will be found:

xi − xl =
f

zo + zc
(xi − xl + l)

xr − xi =
f

zo + zc
(xr − xi + l). (4.3)

As it can be seen from the above equations, these two distances are equal to each other.
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Therefore, the pixels of the reference views are symmetric from the viewpoint of the inter-

mediate view pixels. We will use this property in our NL-means based view interpolation.

Now we start applying NL-means to view interpolation.These equations are useful

when we want to denoise a video frame using other video frames. However, for deploying

them to view interpolation, some modifications are necessary. First of all there is view

dimension instead of the time dimension in the view interpolation. Also, unlike video de-

noising the view being interpolated is not available. Therefore, we need to change the

equations so that the neighborhoods in the intermediate view are not needed for calculating

the weights. For now, we consider view interpolation for the case that the intermediate view

is exactly at the middle of the reference views. Later, we extend our formulation for the

general case. We want to interpolate the intermediate view (vi) using the reference views

(vl and vr). Therefore, the NL-means equation will be:

f̂ (−→n , vi) =
∑

v∈[vl,vr]

∑
−→m∈R

w
(
c(N−→n ,vi

,N−→m,v)
)

f (−→m, v)

=
∑
−→
l ∈Rl

w
(
c(N−→n ,vi

,N−→
l ,vl

)
)

f (
−→
l , vl) +

∑
−→r ∈Rr

w
(
c(N−→n ,vi

,N−→r ,vr
)
)

f (−→r , vr) (4.4)

where the Rl and Rr denote the search region in the left and right reference views respec-

tively and f (−→m, v) is the pixel at position −→m and in view v. Because the disparity exists only

in the horizontal direction, we limit our search region to a line in the reference views which

consists of the horizontal line of the pixel being interpolated in the intermediate view. For

the rest of the chapter, we refer to this search region as the search line. As a result, we can
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change the variable sweeping the search region from a vector quantity to a scalar quantity:

f̂ (x0, y0, vi) =
∑
xl∈Rl

w
(
c(Nx0,y0,vi ,Nxl,y0,vl)

)
f (xl, y0, vl) +

∑
xr∈Rr

w
(
c(Nx0,y0,vi ,Nxr ,y0,vr )

)
f (xr, y0, vr).

(4.5)

As we have shown in Fig. 4.3, the correspondence in the left reference view is at the left

hand side, and the correspondence in the right reference view is at the right hand side of

the pixel in the intermediate view. Therefore, we can restrict the search line in the left

reference view to the left hand side of the projection of the pixel being interpolated onto

that view and limit the search line in the right reference view to the right hand side of the

projection of the pixel being interpolated onto that view. When the size of the search line

is Rmax, the equation of the NL-means interpolation will be as follows:

f̂ (x0, y0, vi) =

x0∑
xl=x0−Rmax

w
(
c(Nx0,y0,vi ,Nxl,y0,vl)

)
f (xl,y0, vl) +

x0+Rmax∑
xr=x0

w
(
c(Nx0,y0,vi ,Nxr ,y0,vr )

)
f (xr, y0, vr).

(4.6)

The main problem in this equation is comparing the neighborhoods in the reference views

with the neighborhoods in the intermediate view, while the pixels of the intermediate view

are not available. One solution is finding an initial estimate of the intermediate view us-

ing a simple interpolation method and then calculating the weights, but this solution does

not yield convincing results because the initial estimate is not a reliable candidate of the

intermediate view. Therefore, we must find another solution where we do not need the

neighborhoods in the intermediate frame to compute the weights of the filter.

To this end, let us look at the weights of the NL-means filter from another perspective.
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Left View Intermediate View Right View

0( , )lx y 0 0( , )x y 0( , )rx y′

Figure 4.4: The position of a particular block in the different views based on the assumed disparity condi-
tions.

Since the weights of the filter are nonnegative and sum up to one which are the same

as the properties of a probability density function, we can interpret the weights of the

filter as the likelihood that the pixel being filtered and the pixel in the search line have

the same values. This likelihood is based on the proximity of the neighborhoods around

those two pixels. The pixels that have closer neighborhood to the neighborhood of the

pixel being interpolated will have greater weights in the combination. This concept is

very similar to the concept of the block matching in the single view video or disparity

estimation in the multiview video. Therefore, based on the configuration of the cameras in

the multiview video, we assumed a disparity between the pixel in the intermediate view and

the corresponding pixels in the reference views. We use this disparity to find the weights

of the filter. In fact, we showed in (4.3) that the disparity from the left reference view

to the intermediate view is the same as the disparity from the intermediate to the right

reference view. Also, since the cameras are parallel to each other, the disparity is only in

the horizontal direction. As illustrated in Fig. 4.4, we assume that if a particular block is at

the position (x0, y0) in the intermediate view, it will be at the positions (xl, y0) and (x′r, y0)

in the reference views where x′r − x0 = x0 − xl or x′r = 2x0 − xl. As a result, for calculating
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distance between the neighborhoods, we can use the following relations:

c(Nx0,y0,vi ,Nxl,y0,vl) ≈ c(Nx′r ,y0,vr ,Nxl,y0,vl) = c(N2x0−xl,y0,vr ,Nxl,y0,vl)

and for the other term in (4.6):

c(Nx0,y0,vi ,Nxr ,y0,vr ) ≈ c(Nx′l ,y0,vl ,Nxr ,y0,vr ) = c(N2x0−xr ,y0,vl ,Nxr ,y0,vr ).

Hence, we do not need to use the neighborhoods in the intermediate view to calculate the

weights of the filter. To find the weights of the filter for a given pixel in the intermediate

view, we compare the neighborhoods in the reference views where the central pixels of

these neighborhoods are symmetric from the viewpoint of the pixel in the intermediate

view. Using this technique, the equation of the NL-means in (4.6) will become:

f̂ (x0, y0, vi) =

∑x0
xl=x0−Rmax

V(2x0 − xl, y0, vr; xl, y0, vl) · f (xl, y0, vl)∑x0
xl=x0−Rmax

V(2x0 − xl, y0, vr; xl, y0, vl) +
∑x0+Rmax

xr=x0
V(2x0 − xr, y0, vl; xr, y0, vr)

+

∑x0+Rmax
xr=x0

V(2x0 − xr, y0, vl; xr, y0, vr) · f (xr, y0, vr)∑xl=x0
xl=x0−Rmax

V(2x0 − xl, y0, vr; xl, y0, vl) +
∑x0+Rmax

xr=x0
V(2x0 − xr, y0, vl; xr, y0, vr)

(4.7)

where for simplicity we use the notation V(2x0−xl, y0, vr; xl, y0, vl) for exp
(
−

d(N2x0−xl ,y0 ,vr ,Nxl ,y0 ,vl )
h2

)
.

This equation can be simplified more by using the substitution 2x0 − xl = x′l . When

xl ∈ [x0 − Rmax, x0], x′l sweeps [x0, x0 + Rmax]. Therefore, using this substitution, the above
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equation will become:

f̂ (x0, y0, vi) =

∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl) · f (2x0 − x′l , y0, vl)∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl) +
∑x0+Rmax

xr=x0
V(2x0 − xr, y0, vl; xr, y0, vr)

+

∑x0+Rmax
xr=x0

V(2x0 − xr, y0, vl; xr, y0, vr) · f (xr, y0, vr)∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl) +
∑x0+Rmax

xr=x0
V(2x0 − xr, y0, vl; xr, y0, vr)

.

(4.8)

In this equation, the two terms in the denominators are equal to each other. Therefore, we

can simply the above equation more:

f̂ (x0, y0, vi) =

∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl) · f (2x0 − x′l , y0, vl)

2
∑x0+Rmax

x′l =x0
V(x′l , y0, vr; 2x0 − x′l , y0, vl)

+

∑x0+Rmax
xr=x0

V(2x0 − xr, y0, vl; xr, y0, vr) · f (xr, y0, vr)

2
∑x0+Rmax

x′l =x0
V(x′l , y0, vr; 2x0 − x′l , y0, vl)

(4.9)

or

f̂ (x0, y0, vi) =

∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl) ·
f (2x0−x′l ,y0,vl)+ f (xl,y0,vr)

2∑x0+Rmax
x′l =x0

V(x′l , y0, vr; 2x0 − x′l , y0, vl)
. (4.10)

The above equation suggests that the pixels of the intermediate view is the linear combi-

nation of the averages of two pixels in the reference views which are symmetric from the

viewpoint of the pixel being filtered. The weights of the filter are calculated based on the

neighborhood proximity of those two pixels in the reference views. This concept is similar

to the concept of disparity estimation. In disparity estimation, we just use one pair of pixels

to calculate the pixel of the intermediate view but, in this method, we use a number of pixel

pairs to calculate the pixel which increases the performance and reliability of our method.
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Left View Intermediate View Right View

Pixel being interpolated

Pixel in the search region

Figure 4.5: An example of the search line being used for the NL-means interpolation.

The computational load of our method is the same as performing a search in one of the ref-

erence views (left or right) instead of both of them that reduces the processing time of the

view interpolation. Fig. 4.5 shows a search line of size 5 for the NL-means interpolation.

As it can be seen in this figure, while the search line in the left reference view is at the

left hand side of the projection of the pixel being interpolated, the search line in the right

reference view is at the right hand side of it.

In order to prevent blurring in the interpolated view, we only consider those pairs for

the interpolation whose pixels have close neighborhoods to each other. In other words,

we first calculate the distances for all the pairs and then use those with close neighbor-

hoods in (4.10). We found that three times the smallest distance is a suitable threshold for

considering the pairs for the interpolation.

b 1-b

Left View Intermediate View Right View

Object

Figure 4.6: The general case of the view interpolation where the intermediate view is not in the middle of
the reference views.
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What we have discussed so far is for the case that the interpolated view is at the middle

of the reference views. However, sometimes the interpolated view might be closer to one of

the views. We generalize the equations of our NL-means based view interpolation method

for this case. Fig. 4.6 shows the geometry of view interpolation for the general case that

the interpolated view is between the reference views. If the distance between the reference

views is 2l, the distances of the interpolated view from the reference views are 2bl and

2(1 − b)l respectively. In this situation, the pixels of the interpolated view are found using

the following equation:

f̂ (x0, y0, vi) =

∑x0+Rmax
x′l =x0

V
(
x′l , y0, vr;

(
1 + ( b

1−b )2
)

x0 −
(

b
1−b

)2
x′l , y0, vl

)
·

f
(
(1+( b

1−b )2)x0−( b
1−b )2

x′l ,y0,vl

)
+ f (xl,y0,vr)

2∑x0+Rmax
x′l =x0

V
(
x′l , y0, vr;

(
1 + ( b

1−b )2
)

x0 −
(

b
1−b

)2
x′l , y0, vl

) .

(4.11)

Here, the search lines in the reference views are not the same size. When the size of the

search line in the right reference view is Rmax, the search line in the left reference view has

the size of
(

b
1−b

)2
Rmax. If we set b equal to 0.5 in this equation, we will find the equation

for the case that the interpolated view is at the middle.

4.3 Experimental Results

In this section, we provide the results of the experiments conducted on different test se-

quences to evaluate our proposed view interpolation method. The method that we compare

our method with is the view interpolation presented by Xiu et al. in [80]. In this method,

the disparity estimation method proposed in [89] is used. In this method, if a pixel in the
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intermediate view is visible in both reference views, its reconstructed value will be the lin-

ear interpolation of its correspondences in the reference views, but if due to the occlusion

it is only visible in one of the views, the disparities of the neighboring pixels are used for

the interpolation. The reason of choosing this method is that on one hand it is believed

to have the best performance between the existing view interpolation methods and on the

other hand it uses disparity estimation. Therefore, by comparing our method with it, we can

show the better performance of our method compared to the conventional disparity estima-

tion based view interpolation methods. For different video sequences, we set the disparity

range required in [80] to obtain the best possible results for it.

To examine the performance of our method for the different situations, the test se-

quences that we used for our experiments have different characteristics and sizes. To

evaluate the performance of our method, we drop the original available views and then

reconstruct them and compare with the ground truth. We compare our method with other

method both subjectively and objectively. We also analyze the computational complexity

of our method and compare its processing time. In our simulations, we chose the sizes of

the similarity window and search line such that the resulting views have a satisfying quality

and keep the computational load reasonable.

In the first experiment, we compare the performance of our method and the method

which is proposed in [80] for the Xmas sequence. Xmas, which is produced by the Tanimoto

Laboratory [90], is a data set with the resolution of 640 × 480 and 101 views (view0 -

view100) captured by identical parallel cameras. For this sequence, the size of the search

line is 10, the size of the similarity window is 25 × 25, the value of the filter degree is 5,

and the disparity range used for [80] is set 40. Fig. 4.7a shows the PSNR results of the

reconstructed views by our method and [80] for a view distance of 2. In other words, we
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Figure 4.7: Performance comparison for the Xmas sequence for the different view distances. (a) View dis-
tance of two. (b) View distance of four. (c) View distance of six. (d) View distance of eight. (e) Comparison
of the average performance for the different view distances.

use views 0 and 2 to reconstruct view 1, 1 and 3 to reconstruct 2 and so on. As it can

be observed from this figure, the reconstructed views by our method have better quality

compared to the other method. The average PSNR for the reconstructed views by our

method is 40.56 dB, while for the method in [80] is 39.63 dB. The main reason of this

better performance is using more than one pair of pixels for the interpolation of the new

view.

For further evaluation of our method, we increase the distance between the reference

views. Fig. 4.7b presents the experimental results for all the 100 views of the sequence
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when the distance between the reference views is 4 (using views 0 and 4 for reconstructing

view 2 and so on). The average PSNR for our method is 39.42 dB which is almost 0.7

dB higher than that of [80]. Also, the results of our method and [80] when the distance

is 6 are given in Fig. 4.7c. The better performance of our method is evident in this figure

by a PSNR distance of around 0.3 dB compared to that of [80]. Fig. 4.7d which is for

the case that the view distance is 8 shows around 0.4 dB gain of our method. These four

figures verify that our method can perform well for the view interpolation applications with

different distances between the reference views.

In another experiment, we used the views between 45 and 55. The distance between

the reference views in this experiment changed from 2 to 44. For each view distance,

we interpolate the views between 45 and 55 and then present the average result of all of

them in the graph. Fig. 4.7e shows the performance of our method and the competing

method for every view distance. For all of the view distances (either small or large), our

results are much better than [80]. For most of the view distances, our results are around

0.7 dB higher than that of [80]. Even for the case that the view distance is 18, the gap

between the performances is around 1.1 dB. The trend seen in this figure is decreasing

performance by increasing distance between the reference views. However, sometimes

performance increases by increasing the distance between the views. The reason of this

is that first the distance between the cameras capturing the scene in this sequence is small

(3 mm). Therefore, increasing the distance between the reference views might not have

a great effect on the performance and also sometimes the objects that are occluded in the

close views might be visible in the farther views.

Fig. 4.8 shows the visual comparison of our method and [80] for the interpolation of

the 50th view using reference views with different distances. For a better evaluation, we
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(a)

(b) (c)

(d) (e)

(f) (g)

Figure 4.8: Zoom-in visual comparison for the 50th view of the Xmas sequence. (a) Original view. (b)
Interpolated view by [80] for a view distance of 2. (c) Interpolated view by our method for a view distance
of 2. (d) Interpolated view by [80] for a view distance of 18. (e) Interpolated view by our method for a view
distance of 18. (f) Interpolated view by [80] for a view distance of 32. (g) Interpolated view by our method
for a view distance of 32.
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Figure 4.9: Performance comparison for the Rena sequence for different view distances. (a) View distance
of two. (b) View distance of four. (c) View distance of six. (d) View distance of eight.

show the part of view which is most challenging for the interpolation. As is evident in

these figures, the resulting views of our method have a better visual quality. Especially

when the distance of the reference views increases, annoying artifacts will be appeared in

the reconstructed vertical line by [80] as indicated by the red line.

The next set of experiments were conducted on the Rena sequence. This sequence is

also provided by the Tanimoto Laboratory. We used the views between 38 and 51 for our

experiments. The resolution of this test sequence is 640 × 480. Fig. 4.9 depicts the results

of the experiments made on this sequence for different view distances. The search size used

for our method is 10, the similarity window size is 25 × 25, the value of the filter degree

is 9, and the disparity range used for [80] is 20. The results of our method and [80] when

the distance between the reference views is 2 is shown in Fig 4.9(a). As it can be seen, the

performance of our method is slightly superior than [80]. The average PSNR of our method

is 28.12 dB and for [80] is 27.95 dB. When the distance between the reference views is 4
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(Fig. 4.9b), the PSNR of [80] is 27.82 which is 0.3 dB lower than our method. Fig. 4.9c

shows the results when the distance of the reference views is 6. For this case, the average

PSNR of our method for the views between 41 and 48 is 27.08 dB and the average PSNR

of [80] is 26.85 dB. Also, when the distance between the views is 8 (Fig. 4.9d), our method

outperforms the method in [80]. We have to note that the disparity range used for [80] is

larger than the size of the search line we used for our method which means that our method

is faster than [80].

Vassar and Exit, which are produced by the Mitsubishi Electric Research Laboratories

(MERL) [91], are the next sequences that we used in our experiments. These sequences

have eight different views (view0 - view7) with the resolution of 640 × 480. For these test

sequences, we reconstructed the views between 1 to 6 using the reference views with a

distance of two. Because the distance between the cameras in this test sequence is more

than the previous sequences, we use larger values for the search line of our method and

disparity range of [80]. We chose 20 for the search line, 27 × 27 for the similarity window,

and 9 for the filter degree for our method and we chose 40 as the disparity range for [80].

Fig. 4.10 shows the performance result of our method and [80] for the Vassar sequence.

The average PSNR of the reconstructed views by our method is 27.27 dB and the average

PSNR of the resulting ones by [80] is 26.91 dB. This experiment demonstrates that our

method can perform well in the situations that the disparity between the reference views is

large.

We present in Fig. 4.11 the visual results of our method and [80]. The quality of the

“car” in the reconstructed view by our method is much better. Many block artifacts can be

seen in the resulting view of [80], while they are removed in the interpolated view by our

method. The main reason of this improvement is using more than one pair of pixels from
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Figure 4.10: Performance comparison for the Vassar sequence.

(a) (b) (c)

Figure 4.11: Zoom-in visual comparison for the 2nd view of the Vassar sequence. (a) Original view. (b)
Interpolated view by [80] for a view distance of 2. (c) Interpolated view by our method for a view distance
of 2.

the reference views for the interpolation.

We performed the view interpolation for the Exit sequence for the case that the distance

between the reference views is 2. The distance between the cameras for this test sequence is

large. Therefore, we need large disparity range and search line for this sequence. We chose

37 for the size of the search line, 27 × 27 for the size of the similarity window, and 15 for

the filter degree to interpolate new views using our method and chose 60 for the disparity

range for [80]. We present the experimental results for this sequence in Fig. 4.12. The

performance of the two methods are very close to each other for this sequence. However,
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Figure 4.12: Performance comparison for the Exit sequence.

for the 4th and 6th views, the views obtained by our method have better quality compared

to the other method. In Fig. 4.13, the 4th interpolated views of our method and [80] are

shown. As it can be found form this figure, there are many artifacts in reconstructing the

“man” by [80]. However, these artifacts are alleviated when we recover this view by our

method.

We also performed experiments on the test sequences produced by the Computer Vision

group at the Middlebury College [92]. These sequences are Sawtooth, Venus, Bull, and

Poster which have nine parallel views (view0 - view8) with the resolution of 434 × 380.

For these sequences, we set the search line to 10, the similarity window to 25×25, the filter

degree to 6, and the disparity range of [80] to 10. We interpolate the views between 1 and 7

using the reference views at a distance of two. Fig. 4.14 shows the PSNR results for these

sequences.

For the Sawtooth sequence, the performance of our method is better than the other

method for all the views. The average PSNR of our method for this sequence is around

0.5 dB higher than that of [80]. The main characteristic of this sequence is having sharp

edges like the sawtooth. The performance of our method for this sequence affirms that it

can perform well in the regions with sharp edges. Fig. 4.15 presents a visual comparison

for the 3rd interpolated view of this sequence. We can conclude from this figure that our
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(a) (b) (c)

Figure 4.13: Zoom-in visual comparison for the 4th view of the Exit sequence. (a) Original view. (b)
Interpolated view by [80] for a view distance of 2. (c) Interpolated view by our method for a view distance
of 2.

method has a better performance specially around sharp edges.

The next sequence is Venus. For this sequence, the discrepancy between the perfor-

mance of our method and [80] is larger. For example, the performance of our method for

the 3rd and 4th views is 1.4 dB and 1.1 dB higher. On average, the performance of our

method is 35.57 dB and the performance of [80] is 34.87 dB. Fig. 4.16 shows a visual

comparison for the 4th view of this sequence. The better performance of our method in

reconstructing the text on the “newspaper” can be observed in this figure.

For the Bull sequence, the resulting views of our method are more pleasing than the

ones interpolated by [80]. Except for the 5th view, the performance of our method is at

least 0.5 dB higher. While the average PSNR of our method for this sequence is 36.81 dB,

the average PSNR of [80] is 36.27 dB.
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Figure 4.14: Performance comparison of our method and [80] for the different test video sequences. (a)
Sawtooth. (b) Venus. (c) Bull. (d) Poster.

Unlike the three previous sequences, for the Poster sequence the performance of the

two methods are very competitive. For some of the views, the performance of the [80] is

slightly better than our method. However, on average the performance of our method is

slightly better.

We have to note that all the sequences that we used for our experiments have a parallel

camera configuration. In case that the views are not parallel, one of the view rectification

methods described earlier can be used prior to the NL-means based view interpolation step.

4.3.1 Computational Complexity Analysis

In this section, we analyze the computational complexity of our method and compare its

processing time with the method in [80]. To interpolate a pixel in the intermediate frame
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(a) (b) (c)

Figure 4.15: Zoom-in visual comparison for the 3rd view of the Sawtooth sequence. (a) Original view. (b)
Interpolated view by [80] for a view distance of 2. (c) Interpolated view by our method for a view distance
of 2.

using our method, the total number of operations which is needed is approximately:

L2 · SUB +
(
L2 + Rmax

)
· SUM + Rmax · DIV + (L2 + Rmax) ·MUL + Rmax · EXP + Rmax · LOG.

(4.12)

In the above equation, L × L and Rmax denote the size of the similarity window and the

search line respectively, SUB denotes subtraction operation, SUM shows summation oper-

ation, DIV is the division operation, MUL denotes the multiplication operation, EXP is the

exponential operation, and LOG is the logic operation. Most of the summation, subtraction,

exponential, and multiplication operations are required for calculating the distance between

similarity windows and computing the weights of the NL-means. The logic operations are

needed for comparing the distances with the smallest one.

One of the features of our method is that for a constant size of the similarity window

and search line, the processing time for different sequences is the same, while for the other
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(a) (b) (c)

Figure 4.16: Zoom-in visual comparison for the 4th view of the Venus sequence. (a) Original view. (b)
Interpolated view by [80] for a view distance of 2. (c) Interpolated view by our method for a view distance
of 2.

Table 4.1: COMPARISON OF AVERAGE PROCESSING TIMES (sec/view)

Sequence Xmas Vassar Exit Rena Venus
View distance 2 14 22 28 36 44 2 2 2 2

[80] 1.15 2.47 3.61 3.35 3.95 4.84 14.71 9.52 0.76 0.50
Proposed 2.34 2.29 2.29 2.30 2.30 2.36 3.76 7.31 1.59 0.83

methods such as [80] the processing time changes for different sequences and for more

complicated sequences the processing time increases.

Table 4.1 presents the processing time required for the different sequences and different

distances between the reference views. As it can be seen in this table, our method perform

faster in many cases. Especially, for the cases that finding the true disparity estimation

is difficult. For example, when the reference views are far from each other in the Xmas

sequence or when we want to interpolate the Vassar and Exit sequences, the processing

time of our method is considerably smaller than that of [80]. Another feature of our method

which can make it faster is its capability for the paralleled implementation. Since the
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interpolation of every pixel in the intermediate view can be performed independently, our

NL-means based view interpolation can be implemented on a parallel platform.

4.4 Conclusion

In this chapter, we proposed a novel view interpolation method. The main advantage of

this method is that no disparity estimation is needed. Our view interpolation method is

based on a modified NL-means filtering where the pixels in the intermediate view is set to

the linear combination of the pixel pairs in the reference views. The pixels in each pair are

symmetric from the viewpoint of the pixel being interpolated. The weights of each pair in

this combination is calculated according to the distance between their neighborhoods. The

results of the experiments conducted on the different sequences with different reference

view distances show that our method outperforms conventional view interpolation methods

using disparity estimation.

107



Chapter 5

Conclusion and Future Works

In this thesis, we studied three different applications of image interpolation in HD video

processing: video de-interlacing, frame rate up-conversion, and view interpolation. The

proposed methods for these applications are based on Nonlocal-Means (NL-means). The

main characteristic of the proposed methods is that they are free from conventional block

matching approaches.

For video de-interlacing, we designed a locally-adaptive Nonlocal-Means algorithm.

Every pixel in this method is set to a weighted linear combination of the available neighbor-

ing original pixels. The weights are calculated according to the similarity window distance

between pixels. To adapt the effective size of similarity window to the local information,

steering kernel is used. Also, we proposed a fast and robust de-interlacing algorithm for

finding the initial estimate of similarity windows.

Also, we developed a two-stage frame rate up-conversion (FRUC) method. In this

method, pixels of the intermediate frame are categorized into the background or foreground

pixels. We applied a NL-means based scheme for the foreground pixels where every pixel

is set to a linear combination of averages of pairs of pixels which are symmetric from the
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viewpoint of the pixel being interpolated.

For view interpolation, we exploited the concept of NL-means which does not require

explicit disparity estimation while most of the existing proposed methods are based on

conventional disparity estimation. In this method, every pixel of the interpolated view

is calculated as the weighted linear combination of pairs of pixels in the reference views

which are at the same horizontal and symmetric vertical positions with respect to the pixel

being interpolated.

All proposed methods are evaluated on a wide variety of test sequences and compared

with existing methods in objective quality (PSNR), perceptual quality (SSIM), and visual

quality. The experimental results testify that our proposed methods can outperform most

of the competing state of the art methods.

5.1 Future Works

Although the proposed methods in this thesis have shown promising results, we believe that

there are still some issues and ideas which need further investigations. Some objectives of

our future works are outlined here:

• The most crucial factor in NL-means algorithm is the filter degree (h). In the exper-

iments we made, we chose it manually. Finding a relation between filter degree and

information of the image is a subject of our future research.

• In our de-interlacing method, in order to find an initial estimate of the progres-

sive frame to calculate the weights of the NL-means, we proposed a modified ELA

method. This method finally selects a direction for interpolation. Another idea for

initial de-interlacing is using exponentially weighted aggregation scheme [93] where
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a combination of interpolators is used instead of just one so that every interpolator

has a weight in the final estimation. The weights are calculated by defining a risk

function. In other words:

f EWA(x) =
∑

k

αk f̂k(x)

αk =
exp

(
−

rk(x)
l

)
∑

k′ exp
(
−

rk′ (x)
l

)
where αk is the weight of each interpolator, f̂k(x) is the output of each interpola-

tor, rk(x) is the risk function, l is a smoothing factor, and f EWA(x) is the output of

the exponentially weighted aggregation. We can use the above and below pixels to

determine the risk of every interpolator.

• In our proposed methods in this thesis, we used the concept of NL-means. However,

our future work will focus on the concept of patch reprojection based NL-means

[94]. In this method, first the estimate of every block which is a linear combination

of the neighboring blocks is calculated. Because the blocks have overlap, for every

pixel more than one estimate is obtained. Then this estimates are fused to find the

final estimate. It is shown that this type of NL-means has better performance in

denoising especially around the regions with sharp edges. We expect that applying

patch reprojection based NL-means can further improve our results.

• Because the discussed subjects in this thesis are used in real-time applications, the

processing time of the proposed methods is of great importance. As we mentioned

throughout this thesis, one of the main merits of our proposed methods is their capa-

bility for paralleled implementation. In other words, since the interpolation of each

110



M.A.Sc. Thesis - Roozbeh Dehghannasiri McMaster - Electrical Engineering

pixel is done independently, we can process more than one interpolation at each cal-

culation cycle. Our future works will consist of paralleled implementation of the

proposed methods to reduce their processing time.

• Also, we believe that our approach can yield excellent results in other applications

such as video error concealment or view extrapolation. In video transmission, some

of the transmitted packets might be missing. Video error concealment methods try to

recover these missing packets. View extrapolation is similar to the view interpolation,

but the reconstructed view is not between the reference views.
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