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Nowadays, recording videos using smartphones is a common practice in everyday life.
One advantage of using smartphones for filming is the ability to capture the sensor data
during filming to create sensor-rich videos. This thesis presents a no reference Video
Quality Assessment (VQA) tool specifically designed for sensor-rich videos. The VQA
tool assesses the quality of a given video in three levels: pixel, bit-stream, and sensor
level. In the pixel level, several measures are employed to assess the blurriness, contrast,
and naturalness of the video. Video motion, scene complexity, and bit-stream quality are
evaluated in bit-stream level. In the sensor level, the stability of the video is assessed
by utilizing the sensor data. The performance of the proposed tool was assessed in two
steps. First, the capability of each measure was evaluated against a prepared database and
the measures with higher performance were selected for the final VQA tool. Then, the
performance of the tool was examined against an existing database. The results show a
promising correlation.
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1
1.1

INTRODUCTION
Background

Nowadays, a social life without digital media is not easy to imagine. Creating, sharing and
watching videos has been integrated into the daily lives of almost everybody. Embedding
the high-quality camera into smartphones gives users the opportunity of capturing highquality videos and photos. The increasing popularity of social networks, media services,
and video sharing applications show that people have responded positively to the use of
these opportunities.
Recording videos, like every other digital media, is prone to various degradations. These
degradations may be introduced by a number of sources such as the camera characteristics, environmental conditions, the nature of the subject and transmitting impairments.
In the real-world scenarios, especially when it comes to filming in an uncontrolled environment by unskilled people, the number and the degree of degradations grow up. The
most visible distortions are the appearance of artifacts, focus-related degradations like
blurriness, color distortion, bad exposure, and stabilization issues [2].
Video degradations affect the quality of experience (QoE) of human observers. QoE is
defined as a subjective metric which indicates the degree of pleasure or displeasure of
user when they are using an application or a service [3]. Predicting QoE, however, is
difficult because of the lack of knowledge about the low-level human visual system and
also psychological factors which affect the perceived QoE [4, 5].
Estimating or predicting the visual quality of a video through QoE metrics is useful in
many applications. A video sharing company can employ the video quality score as a
factor during categorizing, filtering, manipulating or searching among the received contents. A network operator or a content provider can adapt the network settings regarding
the level of quality of video content to obtain the end-users satisfactory. Video quality
score can be employed in streaming services and real-time communications to estimate
the quality of service.
Considering the link to the human perception, the most reliable method to assess the QoE
of a video is performing a subjective test under controlled conditions [6] and analyzing the
obtained opinions. Nevertheless, this technique is massively time-consuming, costly and
prone to human factors [4, 7]. To deal with these limitations, several objective methods
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have been proposed. The focus of objective approaches is automating the quality assessment with high correlation with subjective metrics and consequently with the human
vision system [2].
Based on the amount of available information about the image or video, existing Objective QoE (OQoE) approaches can be classified into three categories: Full Reference
(FR), Reduced Reference (RR) and no-reference (NR). Full reference methods such as
Peak-Signal to Noise Ratio and Structural Similarities algorithms [5] assume that both
the pristine and the distorted version of the video are available. By this way, they focus
on comparing the videos. FR methods are accurate, robust and highly correlated with the
human perception [8]. In RR methods, only partial information such as some statistics
about the reference file is available [9].
NR approaches, in contrary, assess the quality of image or video without any extra information but the image or video itself. Although evaluating the quality of images and
videos is quite an easy task for a human subject, designing NR metrics which have a
high correlation with human perception is yet an open issue [5]. However, regarding the
fact that in most applications, no information about the original and undistorted source is
available, NR approaches are highly on demand.
Assessing the quality of videos is not the same as evaluating the quality of a sequence of
images. Although, any Image Quality Assessment (IQA) methods can be employed for
both images and video frames, concerning the nature of video contents is essential in a
Video Quality Assessment (VQA) task.
The temporal feature is an example of video specific characteristics which can assess the
freezes and jerkiness [5, 10], or motion coherency [11]. As another example, using rebuffering features on streaming context has shown a high correlation with the QoE [12, 13,
14]. Also, knowing the video format can help the assessment process. For instance, the
raw file of videos with Moving Picture Experts Group (MPEG)-4 format contains Discrete
Cosine Transform (DCT) coefficients of the video. Thus, using DCT coefficients of the
raw file instead of computing the coefficients from pixel values, can increase the speed of
calculations significantly [11, 15].
The stability of the video content is another critical video quality feature which is not
applicable to images. The motion of the camera, in mobile-captured videos, introduces
a lack of stability, so-called shakiness. It might happen intentionally or unintentionally
by shaky hands or body movement during filming. The stability is known as one of
the most annoying issues in mobile-captured videos [2]. The effect of shakiness can be
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estimated by measuring a specific type of blurriness called motion blur, which happens
as a consequence of shakiness. However, it is difficult to assess the temporal impacts of
shakiness just based on the video analysis techniques.
Shakiness assessment can be performed easier in sensor-rich videos. In sensor-rich videos,
sensor data are captured during the filming and stored with the video. GPS sensor is the
most common one which can help to embed the location in the video file. The other sensors such as the accelerometer and gyroscope can be integrated in the same way. They
can be used to detect the movements of the device. Thus, analyzing the sensor data can
provide a suitable measure for identifying shakiness.
In this thesis, we investigate different approaches in video quality assessment context.
The final goal is to design and implement a reliable and fast NR video quality assessor.
The proposed method is applied to the videos captured via Bcaster mobile application.
Bcaster app is a filming application which captures the mobile sensor data during recording activity and produces sensor-rich videos.

1.2

Objectives and delimitations

The objective of this thesis is to design and implement a video quality assessment tool
by employing several objective metrics. The focus is on the videos that are recorded
using hand-held mobile devices in free environmental conditions. Also, it is assumed
that videos are recorded with the high resolution of 1080p in MPEG4 format. This thesis
project aims to answer two central research questions.
Research question 1: What is a suitable design for an NR video quality assessment tool
to predict the perceived quality of videos captured by mobile devices?
Research question 2: How the stability of a video can be assessed utilizing sensor data?
A suitable design in the first research question refers to a design which can satisfy two
main criteria. First, the results need to correlate well with the human perceptions. Second,
the design needs to provide a fast and reliable performance. The primary goal of the
second research question is to understand the benefits of using sensor-rich videos for
assessing the shakiness distortion. It studies novel ways to utilize mobile sensor data for
measuring the stability of the video as a quality parameter.
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To address the research questions, six objectives are defined:
Objective 1: Find the most substantial degradations that occur in mobile-captured videos.
Objective 2: Select and implement an appropriate measure to estimate the amount of
each degradation.
Objective 3: Select a method to combine the individual measures to obtain the final
quality score of the assessment.
Objective 4: Find the most useful sensors in stability evaluating context.
Objective 5: Propose an algorithm to assess the stability.
Objective 6: Employ the stability measure in the video quality assessment tool.
Objective 1 intends to understand the issues introduced during the recording of videos
with hand-held devices. A literature study on related subjects is made to find the top
concerns in this context. In addition, the reasons or factors that determine the importance
of each issue should be investigated.
Objective 2 can be divided into two sub-objectives. The first sub-objective is to find the
available measures for each degradation. To achieve this, the variation of each degradation
is studied. For example, blurriness in images can be classified as motion blur, out of focus
blur and so on, for each of which numerous measures have been proposed.
The second sub-objective is defining suitable criteria to categorize the measures and consequently to select the most appropriate one. Criteria definition can be achieved through
the illusion of a literature study. The third sub-objective is to implement the measures and
to assess its performance. After confirming the usability of the measure, it can be selected
for the final version of the application.
Objective 3 aims to find a good solution to combine the results of selected measures to
achieve the final quality score for each video. It can be done by using weighted averaging
as the importance of each measure can be defined based on experiments.
Fulfilling Objective 4, first, the application of each available sensor in mobile devices
need to be learned and second, the most suitable one or ones to detect shakiness would be
selected. It needs a literature study and several experiments.
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Objective 5 considers the design and implementation of an algorithm to estimate the rate
of shakiness by analyzing the data captured from the selected sensor or sensors.
To achieve Objective 6, the proposed algorithm for stabilization measure need to be combined with other measures selected through Objectives 1-3.
One notable issue in this project is that the application needs to be able to assess the
quality of videos captured in a casual way. It means that there is no control on the type of
mobile device and the hardware in use, the subject of filming and the person who record
the videos. It makes the assessment even more challenging as there is no original video
even for evaluating the performance of the application.
There are two possible solutions to tackle this limitation. The first one is to conduct a
comprehensive subjective test which is very expensive and needs lots of considerations.
The second solution is evaluating the performance of the application against an existing
database. The latter one is followed. For this purpose, the proposed tool is tested against
Camera Video Database (CVD2014) [1].

1.3

Structure of the thesis

This thesis report is organized into seven chapters. The related works are discussed in
Chapter 2 and 3. First, the existing approaches for assessing the quality of images and
videos are presented. Then, an introduction to mobile sensors and their application are
elaborated. The details of the design and implementation of the proposed video quality
assessment tool are explained in Chapter 4. During these chapters, both research questions
are answered.
The conducted experiments and the evaluation of the proposed application are explained
in Chapter 5. A discussion about the results of the experiments and what is learned during
this thesis is presented in Chapter 6. Also, some recommendations for the future work is
presented in this chapter. Finally, a conclusion is provided in Chapter 7.
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2

VIDEO QUALITY ASSESSMENT: REVIEW

This chapter presents the literature review of degradations which occur in mobile-captured
videos as well as the existing measures to assess the severity of each degradation.

2.1

Degradations in mobile-captured videos

nditions affects the quality of produced videos. To measure the quality of hand-held
recordings, recognizing the different types of possible degradations in videos is necessary.
As the focus of this thesis is over the videos in MPEG-4 format, the focus is on the
degradations that occur in videos using this codec.
Visible degradations in MPEG videos can be categorized into five main types [16, 17] as
below:

• detail imperfections, such as visible blurring and lack of sharpness which cause
poor, and inconsistent details,
• color imperfections, such as low contrast, unnatural brightness, and darkness,
• motion imperfections, such as jumpy motion, shakiness, frozen frames, shifting
blocks of pixels from previous frames, and stalling events,
• noise, such as Gaussian, white or Mosquito noise, and
• false patterns such as artifacts, mosaic patterns and color bleeding, staircase effect
false edges, and color ringing.

These imperfections degrade the video quality by affecting hue, contrast, and edge or by
producing noise. Several factors may introduce these degradations. The primary origins
of degradations are as follows:

• environment conditions, such as poor lighting, shaky or moving camera,
• imaging content, such as the fast motion of the subject,
• imaging system characteristics, such as out of focus, over/under exposure, camera
shake, white balance, sensor noise,
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• transmitting impairments, such as packet loss, bitrate selection schemes, and
• compression distortions, such as color ringing, color bleeding, mosaic patterns,
staircase effect and false edges, jumpy motion, frozen frames, shifting blocks of
pixels from previous frames and blockiness caused by codecs based on Discrete
Cosine Transform (DCT) [17].

The first two sources can be considered as social and physiological factors, and the others are under the technical elements category [18]. The importance of each source and
the resulting degradations highly depends on the application. For example, transmitting
impairments can cause stalling effects and re-buffering problems in streaming videos. Assessing these degradations is the main points of interest for video content delivery services
such as YouTube and Netflix. On the other hand, in medical imaging, blur, low contrast,
noise, and artifacts are the most problematic degradations [19].
In videos captured by mobile devices, in uncontrolled condition, both social and technical
factors can cause imperfections. For example, recording in poor lighting can cause both
color imperfections and false patterns. As another example, shaky mobile devices may
record videos with focus problems. According to [2], the most dominant distortions are
the color and detail imperfections, stabilization and false patterns.

2.2

Image and video quality assessment measures

During the last decades, numerous objective Image and video quality assessment methods
have been proposed. OQoE methods can be categorized into pixel-based methods, which
assess the individual frames in the decoded file, and bit-stream-based techniques, which
work directly with the coded bit-stream file. The focus of some pixel-based approaches is
on one specific feature, called the specific-distortion methods, such as blurriness [15, 20],
blockiness [21, 22], noise [23], and contrast [24, 25].
On the other hand, some pixel-based methods estimate the overall quality of the desired
file. Such methods are known as general purpose methods. These methods typically
extract some specific features and statistics from the image or video. The features are
either compared with the corresponding features from the natural scene images or videos
[11, 26] or fitted to a perceptual model [27, 28].
Bit-stream-based methods, from another point of view, are concentrated on bit-stream
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information such as coding bitrate, quantization parameter, and micro blocks. In these
methods, bit-stream statistics are extracted to assess the quality of the file [29] or to estimate specific degradations such as jumpy motion or stalling events [30, 31]. Since no
IQA or VQA is robust to all distortions, some methods have been proposed that use a
collection of individual methods and combine the results [5, 32]. An overview of the
above-mentioned methods is presented in Fig. 1. In this overview, the categorization of
methods is adapted from [22].

Figure 1. An overview of image and video quality assessment methods.

2.3

Pixel-based distortion-specific measures

A straightforward approach to assess the quality of an image or video is focusing on
a single degradation. As most of the degradations are visual, their assessment should
be done in pixel-level. In this section, three main visible degradations are reviewed:
blurriness, contrast, and blockiness. The literature review focus on the methods which can
estimate the degree of degradation rather than merely detecting the existence or absence
of the desired degradation.
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2.3.1

Blurriness

Blurriness, as a loss of spatial detail and the spread of edges, is one of the most disruptive
degradations that can appear in an image. In practice, it can happen via several distortions
such as lossy compression, de-noising filtering, median filtering, noise contamination,
failed focus or relative movement of the camera and the object being captured [20]. The
two latter ones are the main factors causing blur in images (see Fig. 2). To study these
degradations in a laboratory environment, defocus blur can be simulated by applying a
Gaussian filter, and linear motion blur can be modeled by degrading the specific directions
in the frequency domain [33].

(a) Motion blur

(b) Out of focus blur

Figure 2. Examples of blurred images.

For assessing the blurriness, two main approaches are available. The first approach is to
analyze the frequency domain [15, 34, 35, 36, 37]. In this approach, blurriness is defined
as a loss of energy in high-frequency components of the image. Thus, the increase in the
loss of energy indicates a higher degree of blurriness in the image.
Second, regarding the spread of edge in a blurred image, the spatial domain information
can be extracted [38, 39, 40]. Among both approaches, Human Vision System (HVS)
model statistics such as visible blur and human contrast range can be taken into account
to improve the results [33, 41]. Similarly, using a saliency map to emphasize the region
of interest of the image in blur measurements is employed in some approaches [42].
There are several frequency-based approaches which can detect blurry images with a considerably low computational complexity. For this purpose, a filter, such as Laplacian filter
[34, 43], Discrete Cosine Transform (DCT) [15, 35], Discrete Wavelet Transform (DWT)
[36] or Discrete Fourier transform (DFT) [37] can be applied on the image. By analyzing
the log energy of the obtained coefficients and determining a threshold, the blurry and
sharp images can be distinguished.
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These approaches suffer from two main drawbacks. First, detecting the suitable threshold
is not easy and depends on the context of the image. It needs to be chosen empirically
or with Meta-heuristic approaches [35]. Moreover, they only detect whether the image is
blurred or not and cannot quantify the amount of degradation.
On the other hand, there are frequency-based approaches that estimate the rate of blurriness in an image. They use for example pyramids [34], spatial frequency sub-bands [36],
a combination of both [15] or just the ratio of high-frequency pixels [44] for this purpose.
They may average the computed statistics across different scales or compare the statistics
from different sub-bands to estimate the ratio of blurriness. For example, in [43], a focus
measure is suggested based on variance of Laplacian coefficients as
BV LAP =

X

[|L(i, j)| − L]2 ,

(1)

i,j

where L(i, j) is the Laplacian coefficient of the image in pixel (i, j) and L is the mean of
absolute values of Laplacian coefficients of the image.
Several methods have employed machine learning techniques for blurriness assessment.
In [45], non-subsamples contourlet transform features are computed and the results are
combined using Support Vector Regression (SVR) to estimate the blurriness ratio. In
[33], an Artificial Neural Network (ANN) model is employed to estimate the blurriness.
To feed the network, several features are extracted from the local phase coherence subbands, brightness and contrast of the image, and the variance of frequency response of the
Human Vision System.
The spatial-based approaches mainly focus on analyzing the edge characteristics such as
the average width of the edges [38], the edge gradients [39] or point spread function [40].
One of the most promising approaches in this context is proposed in [39]. It computes
the gradient profile sharpness histogram of the image and uses a just noticeable difference
threshold to assess the blurriness ratio. This method presents good results in both artificial
and natural blurred images.
While most of the proposed approaches estimate the global blurriness, some studies concentrate on measuring the motion blur [46, 47], the defocus blur [48, 49, 50] or classifying
images based on the type of blur in the image [51]. In [46], the appearance of motion blur
due to camera-shake in digital images is investigated. The authors believe that the directional and shape features of the Discrete Fourier Transform (DFT) spectra of the image
are helpful. The shape features can capture the degree of the orientation of the image due
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to camera motion. Also, shape features indicate the degree of loss of the higher frequency
components of the image degraded by motion blur.
An extensive experimental survey of focus measures was done in [48]. For the experiments, a database consisting of digital images captured by cameras with autofocus facility
is prepared. The authors divided the 36 different focus measures into six categories based
on the type of their core operations: first and second order differentiation, data compression, autocorrelation, image histogram, and image statistics. The results showed that the
first and second derivative measures could distinguish the focused images more reliably
rather than the others.
Moreover, several sharpness measures have been proposed that estimate the local and
global sharpness ratio by making a sharpness map of the image [41, 52, 53]. For instance,
in [52], a Fast Image Sharpness (FISH) measure is proposed which operates in three
steps. First, the Discrete Wavelet Transform (DWT) sub-bands of the grayscale image is
decomposed with three levels of decomposition. Fig. 3 shows a sample image and its
computed DWT sub-bands.

(a) Original image

(b) DWT sub-bands.

Figure 3. An Example image and its DWT sub-bands in three levels.

Let SLHn , SHLn , SHHn be the Low-High (LH), High-Low (HL) and High-High (HH) subbands where n = 1, 2, 3 and represents the level of decomposition. Then, the log-energy
of each sub-band at each decomposition level is measured as
EXYn = log 10(1 +

1 X 2
S
(i, j)),
Nn i,j XYn

(2)

where XY represents decomposition levels (HH, LH or HL) and Nn is the number of
DWT coefficients in level n.
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Then, the total log-energy at each decomposition level is computed as
En = (1 − α)

ELHn + EHLn
+ αEHHn ,
2

(3)

where the parameter α is used to determine the importance of each subband. The authors
proposed the value 0.8 for this parameter to increase the effect of HH decomposition.
As the last step, the overall sharpness of the image is computed as
SF ISH =

3
X

23−n En ,

(4)

n=1

where the factor 23−n is added to give the higher weights to the lower levels in which the
edges are stronger. Based on the experiments [52], FISH is one of the fastest methods
with promising results.
Another sharpness measure is Cumulative Probability of Blur Detection (CPBD) [53]
which takes HVS characteristics into account. This method employs the concept of Just
Noticeable Blur (JNB) [54]. JNB introduces the probability of perceiving the blurriness
of an edge by the human eye utilizing a psychometric function. Based on JNB, if the
probability of detecting blur distortion in edge e is less than PJN B , which is 63%, the
distortion is not visible for the human eye and the edge can be assumed to be sharp.
The CPBD method contains three steps: 1) the image is divided to 64 × 64 blocks, and the
edge blocks are determined using a Sobel edge detector, 2) the blur probability of each
edge estimates as
ω(e) β
| ),
(5)
Pe = 1 − exp(−|
ωJN B (e)
where ω(e) is the width of edge e and ωJN B is the JNB edge width, β is a constant, 3) the
CPBD score is computed as
PCP BD = P (Pe < PJN B ) =

PX
JN B

P (Pe ),

(6)

Pe =0

where P (Pe ) is the value of the probability distribution function in Pe . The final score is a
number in the range of 0 to 1. The higher value denotes a sharper image. This metric was
successfully examined against Gaussian-blurred images from the LIVE database [55].
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2.3.2

Blockiness

Blockiness is another irregularity in video frames with block-based coding like MPEG4
that use DCT compression [34]. This degradation is defined as an artificial discontinuity
between adjacent blocks in the image. Blockiness is known to be the most noticeable
distortion at low bitrate images and videos [21]. Fig. 4 shows two sample blocky images.
Experiments show that blockiness is not always perceptible by human vision and it highly
depends on texture, luminance, and content of the image [21, 22, 56]. Therefore, it is
important to consider an HVS model in assessing blocky images.

Figure 4. Two samples of blocky images.

Blockiness distortion can be assessed in both spatial and transform domain. In [57],
a one-dimensional discrete Fourier transform is employed to compute a bi-directional
(horizontal and vertical) blockiness measure. It pools the measures to assess the overall
blockiness rate. The results were promising even when no a priori information is provided. Hence, this approach does not employ any HVS model to refine the results. In
[58], a block-based Discrete Cosine Transform (DCT) coding technique was employed
to compute a block discontinuity map. A masking map is also provided using luminance
adaptation and texture masking adapted from human vision system (HVS) response. As
the next step, the discontinuity and masking map are integrated to compute the noticeable
blockiness map and gauge the perceptual quality of the image.
The spatial domain approaches, mostly, employ an edge detection technique and compare
the amount of brightness of neighboring blocks around edges [56]. For example, in [34],
spatial features are extracted using the horizontal and vertical edge map, and HVS features
are extracted from a background activity mask and background luminance weights. A
sequential learning algorithm is employed for growing and pruning radial basis function
(GAP-RBF) network and mapping the spatial features to the total blockiness score.
With an aim to decrease the computational cost, Liu and Heynderickx [21] proposed a
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method that employs a grid detector to find the suspected blocky regions of the image.
Then, a local pixel-based blocking measure is applied. The measure compares the gradient energy of the desired region and its adjacent locations. The method is further supplemented with a simplified model of HVS masking to obtain more reliable results. Using
light-weight grid detector along with simplified HVS model makes this approach suitable
and reliable for real-time applications.
Another approach in the spatial domain was proposed by Perra [59] comprising two main
steps. First, the horizontal and vertical edge maps are produced using a Sobel operator as
Dx and Dy . Then, the edge maps are divided into blocks of 8 × 8 pixels. In the second
step, the blockiness level of each block is assessed. For this purpose, the boundary and
inner blockiness measures are defined. For boundary measure, vertical boundary pixels
(SV ) and horizontal boundary pixels (SH ) and for the inner measure, a subset of inner
pixels (SI ) are taken into account for further computations (see Fig. 5).
For boundary measure, the blockiness measure of horizontal and vertical edges are calculated separately as
|Dx (i, j)|
1 X
,
(7)
Bx =
16
max(i,j)∈SV (Dx (i, j))
(i,j)∈SV

and
By =

1 X
|Dy (i, j)|
.
16
max(i,j)∈SH (Dy (i, j))

(8)

(i,j)∈SH

(a) Horizontal border

(b) Vertical border

(c) Inner pixels

Figure 5. In [59] three sets of pixels in each block are examined for blockiness measures.

Then the boundary blockiness score is computed as
B = max(Bx , By ).

(9)
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Also, the inner blockiness score is calculated as
1 X
I=
20

(i,j)∈SI

p
(Dx (i, j))2 + (Dy (i, j))2
p
.
max( Dx2 + Dy2 )

(10)

.
Thus, the blockiness ratio of each block is defined as the normalized difference between
the adjusted boundary and inner blockiness score as
L=

|B k − I k |
,
|B k + I k |/2

(11)

where k controls the response of measure and the authors set the value to 2.3 based on the
experiments. The overall blockiness score of the image is the average of blockiness score
of all blocks. The overall blockiness score is a value between zero and one and the higher
value, the stronger blockiness distortion in the image is.
This approach provides high performance with low computational complexity and is employed as a part of several further systems [5, 60].

2.3.3

Contrast

Luminance contrast is one of the critical factors in assessing the quality of an image.
Because of the sophisticated system of human vision, the definition of perceptual contrast
is still an open topic [61]. A simple definition is the difference between light and dark part
of the image. The more complicated definition is the difference between visual properties
involved in distinguishing the objects in the image [61]. In general, the higher contrast
promotes finer details of the image and more visible objects (Fig. 6). The perceived
contrast of an image is influenced by several factors including lightening conditions and
image content [61].
Several approaches have been proposed to measure the contrast of an image. A brief
introduction of classic global contrast measures is presented in [24]. The methods in this
group are called global contrast measures as they try to assign a single value of contrast
for the whole image by analyzing the range of luminosity and chromaticity value in the
image. Michelson [25] defined the contrast index Cm as
Cm =

(Lmax − Lmin )
,
(Lmax + Lmin )

(12)

23

Figure 6. Examples of low contrast images.

where Lmax and Lmin are the maximum and the minimum luminance of the image respectively. Another global measure is Root Mean Square (RMS) contrast measure [62]
which is still popular as a statistic feature. It is defined as standard deviation of individual
pixel intensities and is calculated as

CRM S

v
u
W X
H
u 1 X
t
=
(Lij − Lavg ),
WH i j

(13)

where Lavg is the average of luminance of the image with size W × H and Lij is the
intensity of the pixel at point (i, j). These classic global measures are applicable in very
controlled and restrictive conditions rather natural images [24] and mainly fail in estimating the perceived contrast of natural images as they assume an equal weight for all
different spatial frequencies [63].
Also, several attempts have been made to mimic how the human vision system (HVS)
perceives the contrast. As a result, a variety of contrast sensitivity functions (CSF) have
been proposed. They consider the sensitivity of HVS to different frequencies to predict
whether the details are visible for the human eye [56]. However, some experiments show
that CSF works in only certain conditions and fails in practice for natural images [63].
Several local contrast measures have been developed to measure the contrast of natural
images. The focus of local contrast approaches is on creating the local contrast map
by comparing each pixel with its neighbors [24, 64, 65] or using image statistics and
employing the machine learning approaches [66, 67]. In [24], a measure which computes
the local contrast among neighborhood pixels at various sub-sampled levels was proposed.
The final contrast index is obtained by recombining the average contrast of each level.
Another low-complexity local contrast metric is called Weighted Level Framework (WLF)
index [68] which correlates well with subjective tests [69]. WLF contains four steps: 1)
the image is subsampled in a pyramid structure, 2) the local contrast is calculated for each
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pixel, 3) a contrast map is created for each sub-sampled image, and 4) the contrast maps
are combined to obtain the final contrast value of the image. In each level of the pyramid,
the overall contrast of color channel i is calculated as
Nl
1 X
Ci =
w l cl ,
Nl l

(14)

where Nl indicates the number of levels, wl is the assigned weight of level l and cl is the
average contrast in the same level. Experiments suggest using the variance of pixel values
in level l in channel i as the weight of level (wl ). The overall score is obtained by
CW LF =

3
X

vn Cn ,

(15)

n=1

where n represents the number of channels, red, green and blue respectively, and the
weights vn are the variance of pixel values in the corresponding channel.

2.4

Pixel-based general purpose measures

Distortion-specific approaches introduced in the previous subsections assess the quality
of the image from just one aspect such as blur, blockiness or contrast. On the other hand,
several methods have been proposed which try to assess the quality of the image as a
whole with no knowledge of the type of distortion occurred in the image. Moreover, there
are several general purpose approaches which can identify the type and amount of the
distortion/s occured in the image or video [70].
Some general purpose techniques employ feature extraction and machine learning algorithms [27, 28]. These approaches extract particular features from the distorted image and
train a machine learning model to classify the distorted and pristine images. For example,
in [27], several features such as phase congruency, gradient, and entropy of the image are
extracted and employed to train an Artificial Neural Network (ANN) model to estimate
the quality score of the image.
On the other hand, Natural Scene Statistic (NSS) approaches [11, 26] are based on an
assumption that a particular statistical regularity exists in the natural and undistorted images. Thus, one can use that regularity as a reference for assessing the quality of the
distorted images. By this way, the distortion degree of an image can be estimated by analyzing the protuberances of the reference statistical regularities. By using natural images
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as a reference, these approaches are also considered as Statistical Naturalness Measures
(SNM) [26]. Moreover, experiments suggest that several characteristics of HVS such as
visual sensitivity to directional and structural information are either intrinsic or can be
embedded in NSS techniques [71].
In [71], an NSS approach is proposed which employ the local Discrete Cosine Transform
(DCT) coefficients for quality assessment. The DCT coefficients are fitted in a generalized
Gaussian model, and several features are extracted from the obtained model. Model-based
features are mapped to the final quality score using a Bayesian inference model. To make
the model robust to any specific distortion, the model can be calibrated for the desired
distortion during training. The limitation of this approach is that it is only robust against
those distortion types which are included in the training phase. Thus, the performance of
this approach for unknown degradations is not reliable [71].
Another NSS approach, called Natural Image Quality Evaluator (NIQE) [72], estimates
the distance of a given image from the "naturalness". NIQE as a blind NR IQA technique
works with no knowledge about the type of distortion in the image or human opinions of
it. Moreover, NIQE employs the salient information of the image to consider the human
visual characteristics and to obtain more reliable results.
The NSS features in NIQE are extracted from the mean and variance of each pixel in
its 3x3 neighborhood block. The features are fitted to a MultiVariant Gaussian (MVG)
model. It is shown that the coefficients of such model reliably follow the Gaussian distribution in natural images [72]. Based on that notion, an MVG model is trained over a
corpus of natural images and is used as the references model. The quality of any desired
image can be predicted based on the distance of its MVG model and the reference model.
Moreover, NIQE uses the salient map of the image and only the NSS features of blocks
in the salient regions are taken into account.
Since the reference model is built using natural images with no or little distortion, any
violation against the reference model reveals the existence of at least one distortion. Also,
the degree of violation can indicate the severity of that distortion. In this way, NIQE is
not biased in any specific distortion. For example, in [73], NIQE method was successfully
applied to a quality measure for printed images without retraining for new distortions.
This feature makes NIQE a good candidate to be employed in an unconstrained context.
In addition, there are several blind video quality assessment approaches based on Natural
Video Statistics (NVS) [74, 75]. Similar to NSS-based image quality approaches, these
methods refer to statistical regularities in pristine and undistorted videos. They, also,
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employ temporal statistical regularities to consider motion characteristic of the video. For
this purpose, either motion direction is estimated to characterize the motion coherency
[74] or local statistics of frame differences is employed [75]. However, these approaches
model the naturalness of the video and fail to model any in-capture distortions. High
computation complexity is another negative point of NVS-based approaches [76].

2.5

Bit-stream-based measures

In many video-transmitting applications, such as video delivering services, assessing the
quality of video from existing bit-stream information is necessary. Some bit-stream information is shared in all type of video contents such as video resolution, frame-rate, and
coding bitrate. Also, some more specific features can be taken into account when the
codec of the video file is known.
Assessing the quality of MPEG video files, several bit-stream information can be employed including video resolution, video codec, frame-rate, bitrate, packet-loss rate, the
quantization parameter (QP), bits of intra-coded frames (I-frame) and Inter-coded frames
(P-frame) [5, 30]. Table 1 provides a brief description of each parameter based on the
definitions provided in [77] and [78].
In this section, focusing on NR techniques, three well-known bit-stream measures are
reviewed: bit-stream quality of the file [78], scene complexity and level of motion [30].

2.5.1

Bit-stream-based quality assessment

During the last decades, several contributions toward NR VQA in bit-stream level has
been made. In this regard, the International Telecommunication Union (ITU-T) has published a standardized approach, called Recommendation ITU-T P.1203. It introduces a
parametric model to assess the quality of video files encoded in H.264 or MPEG-4 AVC
[78]. The result of this model is the predicted mean opinion score (MOS).
In ITU-T P.1203 recommendation [78], the quality of the file is assessed by considering
the impact of both visual and audio encoding as well as Internet Protocol (IP) impairments. The recommendation combines the results to have an overall quality score on
the 5-point Absolute category rating (ACR) scale [6]. Moreover, the recommendation
assesses the quality using a sliding window of the file, which provides the quality at per-
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Table 1. Brief description of bit-stream parameters.

Parameter
Video resolution
Video Codec
Frame-rate
Coding bitrate
Packet-loss rate
Quantization
Parameter (QP)

Intra-coded
frame (I-frame)
Inter-coded
frame (P-frame)
Inter-coded
frame (B-frame)
Macroblock
(MB)

Description
The height and width of video frame in pixel
The name of video compression technique
The number of frame per second (fps)
The number of bits processing in a unit of time (Mbps)
The rate of lost packets during transmission
In DCT-based video codec, to improve coding efficiency, any block
of the DCT coefficients is quantized with dividing by an integer.
The level of quantization can be defined by a quantization parameter (QP) in range of 0 to 51
The frame which compressed with no dependency of other frames.
Also known as keyframes
The frame which compressed considering the spatial and temporal
redundancies in I- and P- frames
The frame which compressed considering the spatial and temporal
redundancies in several preceding I-, P- and B-frames
Each frame divides into several macroblocks which represent a set
of pixels and consider as the fundamental unit for codec compression

one-second intervals.
The model suggested in the ITU-T recommendation comprises three modules: 1) quantization, 2) temporal and 3) upscaling (see Fig. 7). The quantization module addresses
the video compression artifacts. For this reason, the number of decoded Macroblocks
(MB) and the Quantization Parameter (QP) in I- and P- and B- frames are employed. The
temporal module assesses the temporal and jerkiness-related degradation based on the
frame-rate of the video file in the desired window. Finally, the up-scaling module handles
the spatial degradation due to fitting the content in the user’s screen. In each module,
several constants are employed which their values are determined experimentally.

2.5.2

Bit-stream-based video content characteristics

Employing video content characteristics in assessing the quality of the video file, besides
the basic bit-stream information available in the compressed domain, has been the point of
focus of several approaches [5, 30, 77, 79]. Obtaining the content-based features without
decoding the video file is highly demanded in networked media delivery systems.
In [30], two spatial-temporal features of video content are employed for NR video quality
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Figure 7. ITU-T P.1203.1 recommendation model for assessing the quality of video file [78].

assessment. The features are motivated by the masking effect characteristic of the human
vision system (HVS). Based on this characteristic, HVS cannot process the whole scene of
each frame at once. Therefore, HVS pays more attention to the regions with perceivable
movements and new contents rather than non-salient parts of the image. Inspired by this
characteristic of HVS, two features termed motion change and scene change are defined
in [30]. These features are computed by employing the statistics of complex frames which
are P-frames with bits higher than the average bits of frames in their neighborhood.
A similar approach defines Scene Complexity (SC) and Video Motion (VM) as the spatialtemporal features of video content [79]. The Scene Complexity factor quantifies the number of presented objects and scenes in the desired video, and the Video Motion (VM)
factor demonstrates the presented movement in the video file.
The research suggests the more complex scene, the more bits needed to code the I-Frames.
Also, as the motion in a video scene increase, the differences between pixel values in
consecutive frames increases which requires more bits to code the P-Frames. Since the
Quantization (Q) parameter is utilized by rate control schemes to produce the desired bitrate, it is essential to remove the effect of quantization parameter on the bits of coded Iand P-Frames. Therefore, SC and VM are defined as

SC =

BI
,
· 0.91QI

(16)

BP
,
· 0.87QP

(17)

2·

106

2·

106

and

VM =
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where BI and BP represent the bits of codec I-Frames and P-Frames respectively. QI
and QP are the average I-Frames and P-Frames quantization parameters. Constant values
are suggested based on the characteristics of AVC/H. 264 coding. Both SC and VM are
scaled in the range [0, 1] [79].
The simplicity of calculation and high correlation with quality degradation make these
metrics an excellent candidate to participate in quality assessing models [5, 77].

2.6

Summary

In this section, the most dominant degradations in mobile-captured videos were introduced. Then several video assessment approaches categorized in pixel-based, and bitstream-based methods were discussed. Some techniques are distortion-specific such as
blurriness, blockiness, and contrast while others assess the quality of the video file with a
general scope such as statistic-based measures and bit-stream measures.
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3

STABILIZATION MEASURE

This chapter presents an introduction to sensors employed in smartphone devices and
their application in stabilization assessment. For this purpose, first, a brief introduction
of mobile device sensors is provided. It is shown that none of the sensors are applicable
alone because of their limitations including noise, offset, drifting along time and so on.
The solution is fusing sensor data to obtain more reliable values. Therefore, some fusion
techniques are discussed. Then, existing approaches to detect the shakiness along with
their application are reviewed.

3.1

Mobile phone device sensors

Nowadays, most mobile devices are empowered by several built-in sensors to measure
the environmental conditions such as air temperature, pressure, illumination as well as
the motion and position of the device in space [80]. Barometers and photometers are
examples of the environmental sensors. Motion sensors include the accelerometer, gravity
sensor, gyroscope, and rotational vector sensor. The examples of position sensors are
orientation sensor and magnetometer.
There are two types of sensors: hardware-based sensors which are physical components built into the device hardware, and software-based ones which capture one or more
hardware-based sensors to compute new data. Hardware-based sensors, including accelerometer, gyroscope, and magnetometer, are embedded in almost all mobile devices,
while, supporting software-based sensors such as orientation sensor and the gravity sensor
are not offered in all devices [80].
For stabilization measures, both motion and position sensors, in particular, accelerometer, gyroscope, and magnetometer, can be employed. Since these sensors are among the
standard sensors [80], they are available on almost all mobile devices.
The accelerometer is a tiny component which can sense the force of Earth’s gravity downward and the magnitude of acceleration along each of three accelerometer axes, x, y, z
(see Fig. 8). Accelerometer values are essential to detect whether the device is speeding
up or slowing down in a straight line and also to detect the shakiness of the device [80].
However, accelerometer data cannot represent the rotation of the device along the ac-
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celerometer axes. When the device has no motion, all accelerometer values remain the
same while the device is rotated. Moreover, the raw accelerometer data are very noisy
and are not suitable to be used directly.
The gyroscope is another tiny component embedded in the device hardware which covers
the accelerometer rotating limitation. It measures the speed at which the device is rotating.
When the device is fixed in any position, all gyroscope values are almost zero. Although
gyroscope does not provide the exact angle directly, it can be calculated by integrating the
gyroscope values over time. However, the accuracy of the calculated angle is not reliable
because of the significant errors introduced by gyroscope noise and offset. Moreover,
gyro drifts over time and its values lose the accuracy after a while [80]. This inaccuracy
can be fixed using data collected from other sensors.
The magnetometer is another sensor which presents the magnetic field intensity in each
accelerometer axes, x, y, and z and acts as a compass which detects the Earth’s magnetic
north. The magnetometer can be used for calculating the orientation of the device relative
to the magnetic north. The accuracy of this sensor is not high enough because of the
existence of magnetic perturbation in the device environment [80]. However, like other
sensors, the errors can be reduced by utilizing data gathered from other sensors.
In recent mobile devices, a software-based orientation sensor is embedded. This sensor
fuses the data coming from the accelerometer, magnetometer, and gyroscope and calculates the orientation angles: pitch, roll, and yaw (azimuth) (see Fig. 8). Using these angles
the orientation of the device relative to the Earth’s north can be defined [80].

Figure 8. Accelerometer axis and orientation angles

The range of values of all orientation angles is not the same. Pitch and roll angles change
from −90 to +90. The values are zero on the horizon, and they change toward ±90
depending on which direction the device turns. Assuming a mobile device on the table
with screen up, turning to left and right side, around the Y axis, change the values of roll
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angle. Turning the device to up and down, over the X axis, change the value of pitch
angle. The yaw value range is between 0 to 360 which zero denotes North and clockwise
turn increases the value of angle toward 360.
Despite the importance and extensive usage of orientation angle, the accuracy and reliability of this sensor have not been confirmed by scientific experiments [81].

3.2

Sensor fusion

As discussed in the previous section, the data captured from each sensor is noisy and
inaccurate. One standard solution to solve this issue is to use sensor fusion algorithms,
which combine the data from two or more sensors and obtain more reliable and accurate values. In practice, sensor fusion is applied in advanced applications such as robot
balancing, human body tracking, enhanced motion gaming and estimating the orientation
and the attitude of a device [82].
Employing sensor fusion algorithms in mobile devices aims to correct deficiencies of
each sensor and to estimate the attitude of the device in terms of the pitch, roll, and yaw
(azimuth) angles. By fusing the data captured from the accelerometer and gyroscope,
the obtained angles represent the attitude and orientation of the device regarding the start
point, the point that the fusion has been started. Adding magnetometer data has the benefit
of using Earth’s north as a fixed reference and providing the accurate estimation of the
position and orientation of the device relative to the horizon.
The complementary filters are an example of a simple, yet reliable, fusion algorithms
[81, 82, 83]. In a complementary filter, the accelerometer and magnetometer values are
combined to obtain inaccurate device orientation over long periods of time. Furthermore,
gyroscope data is used in short time intervals to obtain the accurate changes in the orientation. By this way, the complementary filter works as the low-pass filter of accelerometer/magnetometer and the high-pass filter of gyroscope signals.
The complementary filter is defined in [83] as
Of used = (1 − α)Ogyro + αOaccM ag ,

(18)

where Ogyro obtains from the values of the gyroscope sensor in a predefined time interval
and OaccM ag is calculated from the data coming from accelerometer and magnetometer
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sensors. The constant α is a weighting factor in determining the weight of each operator and was experimentally set as 0.98 in [83]. By this integration, the high-frequency
component of OaccM ag is replaced with the corresponding gyroscope orientation values.
The complementary filter is an easy and low complexity sample of sensor fusion. According to [81], the accuracy of this filter, in normal conditions with no magnetic perturbations,
is about ±14 degrees. However, to keep the results as accurate as possible, the sampling
rate of capturing sensor data needs to be near 100Hz. Reducing the sample rate affects
the accuracy of results significantly.
Kalman Filter is another sensor fusion algorithm which has been used extensively. Kalman
Filter algorithm, in its basic form, is developed for linear systems. However, several variations of this filter have been developed to manage non-linear data such as sensor data.
Among them, Extended Kalman Filter (EKF), Unscented Kalman Filter and Adaptive
Kalman Filters have been examined for sensor fusion applications [81].
Kalman filter works in a prediction-update cycle (Fig. 9). In each cycle, it predicts the
current state of the system based on the previous state and updates its prediction based on
the measurements obtained from the real (noisy) sensors.

Figure 9. Extended Kalman Filter (EKF) work flow

In prediction phase, the state of the system is predicted as
x̂k = ax̂k-1 ,

(19)

where x̂k and x̂k−1 are the states of the system in time k and k − 1 respectively, and a is
a constant. Since the predictions are prone to error, EKF defines a prediction error and
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predicts it as
pk = apk-1 a.

(20)

In the update phase, the real data captured from the sensor and the predicted data are
combined to achieve the most reliable estimation of the current state of the system as
x̂k = x̂k + Gk (zk − x̂k ),

(21)

where zk is the real sensor data. Gk is the Kalman gate constant which computes from prediction errors and the average noise of the sensor. Using the Kalman gate, the prediction
error can be updated as
pk = (1 − Gk )pk .
(22)

In [81], several sensor fusion algorithms were compared in different scenarios. The results
revealed that all variations of Kalman Filter techniques were among the best approaches
for fusing sensor data. For typical smartphone motions, the EKF fusion showed the average accuracy of ±7 degrees, which was far better than the fusion approach used by
Android and iOS with the average accuracy of ±20 degrees.

3.3

Shakiness estimation

Filming with hand-held devices is prone to be shaky because of intentionally and unintentionally movements of the device. The intentional movement is a motion that the filmmaker performs purposely including panning and zooming the screen or tilting, rotating
or moving of the camera. On the other hand, the unwanted motion includes movements
of device-holder such as the shaky hand or small pose changes.
In the majority of recent smartphones, the native software of camera has the stabilization feature which aims to compensate for the unwanted motions. However, stabilization
performance is not perfect. Also, this feature can be disabled by the user. Thus, a more
reliable solution is needed.
Since any movement affects the device sensor data, one valid solution is to use motion and
position sensors to detect the amount of shakiness and score the stability of the created
video. The most suitable sensor is the accelerometer which detects all tiny movements
of the device. This sensor has extensive usage in detecting shake events as it is easy to
measure the quick changes in the accelerometer data.
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There are several use cases of recognizing shake events such as freefall detection, pedometer, device tilting, and games [82]. However, the quick movements do not usually
happen during filming, and therefore this approach is not helpful to detect the stability of
the device. Furthermore, as mentioned before, the accelerometer data is noisy, and, also,
does not help to identify the rotation of the device.
A better approach is to fuse the measurements obtained from two or more sensors. The
advantages of using a sensor fusion technique include removing the noise and other limitations of each sensor, correcting deficiencies in sensor data and calculating the orientation
of the device more accurately.
By this way, it is also possible to record the orientation of the device during recording, and
form a motion signal which would show both wanted and unwanted motions. Frequency
analysis can help to recognize the type of the motion as suggested in [84]. Based on this
approach, high-frequency parts of the motion signal reflect quick movements with low
energy which are the result of unwanted motion. On the other hand, low-frequency parts
represent slow and intentional performed movements (see Fig. 10).

Figure 10. A sample motion captured from sensors represented as orientation angles (Azimuth,
pitch, and roll) over time. (a) the captured sensor data, (b) extracted wanted motion. (c) extracted
unwanted motion.

A low pass filter such as second-order Butterworth can be employed to extract the unwanted motion from the original signal [84]. The filter is formulated as
H(s) =

1
,
2
1 + (− ωs 2 )2
c

(23)
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where s is the signal and ωc2 is the cutoff threshold which is set to 0.45 experimentally.
The unwanted motion is obtained by subtracting from the original signal. Extracting the
unwanted motion using a low-pass filter provides useful insights for stabilization purpose
[85, 84]. This information can be used for calculating the shakiness rate of a video.

3.4

Summary

In this chapter, a brief introduction of mobile device sensors was presented. The relevant sensors in detecting motion namely accelerometer, magnetometer, and gyroscope
were briefly introduced. Since the data captured from each sensor, individually, is noisy
and inaccurate, two well-known sensor fusion algorithms were introduced. Furthermore,
the application of an accelerometer sensor in detecting shaky motions was explained.
Regarding the limitations of this sensor, the possibility of employing a fusion approach
for calculating the orientation angles was investigated. Moreover, a couple of successful
strategies in using orientation information for detecting unwanted motion was introduced.
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4

VIDEO QUALITY ASSESSMENT TOOL

In this chapter, the target degradations for designing VQA tool are introduced. Then,
the proposed methodology to answer the two research questions is explained. Also, the
architecture and constructing components of the tool is elaborated in detail.

4.1

Methodology

Since recording videos in open condition are prone to several distortions simultaneously,
the proposed Video Quality Assessment (VQA) tool should cover as many degradations as
possible. The selected approach is assessing each degradation individually and combining
the results to obtain the overall quality of a given video.
The proposed VQA tool is designed in three steps. First, the target degradations are selected based on the presented imperfection factors. Then, the significance of each degradation is assessed using a proper metric. In the last step, an integration approach is used
to combine the results of measures and obtain the final quality score.
The desired metric for each degradation should meet several criteria. First, a proper metric needs to have a good generalization ability which means it should not assess only one
particular aspect of a degradation type. For example, to evaluate the blurriness, a metric
which only estimates the blurriness raised by motion blur was not desired. Second, a suitable metric returns the percentage of occurred imperfection. Thus, detecting the existence
or absence of distortion is not the point of interest. Third, if several suitable metrics for a
specific degradation are available, the metric with lower complexity is more desired.
For stability degradation, in particular, two novel approaches are proposed to identify the
adverse movements and to score the video stability. By comparing the performance of
those approaches, the superior method is employed for developing the VQA tool.

4.2

Target degradations

In the proposed VQA tool, degradations caused by the social and technical factors need to
be taken into account. The social factors, including environmental conditions and imaging content, produce the most annoying degradations such as blurriness and poor contrast.
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Also, as the users are not professional, degradations caused by technical factors including out of focus, over/under exposure and shaky camera are very common in this context.
Moreover, since, the recorded videos are uploaded to the cloud, and the assessment is performed on the transmitted contents, the transmission impairments can affect the quality.
Since the captured videos are assumed to be in high resolution, it is expected to encounter
very few, or no degradations caused by DCT codec which are more annoying in lowresolution videos rather than high-resolution ones. Thus, this factor and corresponding
degradations are discarded.
Therefore, three pixel-based degradations are selected to be assessed, i.e. blurriness, contrast, and naturalness. Moreover, the video characteristic, such as video motion and scene
complexity are taken into account. Also, the stability of the video is evaluated using the
data captured from the sensor data during recording.

4.3

The proposed method

Proposed video quality assessment tool aims to assess the quality of given video with a
no-reference approach. It means no knowledge about the degradations happened to the
video is provided. In this context, a quality assessment tool designed comprising four
modules. The outline of the tool’s architecture is presented in Fig. 11.
The input of the assessment tool is a sensor-rich video which contains the desired video
and embedded sensor data which are collected during filming. The video can be recorded
by any hand-held device which is empowered by basic sensors including accelerometer,
magnetometer, and gyroscope. Also, the video is assumed to be recorded in MPEG-4
format. The output of the tool is the estimated quality of the video as a number in the
range from 0 to 100.
The quality assessment comprises three modules: pixel-level, bit-stream-level, and sensorlevel. The pixel-level module is in charge of assessing the degree of visual degradations
including blurriness, contrast, and naturalness. Since pixel-level module does not cover
the temporal characteristics of the video, the bit-stream level module is designed by defining three measures namely video motion, scene complexity, and bit-stream quality.
The sensor-level module contains two blocks. In the first block, the orientation information of the device is calculated by fusing sensor data through an Extended Kalman Filter
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Figure 11. The outline of Video Quality Assessment tool

(EKF) [84]. In the second block, the orientation information is analyzed to extract the
unwanted motion and score the stability of the signal.
The results of all measures are sent to the integration module which computes the final
score as
X
Q=
wi Si,
(24)
i

where Si is the score of module i, and wi is the weight of the corresponding module which
is determined experimentally. The output of this module is the overall quality of the given
video in the range from 0 to 100.

4.4

Quality assessor modules

Each component of the proposed VQA tool measures the quality of the given video from
one specific aspect. For each component, at least one candidate approach is selected
based on the performed literature search. In the following sections, the chosen methods
are introduced.
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4.4.1

Pixel-level module

In the pixel-level module, the visual quality of the video frames is assessed regarding
three measures: contrast, naturalness, and blurriness. For assessing the contrast, two
approaches were selected: 1) RMS contrast [62] and 2) WLF index [68] (see Section
2.3.3). The naturalness of the video frame is assessed employing NIQE measure [72] (see
Section 2.4).
For blurriness measure three approaches are chosen: 1) Cumulative Probability of Blur
Detection (CPBD) [53] as a blurriness measure 2) Fast Image Sharpness (FISH) [52]
as a frequency-based sharpness measure 3) a novel measure is proposed in this thesis,
termed Focus Assessment (FA) which employs four focus metrics to assess out of focus
blurriness. The algorithm of the first two methods are elaborated in Section 2.3.1 in detail.
Focus Assessment (FA) assesses how focused the image is. Although many efforts have
been put on developing focus metrics, the performance of each metric highly depends on
the scene and the imaging device. Thus, it is not applicable to employ one metric for
all imaging conditions [49]. Therefore, FA is designed to utilize a combination of focus
metrics to score the amount of out of focus blur reliably.
To design the FA measure, 28 focus metrics, introduced in [49] and [48], were selected as
candidate metrics. The list of metrics and their abbreviation is presented in table 2. The
abbreviations are defined based on the core function of each metric including Laplacianbased (LAP*), Gradient-based (GRA*), Wavelet-based (WAV*), Statistics-based (STA*),
DCT-based (DCT*) and Miscellaneous (MIS*) metrics. A brief introduction of each
metric is provided in [49]. The selection of focus metrics is presented in Section 5.2.

4.4.2

bit-stream-level modules

In the bit-stream module, three measures are employed. The first measure assesses the
quality of file from the bit-stream aspect, based on ITU-T P1203 recommendation [78].
The next two measures are video motion and scene complexity [79] which estimate the
video degradation ratio by utilizing the spatial-temporal features of video content. All
measures are described in detail in Section 2.3.2.
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Table 2. The candidate focus metrics selected for designing FA measure [77].

Focus operator
Gaussian derivative
Gradient energy
Tenengrad
Squared gradient
Thresholded absolute gradient
Tenengrad variance
Diagonal Laplacian
Energy of Laplacian
Modified Laplacian
Variance of Laplacian
Ratio of the wavelet coefficients
Sum of wavelet coefficients
Variance of wavelet coefficients
Gray-level variance

4.4.3

Abbr.
GRAD
GRAE
GRAN
GRAS
GRAT
GRAV
LAPD
LAPE
LAPM
LAPV
WAVR
WAVS
WAVV
STAG

Focus operator
Histogram entropy
Gray-level local variance
Normalized gray-level variance
Histogram range
DCT energy ratio
DCT reduced energy ratio
Absolute central moment
Brenner’s measure
Image contrast
Spatial frequency measure
Helmli and Scherer’s mean
Steerable filters-based
Image curvature
Vollath’s autocorrelation

Abbr.
STAH
STAL
STAN
STAR
DCTE
DCTR
MISA
MISB
MISC
MISF
MISH
MISS
MISU
MISV

Sensor-level module

For stability assessment component, two methods are proposed. The first method, termed
Angles Change Analysis (ACA), is designed based on monitoring the changes in orientation angles in every second. Any change, in each angle, that exceeds the threshold would
be considered as violence to the stability. Since the range of yaw value is twice other
angles (see Section 3), the threshold is set as one degree for pitch and roll angles, and two
degrees for yaw.
The stability score of each angle, for each second, is calculated as
S(t, a) =

N
X
|xit − xi(t−1) |
i=1

c

,

(25)

where xi is the value of angle a. xi and xi(t−1) denote the value of angle a in second t and
t − 1 respectively. The c value is the threshold constant, and N is the number of available
sensor data in that period. The overall score of the video is the average of calculated
stability scores in each second.
The second method, named Unintended Motion Analysis (UMA), was inspired by the
approach introduced in [84] (see Section 3.3). In this method, it is assumed that the
motion signal comprises intended and unintended motion. Intended motion is wanted
motion which user has moved during filming intentionally and motion happened by shaky
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camera or user unwanted movements are considered as unintended motion. Intended and
unintended motion were separated employing a Butterworth low-pass filter. Then, the
intended motion was smoothed using a Savitzky-Golay filter [86] to remove all remained
noise and obtain the most realistic estimation of the intended motion.
The next step was calculating the Signal-to-Noise Ratio (SNR) of pure wanted motion
to represent the amount of noise in the signal, and therefore, the quality of the original
signal. The SNR score was calculated as
SSN R = 10 log10

Pwanted
,
Punwanted

(26)

where P represent the power of the signal which is computed as
P =

N
1 X 2
s,
N i=1 i

(27)

where N is the total number of values in the signal and si denotes the value of the signal
in the point i.
Both measures were examined against the prepared dataset, and the measure with better
performance was selected for VQA tool. The experiment is described in detail in Section
5.3.

4.5

Summary

This chapter presented the methodology used in this thesis. Also, the details of target
degradations and the proposed architecture of the VQA tool were described. Moreover,
the chosen measures for each component were elaborated.
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5

EXPERIMENTS

In this chapter, the measures used to evaluate the performance, the dataset used for the
experiments and the details of the tests are presented. For this project, four different
experiments were designed and performed:
Experiment 1: Designing out of focus blurriness measure.
The goal of this experiment was to design a measure for out of focus blurriness which can
adequately assess the de-focus blurriness.
Experiment 2: The performance of the stability measures.
This experiment was designed to assess the performance of the proposed stability metric
using a subjective test.
Experiment 3: The performance of quality measures.
This experiment aimed to evaluate the performance of the selected measure/measures for
each component of the proposed video quality assessment tool. The metrics with higher
efficiency and lower computation complexity are chosen for final VQA tool.
Experiment 4: Evaluating the performance of proposed VQA tool.
During this experiment, the performance of video quality assessment tool was examined
against an existing database.

5.1

Performance measures

To evaluate the results of the experiments, two correlation metrics were employed namely
Pearson Linear Correlation Coefficient PLCC) and Spearman’s Rank Correlation Coefficient (SRCC). Using PLCC, the linear correlation between the estimated score and the
benchmark can be assessed as
rP LCC

PN
(xi − x)(yi − y)
= qPi=1
,
N
2
2
i=1 (xi − x) (yi − y)

(28)
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where xi denotes the estimated score, and yi is the benchmark. x and y are the average
of the scores and the benchmark respectively. N represents the total number of videos or
images examined in the experiment.
Moreover, the monotonic relationship between the estimated scores and the benchmark
was assessed with SRCC metric. In this metric, the rank of each value is used for evaluation. In this respect, the values of estimated scores are sorted in ascending order to
determine the rank of each value in the list. Also, the rank of values in the benchmark list
is calculated in the same way. The correlation between the two lists is the relative order
of the values and can be formulated as
rSRCC = 1 −

6

PN

(Xi − Yi )2
,
N (N 2 − 1)
i=1

(29)

where Xi and Yi are the ranks assigned to the xi and yi respectively.
The correlation coefficient obtained from both metrics is a number from −1 to 1. Values
closer to one suggest high positive correlation and values closer to −1 denotes strong
negative correlation. The coefficient value close to zero indicates that no relationship
between the two lists is observed. The reliability of the correlation result verifies with
a hypothesis which provides the level of marginal significance known as p-value. Thus,
the correlation is significant if the p-value is less than the significant level of 0.05 which
means the chance that two variables are correlated randomly should be less than 5%.
Employing PLCC and SRCC, both linear and non-linear correlation between the estimated results of the experiment and the benchmark can be assessed.
Besides Experiment 1, the data are fitted to a quadratic regression model. To evaluate the
goodness of model fit, two statistics are evaluated: Root Mean Square Error (RMSE) and
R-squared. The RMSE indicates the distance between real data and the predicted results
of the model. The lower value of RMSE presents the higher accuracy of model prediction
ability which means a better fit. RMSE is defined as
v
u n
u1 X
(di − pi )2
RM SE = t
n i=1

(30)

where di and pi represent the actual data and the predicted value respectively, and n is the
number of samples.
R-squared is a statistical metric which indicates the percentage of data variation which is

45
explained by the model and defines as
sP
R2 =

n
(pi
Pni=1
i=1 (di

ˆ2
− d)
ˆ2
− d)

(31)

where dˆ is the average of actual data. The higher R-squared value indicates a better fit.

5.2

Experiment 1: Designing out of focus blurriness measure

This experiment aimed to find a combination of four focus metrics out of 28 metrics,
reviewed in [46], which can measure the out of focus blurriness in wild images. The
designed measure was a candidate to be used in final VQA tool.

5.2.1

Data

The test images used in this experiment were collected from three databases: 1) 175
Gaussian-blurred images from LIVE database [55], 2) 125 Gaussian-blurred images from
the TID2013 database [87], 3) 40 naturally-blurred images from the novel NaturalBlur
database which was designed for this experiment.
There are three limitations in images collected from both LIVE and TID2013 database.
First, the images are distorted by Gaussian blur distortion artificially, and therefore no
wild image is provided. Second, these databases are not designed for blurriness assessment specifically. Therefore, no other type of blurriness is provided, nor partially blurred
image is available in these databases.
Despite an extensive search, only one publicly available database, dedicated for blurriness
assessment, was found: CERTH Image Blur Dataset [37] including both naturally and
artificially blurred images. However, in this dataset, each image is labeled as blurry or not
blurry, and the degree of blurriness is not provided. It makes the database unsuitable for
this project.
To assess the performance of each metric against naturally blurred images, a new database,
named NaturalBlur, was designed including 40 wild images suffered from defocus degradation. NaturalBlur database comprised 40 frames from 18 videos. The videos were
recorded in free imaging condition using one specific mobile application with 1920×1080
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resolution. The frames were stored as JPEG images. Fig. 12 shows a subset of images
from the prepared database.

Figure 12. Example images from NaturalBlur database.

A subjective test was designed to provide the mean opinion score of NaturalBlur database.
For this purpose, ten non-expert users were invited to score the blurriness of each image in
the range from 0 to 10. Images were shown in a 21” Samsung screen each for 30 seconds.
The blurriness score for each image was calculated as the mean of opinions.
Other experiment setups were as follows: 1) the experiment was performed on a MacBook
Pro with 3,1 GHz Intel Core i5 processor, 2) all metrics were implemented in MATLAB
R2017b, 3) the ’fitlm’ function in Matlab was used for creating a quadratic regression
model with considering ’Intercept’ term.
The experiment was designed to highlight the most proper focus metrics for FA measure.
The experiment performed in two steps. First, all metrics applied to all test images to
obtain the correlation and runtime performance. The metrics with poor performance were
excluded from further processing. Then, all possible combinations of four metrics, from
the remaining metrics, were fitted to a quadratic regression model.
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5.2.2

Results

28 focus metrics were examined against the collected images. Table 3 shows the average
running time and the correlation between each focus metric’s result and the benchmark.
It can be seen that some methods had very long runtime such as DCTE, DCTR, MISS
and WAVR and some have a very low correlation with the benchmarks including GRAD,
MISA, MISH, STAG, STAH, STAN metrics which make them undesirable for blurriness
measure. Therefore, the weak metrics, indicated by ’∗’ in Table 3, are excluded from
further processing.
Table 3. The average runtime as well as PLCC, and SRCC coefficients of focus metric in each of
three test databases.

Metric
GRAD*
GRAE
GRAN
GRAS
GRAT
GRAV
LAPD
LAPE
LAPM
LAPV
WAVR*
WAVS
WAVV
STAG*
STAH*
STAL
STAN*
STAR
DCTE*
DCTR*
MISA*
MISB*
MISC
MISF
MISH
MISS *
MISU
MISV

Runtime
(ms)
15.18
3.44
9.60
1.53
4.09
11.28
5.65
2.40
2.64
3.03
67.02
38.33
35.84
1.56
0.71
18.63
1.58
0.25
16010.85
15639.42
0.73
7.26
1382.88
5.06
9.52
61.37
11.33
5.98

LIVE
PLCC
SCRR
-0.35
-0.32
-0.60
-0.75
-0.46
-0.77
-0.55
-0.75
-0.60
-0.80
-0.30
-0.86
-0.53
-0.93
-0.56
-0.92
-0.52
-0.93
-0.36
-0.95
-0.35
-0.98
-0.47
-0.97
-0.37
-0.98
-0.19
-0.2
-0.15
-0.1
-0.38
-0.54
-0.20
-0.17
-0.0
-0.46
-0.41
-0.59
-0.36
-0.43
-0.04
-0.07
-0.47
-0.79
-0.58
-0.79
-0.63
-0.73
-0.27
-0.71
-0.37
-0.26
-0.57
-0.65
-0.46
-0.73

TID2013
PLCC
SCRR
0.13
0.17
0.45
0.52
0.40
0.60
0.43
0.54
0.39
0.56
0.32
0.75
0.55
0.71
0.61
0.70
0.54
0.72
0.3
0.77
0.26
0.79
0.54
0.75
0.28
0.78
0.10
0.13
-0.02
0.02
0.35
0.46
0.14
0.08
0.3
0.3
0.35
0.45
0.25
0.32
-0.007
-0.02
0.41
0.61
0.44
0.55
0.43
0.48
0.31
0.68
-0.06
-0.06
0.39
0.43
0.41
0.47

NaturalBlur
PLCC
SCRR
-0.01
0.02
0.05
0.04
0.10
0.11
0.05
0.04
0.08
0.14
0.2
0.23
0.09
0.09
0.04
0.06
0.10
0.09
0.2
0.2
0.18
0.20
0.10
0.12
0.16
0.20
0.04
0.07
0.07
0.03
-0.01
0.12
0.02
-0.1
0.36
0.03
-0.17
-0.12
-0.18
-0.13
-0.12
0.0
0.10
0.14
0.07
0.05
0.04
0.05
0.12
0.20
-0.00
-0.02
0.01
-0.02
0.1
0.10
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Since NaturalBlur was the most similar database to the context of this project, only this
database was involved for the next test. There, all combination of four metrics out of
18 remaining metrics were combined in a quadratic regression model. The aim was to
find all combinations with high performance. The results suggested only three promising
combinations with Root Mean Squared Error (RMSE) less than 0.17 and R-squared higher
than 80 % (see Table 4). According to the results, the best set of metrics including LAPM,
GRAN, STAR, WAVV was selected as FA measure, the candidate blur measure for the
final video quality assessment tool.
Table 4. The promising combinations of focus metrics.

Selected metrics
LAPM, GRAN, STAR, WAVV
MISV, STAL, STAR, WAVV
GRAN, GRAV, STAR, STAL

5.3
5.3.1

RMSE
0.17
0.18
0.19

R-squared
0.80
0.78
0.75

Experiment 2: The performance of the stability measures
Data

In this project, two methods were proposed to assess the stability of given video by analyzing the sensor data namely Angles Change Analysis (ACA) and Unwanted Motion
Analysis (UMA) (see Section 4.4). In this experiment, a dataset was designed and prepared to assess the performance of the proposed methods.
The dataset contains 24 videos with the average length of 10 seconds. The videos were
recorded in four scenarios, which were inspired by real-world situations, using the following procedures:
1) Start recording, walk on a straight line for ten seconds, stop filming.
2) Stand on a corner of a room, start filming from one wall, rotate 90 degrees toward the
other wall in 8 seconds, stop recording.
3) Stand on the first step of a stairway, start filming, walking down for six steps, stop
recording.
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4) Stand on a spot near a wall, hold the camera in front of eyes and near the wall, start
recording from the front view for 3 seconds, change the hand holding the phone from
right hand to the left one and continue recording for more 3 seconds, stop filming.
Five videos with three different phones including iPhone 6 plus, Huawei MYA L41, and
iPhone 6s were recorded in each scenario. Two videos were recorded using iPhone 6 plus,
two videos with Huawei MYA L41 and one video was recorded by iPhone 6s. Furthermore, a reference video, for each scenario, was recorded using iPhone 6s installed on a
tripod. All videos were recorded on one day in the same location using the same mobile application to keep environmental noise and human errors as low as possible. As an
example, the orientation angles obtained from the first scenario are shown in Fig. 13.

Figure 13. The orientation angles obtained from the first scenario. (a) - (e) are signals obtained
from five test video; (f) the reference signal.

The benchmark score of stability, for each video, was computed as the Signal-to-Noise
Ratio (SNR) of each motion signal of each video and the reference motion signal.

5.3.2

Results

Fig. 14, shows the correlation between the proposed methods and the benchmark.
The results showed that the ACA method has 72% correlation with the benchmark while
the UMA method achieved 61% correlation. Therefore, the first measure, ACA, is selected for developing the final version of the VQA tool.
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Figure 14. Pearson correlation between two proposed stability measures and the benchmark.

5.4
5.4.1

Experiment 3: The performance of quality measures
Data

The proposed video quality assessment tool comprises several components, each of which
assesses an individual aspect of the quality. The measure selected for each component
needs to be evaluated against a proper dataset to prove its performance in the desired
context. Also, for two components, blurriness and contrast, more than one candidate
approach were introduced as described in Section 4.4. The candidates need to be evaluated
against the prepared dataset to detect the most suitable one to employ in the final VQA
tool. Table 5 summarize the list of candidate measures for each module of the VQA tool.
Table 5. The candidate measures for each module in VQA tool.

Module

Pixel-level

measured subject
Naturalness
Contrast
Contrast
Blurriness
Blurriness
Blurriness

candidate measure
NIQE [72]
RMScontrast [62]
WLF index [68]
CPBD [53]
FISH [52]
(Proposed) FA

Bit-stream-level

Video motion
Scene complexity
Bitstream Quality

VM [79]
SC [79]
ITU-P1203 [78]

Sensor-level

Stability

(proposed) ACA

For this experiment, a dataset containing 54 videos with the average length of 12 seconds
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(Fig. 15) was prepared. The videos were recorded with a specific mobile application
installed on 33 different smartphones. Recording resolution was 1280 × 720 and video
format was MPEG-4. The videos were manually scored regarding six metrics; blurriness,
contrast, naturalness, video motion, scene complexity, and stability. The scores were used
as the benchmark.

5.4.2

Results

The candidate measures were evaluated against the prepared dataset. The correlation
between the predicted score of each measure and the benchmark was evaluated utilizing
PLCC and SRCC. Table 6 presents the results of this experiment.
Table 6. The Pearson and Spearman correlation scores of candidate measures for the VQA tool.

Measure
Naturalness, NIQE
Contrast, RMS contrast
Contrast, WLF index
Blurrines, FISH
Blurriness, CPBD
Blurriness, FA
VideoMotion, VM
SceneComplexity, SC
Stability, ACA

PLCC
72,58
69,91
47,17
82,81
80,64
8,19
81,08
81,47
63,96

SRCC
66,71
64,05
33,76
77,04
61,04
20,72
79,24
77,55
70,59

Based on the results, the approaches with promising performance were selected to be
employed in the final VQA tool. Thus, for the contrast component, the method based
on RMS contrast and for the blurriness component, the sharpness metric, called FISH,
were selected. Moreover, the performance of other measures including naturalness, video
quality and video motion and stability were promising as they correlated well with the
benchmark. Therefore, the chosen measures were suitable to be employed for developing
the final VQA tool.
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Figure 15. Example frames from the prepared dataset for evaluating each metric of video quality
assessment tool.
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5.5
5.5.1

Experiment 4: Evaluating the performance of VQA tool
Data

In the proposed VQA tool, the results of each metric were sent to the integration module
where the final quality score of the video was calculated using an average weighting approach in which the weights were determined experimentally. The goal of this experiment
was to assess the reliability of the obtained final score. For this purpose, the performance
of VQA tool was compared and judged against an existing video database.
For this experiment, no publicly available sensor-rich video database was found. The most
relevant database in the context of this project is Camera Video Database (CVD2014) [1]
which contains 234 videos using 78 different cameras of which 63 are mobile cameras.
All video sequences in CVD2014 are captured in five different scenes namely City, Traffic, Newspaper, Talking head and Television. Fig. 16 provides sample frames from different scenes. Restricting the content to five categories brings the advantage of having the
similar scene with similar environmental conditions using different imaging devices.

Figure 16. Example frames from the CVD2014 dataset.
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Moreover, no artificial distortion is applied to the videos, and all degradations are introduced during recording caused by environmental conditions or internal characteristics of
the imaging system. The CVD2014 database provides the overall quality of each video
using a subjective experiment.
The only concern regarding CVD2014 database is that no sensor information is provided.
However, since all videos are recorded using the fixed camera, utilizing stability measure
does not change the results significantly. Thus, only the pixel-level and bit-stream-level
modules of VQA tool were examined against the database.
To set the weights in the integration module, the measure scores for the 30 videos of the
CVD2014 database, the first five videos of each scene, were fitted on a linear regression
model. The coefficients of the model were assigned to the weights.

5.5.2

Results

In this experiment, Pearson Linear Correlation Coefficients (PLCC) metric was employed
to assess the correlation between VQA tool output and CVD2014 benchmark scores. To
have a better understanding of the performance, the assessment was, also, conducted for
pixel and bit-stream modules separately. Also, experiments were conducted for each
category of videos separately as well as the whole database. Results are shown in table 7.
Fig. 17 visually presents the correlation obtained from each modules.
Table 7. PLCC values for CVD2014 database categorized by scenes and tool’s modules.

Scene
City
Traffic
Talking head
Newspaper
Television
All

Pixel-based
61,48
23,34
55,58
74,54
82,23
60,64

Bit-stream
73,34
87,52
78,77
78,25
60,76
67,96

Integrated results
76,63
83,34
78,86
78,51
80,42
75,56

Also, the average runtime of each module was calculated( see Table 8).
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(a) Pixel-level module

(b) Bit-stream-level module

(c) VQA tool

Figure 17. PLCC between VQA tool output and the benchmark for the whole CVD2014 database
for pixel, bit-stream modules and VQA tool.

Table 8. The average runtime of VQA tool modules for one second video.

avg-runtime

Pixel-based
0,80

Bit-stream
0,38

Integrated results
1,186
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6

DISCUSSION

This thesis proposed a video quality assessment (VQA) tool based on an objective approach. The aim was to assess the quality of sensor-rich videos recorded by mobile devices. The main difficulty of this project rises from its generality context. It was assumed
that there is no control on any part of the recording process including environmental conditions, imaging system, and the content of filming. Therefore, no information on the
existence or absence of any degradation and type of it was provided.
Achieving this goal, a VQA tool was proposed in which several metrics are employed for
assessing the quality of a video from different aspects. The final quality score is computed
using the weighted average. Moreover, as a novel approach, the values of basic sensor data
including the accelerometer, magnetometer, and gyroscope was captured during recording
and used to score the stability of the video. For this purpose, a stability measure was
proposed and examined with the prepared dataset.
The performance of the proposed VQA tool was assessed in two steps. First, each individual metric was assessed against a prepared dataset to make sure the metric is suitable
for the desired context. Then, the VQA tool was assessed against CVD2014 [1] to examine its performance in a similar context. The results are promising with high correlation.
Also, as it can be seen in Table 8, the runtime of VQA tool for each second of video takes
roughly one second which is satisfactory.
The results reveal two interesting facts: first, it seems that the bit-stream-based module
provides a higher correlation with the benchmark rather than the pixel-based module. It
proves the advantage of using bit-stream measures in assessing the quality of video files.
Second, as it can be seen in Table 7, each module is superior in some scenes but not all.
However, using the integrated module, always improve the correlation. It means the idea
of using a combination of pixel and bit-stream based measures is promising.

6.1

Limitations

Although the performance of the proposed VQA tool is satisfactory during designed experiments, there were several limitations to this project. The proposed VQA tool can be
applied to the majority of videos in general scenarios. However, its performance on the
videos is prone to error for videos taken in particular situations. For example, if a user
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increases the zoom level of the camera during recording, two issues will appear. First, the
higher level of digital zoom produces a lower resolution image or video frame. This issue
increases the probability of occurring blockiness degradation. However, in this project,
the blockiness measure was discarded as it is not a significant degradation in high-quality
videos. Second, When the camera is zoomed, any small changes in orientation angles,
caused by shaky camera or user movement, profoundly affects the stability of video. It is
unclear if the current stability measure can reflect this feature.
Furthermore, more experiments are needed to prove the performance of stability measure. In this thesis, one limited dataset was prepared for this purpose, and the proposed
approach successfully passed the test. A more comprehensive dataset would help to discover the shortages of proposed method which is an essential step toward improving the
efficiency and accuracy of the algorithm. Also, having a large dataset and employing
machine learning methods could help to improve the performance.
Moreover, assessing the performance of VQA tool needs more experiments. The proposed tool is successfully assessed against the CVD2014 dataset. This dataset is the most
relevant one in the context of this project as it employs different imaging systems and
also contains only natural distortions. However, lack of sensor-rich videos was the most
important missing feature in this dataset. Thus, the actual combination of all modules;
pixel-, bit-stream- and sensor-based modules, were not assessed yet.
Another important limitation is the current integration module which works based on
weighted average strategy. In this project, the weights are determined using several limited experiments. Therefore, it is not easy to prove that the weights are chosen perfectly
and are optimal for all situations.

6.2

Future work

This project is ongoing, and the focus remains on improving the performance of the proposed VQA tool. The first plan is to invest in blurriness metrics and assess it more accurately. Adding extra measure with a specific focus on motion blur and out of focus blur is
selected as the primary approaches to pursue.
Furthermore, examining the VQA tool against videos recorded with digital zoom and
testing them in particular situations is another part of the future plan. For this purpose,
adding blockiness measure helps to recognize and rate the blockiness introduced with
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digital zoom. Moreover, assessing the stability of the camera in zoom mode is another
challenge that needs more efforts.
Another possible extension could be improving the integration module. Using a machine
learning approach like SVR instead of the current weighting average could possibly improve the performance of the tool. Also, for future work, a more comprehensive dataset
will be prepared, and the labeling will be done using crowded sourcing techniques. Providing the new dataset also enables employing a proper machine learning approach for
the integration module.
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7

CONCLUSION

Using smartphones and tablets for filming is becoming more and more popular. Also,
some camera applications capture device sensor data during filming and create sensorrich videos. Assessing the quality of these videos has many applications in streaming
services, video sharing companies, and end-users for categorizing and searching videos
based on their quality.
Filming using hand-held devices by unprofessional and ordinary people in uncontrolled
imaging and environmental condition, may produce poor quality videos such as blurred,
poor contrast and shaky videos. This thesis started with introducing a comprehensive
literature review to recognize the most annoying degradations happen in this context and
the available measures to assess those degradations.
As a practical part of the thesis, a Video Quality Assessment (VQA) tool was designed
and implemented to assess the quality of sensor-rich videos. The tool was designed in an
objective approach which means no information regarding imaging device, environmental
condition or imaging subject is required.
The proposed VQA tool comprised four modules namely pixel, bit-stream and sensor and
integration modules. Several measures are employed in each module to assess the quality
of given video from one specific aspect. In the pixel module, the contrast, blurriness, and
naturalness were assessed. In the bit-stream module, the video motion, scene complexity
and bit-stream quality of the video file are rated. Furthermore, the tool utilizes sensor data
to assess the stability of the video. Finally, the results of all measures are combined in the
integration module to produce one overall score as the quality of the video.
For all measures except stability, one or more approaches from the literature were selected as candidates. For assessing candidates, a new database containing 54 videos was
prepared, and all measures were examined against the database. For stability measure,
two novel algorithms were suggested, and one specific database was designed and prepared to assess the performance of proposed methods. The measures which correlated
best with the benchmarks were selected to be employed in the final VQA tool.
The performance of the proposed VQA tool was assessed against CVD2014 [1]. The
results showed that using a combination of pixel and bit-stream module improve the performance regardless of the content of the videos.
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