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Chapter 1

Introduction

This thesis summarizes the results of our research into video authenticity [1–7]. This chapter serves

to introduce the thesis. More specifically, Sec. 1.1 introduces the background of our research; Sec. 1.2

describes the contribution made by our research. Finally, Sec. 1.3 describes the structure of the re-

mainder of this thesis.

1.1 Research Background

With the increasing popularity of smartphones and high-speed networks, videos uploaded have be-

come an important medium for sharing information, with hundreds of millions of videos viewed daily

through sharing sites such as YouTube 1. People increasingly view videos to satisfy their information

need for news and current affairs. In general, there are two kinds of videos: (a) parent videos, which

are created when a camera images a real-world event; and (b) edited copies of a parent video that is

already available somewhere. Creating such copies may involve video editing, for example, by shot

removal, resampling and recompression, to the extent that they misrepresent the event they are por-

traying. Such edited copies can be undesirable to people searching for videos to watch [8], since the

people are interested in viewing an accurate depiction of the event in order to satisfy their information

need. In other words, they are interested in the video that retains the most information from the parent

video – the most authentic video.

For the purposes of this thesis, we define authenticity of an edited video as the proportion of

information the edited video contains from its parent video. To the best of our knowledge, we are the

1www.youtube.com
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first to formulate the research problem in this way. However, there are many conventional methods

are highly relevant, and they are discussed in detail below.

Since videos uploaded to sharing sites on the Web contain metadata that includes the upload times-

tamp and view count, a simple method for determining authenticity is to focus on the metadata. More

specifically, the focus is on originality [9] or popularity [10]: in general, videos that were uploaded

earlier or receive much attention from other users are less likely to be copies of existing videos. Since

Web videos contain context information that includes the upload timestamp [11], determining the

video that was uploaded first is trivial. However, since the metadata is user-contributed and not di-

rectly related to the actual video signal, it is often incomplete or inaccurate. Therefore, using metadata

by itself is not sufficient, and it is necessary to examine the actual video signal of the video.

Conventional methods for estimating the authenticity of a video can be divided into two cate-

gories: active and passive. Active approaches, also known as digital watermarking, embed additional

information into the parent video, enabling its editing history to be tracked [12, 13]. However, their

use is limited, as not all videos contain embedded information. Passive approaches, also known as

digital forensics, make an assessment using only the video in question without assuming that it con-

tains explicit information about its editing history [14, 15]. For example, forensic algorithms can

detect recompression [16], median filtering [17], and resampling [18]. However, forensic algorithms

are typically limited to examining videos individually, and cannot directly and objectively estimate

the authenticity of videos. Recently, forensic techniques have been extended to studying not only

individual videos, but also the relationships between videos that are near-duplicates of each other. For

example, video phylogeny examines causal relationships within a group of videos, and creates a tree to

express such relationships [19]. Other researchers have focused on reconstructing the parent sequence

from a group of near-duplicate videos [20]. The reconstructed sequence is useful for understanding

the motivation behind creating the near-duplicates: what was edited and, potentially, why.

Another related research area is “video credibility” [21], which focuses on verifying the factual

information contained in the video. Since it is entirely manual, the main focus of the research is

interfaces that enable efficient collaboration between reviewers.

We approach the problem of authenticity estimation from a radically different direction: no refer-

ence visual quality assessment [22] (hereafter, “NRQA”). NRQA algorithms evaluate the strength of

2
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Figure 1.1: A timeline of our research with respect to related research fields.

common quality degradations such as blurring [23]. Our motivation for introducing these algorithms

is as follows: editing a video requires recompressing the video signal, which is usually a lossy opera-

tion that causes a decrease in visual quality [24]. Since the edited videos were created by editing the

parent video, the parent will have a higher visual quality than any of the edited videos created from it.

Therefore, visual quality assessment is relevant to authenticity estimation. However, since the video

signals of the edited videos can differ significantly due to the editing operations, directly applying the

algorithms to compare the visual quality of the edited videos is difficult [25].

Figure 1.1 shows a timeline of our research with respect to the related research fields.

1.2 Our Contribution

This thesis proposes a method that identifies the most authentic video by estimating the proportion

of information remaining from the parent video, even if the parent is not available. We refer to

this measure as the “authenticity degree”. The novelty of this proposed method consists of four

parts: (a) in the absence of the parent video, we estimate its content by comparing edited copies

of it; (b) we reduce the difference between the video signals of edited videos before performing a

3
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visual quality comparison, thereby enabling the application of conventional NRQA algorithms; (c) we

collaboratively utilize the outputs of the NRQA algorithms to determine the visual quality of the parent

video; and (d) we enable the comparison of NRQA algorithm outputs for visually different shots.

Finally, since the proposed method is capable of detecting shot removal, scaling, and recompression,

it is effective for identifying the most authentic edited video. To the best of our knowledge, we are the

first to apply conventional NRQA algorithms to videos that have significantly different signals, and

the first to utilize video quality to determine the authenticity of a video. The proposed method has

applications in video retrieval: for example, it can be used to sort search results by their authenticity.

The effectiveness of our proposed method is demonstrated by experiments on real and artificial data.

In order to clarify our contribution, Figure 1.2 shows a map of research fields related to video

authenticity and the relationships between them. Each rectangle corresponds to a research field. The

closest related fields to the research proposed in this thesis are quality assessment and digital forensics.

To the best of our knowledge, these areas were unrelated until fairly recently, when it was proposed

that no-reference image quality assessment metrics be used to detect image forgery [26]. Furthermore,

the direct connection between video similarity and digital forensics was also made recently, when it

was proposed to use video similarity algorithms to recover the parent video from a set of edited

videos [20]. Our contribution is thus further bridging the gap between the visual quality assessment

and digital forensics by utilizing techniques from video similarity and shot segmentation. We are

looking forward to seeing new and interesting contributions.

4



1.3 Thesis Structure

This thesis consists of 5 chapters.

Chapter 2 reviews the field of quality assessment in greater detail, with a focus on conventional

methods for no-reference visual quality assessment. The chapter reviews several conventional NRQA

algorithms and compares their performance empirically. These algorithms enable the method pro-

posed in this thesis to quantify information loss. Finally, it demonstrates the limitations of existing

algorithms when applied to videos of differing visual content.

Chapter 3 proposes shot identification, an important pre-processing step for the method proposed

in this thesis. Shot identification enables the proposed method to:

1. Estimate the parent video from edited videos,

2. Detect removed shots, and

3. Apply the algorithms from Chapter 2.

The chapter first introduces algorithms for practical and automatic shot identification, and evaluates

their effectiveness empirically. Finally, the chapter introduces the shot identification algorithm and

evaluates its effectiveness as a whole.

Chapter 4 describes the proposed method for estimating the video authenticity. It offers a formal

definition of “video authenticity” and the development of several models for determining the authen-

ticity of edited videos in both full-reference and no-reference scenarios, culminating in a detailed

description of the method we recently proposed [27]. The effectiveness of the proposed method is

verified through a large volume of experiments on both artificial and real-world data.

Finally, Chapter 5 concludes the thesis and discusses potential future work.
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Chapter 2

Visual Quality Assessment

2.1 Introduction

In this chapter, I introduce the field of visual quality assessment. This chapter is organized as follows.

First, Sec. 2.2 describes what visual quality is, and what causes quality loss in Web videos. Next,

Sec. 2.3 introduces conventional algorithms for automatically assessing the visual quality of videos.

The remainder of the chapter describes experiments and investigations. More specifically, Sec. 2.4

introduces the datasets used. Section 2.5 compare the algorithms introduced in Sec. 2.3 to each other.

Section 2.6 verifies the robustness of the algorithms to logos and captions. Section 2.7 investigates

the causes of visual quality loss in Web video. Section 2.8 investigates the sensitivity of algorithms to

differences in visual content. Finally, Sec. 2.9 concludes this chapter.

2.2 What is Visual Quality?

The use of images and video for conveying information has seen tremendous growth recently, owing

to the spread of the Internet and high-speed mobile networks and devices. Maintaining the appear-

ance of captured images and videos at a level that is satisfactory to the human viewer is therefore

paramount. Unfortunately, the quality of digital image is rarely perfect due to distortions during ac-

quisition, compression, transmission and processing. In general, human viewers can easily identify

and quantify the quality of an image. However, the vast volume of images make the subjective assess-

ment impractical in the general case. Therefore, automatic algorithms that predict1 the visual quality

of an image are necessary.

1Since humans are the main consumers of visual information, the algorithm outputs must correlate well with subjective
scores.
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There are many applications for visual quality assessment algorithms. First, they can be used to

monitor visual quality in an image acquisition system, maximizing the quality of the image that is

acquired. Second, they can be used for benchmarking existing image processing algorithms, such as,

for example, compression, restoration and denoising.

There are three main categories of objective visual quality assessment algorithms: full-reference,

reduced-reference, and no-reference. They are discussed in greater detail below. Figure 2.1 shows

a summary of the methods. While the figure describes images, the concepts apply equally well to

videos.

The full-reference category assumes that an image of perfect quality (the reference image) is

available, and assesses the quality of the target image by comparing it to the reference [25, 28–30].

While full-reference algorithms correlate well with subjective scores, there are many cases were the

reference image is not available.

Reduced-reference algorithms do not require the reference image to be available [31]. Instead,

certain features are extracted from the reference image, and used by the algorithm to assess the quality

of the target image. While such algorithms are more practical than full-reference algorithms, they still

require auxiliary information, which is not available in many cases.

No-reference algorithms2 assess the visual quality of the target image without any additional infor-

mation [23, 32–37]. This thesis focuses on no-reference algorithms, since they are the most practical.

In the absence of the reference image, these algorithms attempt to identify and quantify the strength

of common quality degradations3. The remainder of this chapter focuses specifically on no-reference

algorithms, since they are most practical.

Finally, in the context of videos shared on the Web, there are several causes for decreases in visual

quality:

1. Recompression caused by repetitively downloading a video and uploading the downloaded

copy. This happens frequently and is known as reposting. We refer to this as the recompression

stage.

2. Downloading the video at lower than maximum quality and then uploading the downloaded

2Also known as “blind” algorithms
3Also known as “artifacts”
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Figure 2.1: A summary of the methods for objective visual quality assessment.

copy. We refer to this as the download stage.

3. Significant changes to the video caused by video editing.

2.3 Conventional Algorithms

This section introduces several popular no-reference quality assessment (NRQA) algorithms. Since

video quality is very closely related to image quality, many of the methods in this chapter apply to

both images and video. In particular, image-based methods can be applied to the individual frames of

a video, and their results averaged to yield the quality of the entire video.

Conventional algorithms can be classified by the artifact that they target and the place in the

decoding pipeline at which they operate. Figure 2.3 shows the decoding pipeline for a generic image

compression method. The input to the pipeline is a compressed image in the form of a bitstream, and

the output is the decompressed image in raster format. NRQA algorithms that operate in the spatial

domain require the full decoding pipeline to complete. In contrast, some transform-domain NRQA

algorithms operate directly after entropy decoding and inverse quantization. Since they do not require

an inverse transform, they are computationally less expensive than spatial-domain algorithms.

No-reference methods do not require the original to be available — they work on the degraded

video only. These methods work by detecting the strength of artifacts such as blurring or blocking.

Blurring and blocking are two examples of artifacts, the presence of which indicates reduced visual

8



quality. Blurring occurs when high-frequency spatial information is lost. This can be caused by strong

compression – since high-frequency transform coefficients are already weak in natural images, strong

compression can quantize them to zero. The loss of high-frequency spatial information can also be

caused by downsampling, as a consequence of the sampling theorem [38].

Blocking is another common artifact in images and video. It occurs as a result of too coarse a

quantization during image compression. It is often found in smooth areas, as those areas have weak

high frequency components that are likely to be set to zero as a result of the quantization process.

There are other known artifacts, such as ringing and mosquito noise, but they are not as common

in Web video. Therefore, the remainder of this chapter will focus on the blurring and blocking artifacts

only.

For example, Fig. 2.2(a) shows an original image of relatively high visual quality. Figures 2.2 (b)

to (f) show images of degraded visual quality due to compression and other operations.

2.3.1 Edge Width Algorithm

The conventional method [34] takes advantage of the fact that blurring causes edges to appear wider.

Sharp images thus have a narrower edge width than blurred images. The edge width in an image is

simple to measure: first, vertical edges are detected using the Sobel filter. Then, at each edge position,

the location of the local row minima and extrema are calculated. The distance between the extrema is

the edge width at that location.

One limitation of this algorithm is that it cannot be used to directly compare the visual quality of

two images of different resolutions, since the edge width depends on resolution. A potential work-

around for this limitation is to scale the images to a common resolution prior to comparison.

2.3.2 No-reference Block-based Blur Detection

While the edge width algorithm described in Section 2.3.1 is effective, it is computationally expensive

due to the edge detection step. Avoiding edge detection would allow the algorithm to be applied to

video more efficiently. The no-reference block-based blur detection (NR-BBD) algorithm [36] targets

video compressed in the H.264/AVC format [39], which includes an in-loop deblocking filter that

blurs macroblock boundaries to reduce the blocking artifact. Since the effect of the deblocking filter

is proportional to the strength of the compression, it is possible to estimate the amount of blurring

9



(a) Original (b) Light JPEG compression

(c) Moderate JPEG compression (d) Moderate H.264 compression

(e) Strong H.264 compression (f) Blur

Figure 2.2: An example of images of different visual quality.
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Figure 2.3: Quality assessment algorithms at different stages of the decoding pipeline.

caused by the H.264/AVC compression by measuring the edge width at these macroblock boundaries.

Since this algorithm requires macroblock boundaries to be at fixed locations, it is only applicable to

video keyframes (also known as I-frames), as for all other types of frames the macroblock boundaries

are not fixed due to motion compensation.

2.3.3 Generalized Block Impairment Metric

The Generalized Block Impairment Metric (GBIM) [32] is a simple and popular spatial-domain

method for detecting the strength of the blocking artifact. It processes each scanline individually and

measures the mean squared difference across block boundaries. GBIM assumes that block boundaries

are at fixed locations. The weight at each location is determined by local luminance and standard

deviation, in an attempt to include the spatial and contrast masking phenomena into the model. While

this method produces satisfactory results, it has a tendency to misinterpret real edges that lie near

block boundaries.

As this is a spatial domain method, it is trivial to apply it to any image sequence. In the case of

video, full decoding of each frame will need to complete prior to applying the method. This method

corresponds to the blue block in Figure 2.3. Since this algorithm requires macroblock boundaries to

be at fixed locations, it is only applicable to video keyframes (also known as I-frames), as for all other

types of frames the macroblock boundaries are not fixed due to motion compensation.

11



2.3.4 Blocking Estimation in the FFT Domain

In [33], an FFT frequency domain approach is proposed to solve the false-positive problem of the

method introduced in Sec. 2.3.3. Because the blocking signal is periodic, it is more easily distin-

guished in the frequency domain. This approach models the degraded image as a non-blocky image

interfered with a pure blocky signal, and estimates the power of the blocky signal by examining the

coefficients for the frequencies at which blocking is expected to occur.

The method calculates a residual image and then applies a 1D FFT to each scanline of the residual

to obtain a collection of residual power spectra. This collection is then averaged to yield the com-

bined power spectrum. Figure 2.4 shows the combined power spectrum of the standard Lenna image

compressed at approximately 0.5311 bits per pixel. N represents the width of the FFT window, and

the x-axis origin corresponds to DC. The red peak at 0.125N is caused by blocking artifacts, as the

blocking signal frequency is 0.125 = 1
8 cycles per pixel4. The peaks appearing at 0.25N, 0.375N,

0.5N are all multiples of the blocking signal frequency and thus are harmonics.

This approach corresponds to the green blocks in Figure 2.3. It can be seen that it requires an

inverse DCT and FFT to be performed. This increases the complexity of the method, and is its main

disadvantage. The application of this method to video would be performed in similar fashion as

suggested for [32].

2.3.5 Blocking Estimation in the DCT Domain

In an attempt to provide a blocking estimation method with reduced computational complexity, [40]

proposes an approach that works directly in the DCT frequency domain. That is, the approach does not

require the full decoding of JPEG images, short-cutting the image decoding pipeline. This approach

is represented by the red block in Figure 2.3.

The approach works by hypothetically combining adjacent spatial blocks to form new shifted

blocks, as illustrated in Figure 2.5. The resulting block b̂ contains the block boundary between the

two original blocks b1 and b2.

Mathematically, this could be represented by the following spatial domain equation:

b̂ = b1q1 + b2q2 (2.1)
4Block width for JPEG is 8 pixels
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Figure 2.4: Blocking estimation in the FFT domain

Figure 2.5: Forming new shifted blocks.

q1 =

[
O O4×4

I4×4 O

]
, q2 =

[
O I4×4

O4×4 O

]
where I is the identity matrix and O is the zero matrix. The DCT frequency domain representation of

the new block can be calculated as:

B̂ = B1Q1 + B2Q2 (2.2)

where B̂, B1, B2, Q1, Q2 are DCT domain representations of b̂, b1, b2, q1, q2, respectively. Now, each

B̂ can be calculated by using only matrix multiplication and addition, as B1 and B2 are taken directly

from the entropy decoder output in Figure 2.3, and Q1, Q2 are constant. Thus B̂ can be calculated

without leaving the DCT domain. Since the new blocks will include the block boundaries of the

original image, the strength of the blocking signal can be estimated by examining coefficients of the

new blocks at expected frequencies.
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The benefit of this approach is its efficiency, making it particularly well-suited to quality assess-

ment of encoded video. The disadvantage is that it’s somewhat codec-dependent in assuming the DCT

coefficients will be available. This won’t always be the case, e.g. when dealing with uncompressed

images, or images compressed using a different transform. In such a case, the approach can still be

used, but it will be less efficient as it will require forward DCTs to be computed. Another benefit of

working directly in the DCT domain is that the power of higher frequency components can be more

easily determined. This makes it possible to combine this approach with blur estimation approaches

that work in the DCT domain to produce an image quality assessment method that is sensitive to both

blur and blocking degradation.

2.4 Datasets

This section introduces the datasets that were used for the experiments.

2.4.1 Artificial Dataset

The artificial dataset was created by uploading a 1080p HD video to YouTube. Copies of the uploaded

video were then downloaded in several different subsampled resolutions (more specifically, 240p,

360p, 480p and 720p). Furthermore, 5 generations of copy were obtained by uploading the previous

generation and then downloading it, where the zeroth generation is the original video. Table 2.1 shows

a summary of the artificial dataset. This dataset is available online5. Figure 2.6 shows zoomed crops

from each video.

2.4.2 Real-world Dataset (Klaus)

The dataset was created by crawling Youtube6 for all footage related to the Chilean pen incident7.

It includes a total of 76 videos, corresponding to 1 hour 16 minutes of footage. After manually

examining the downloaded content, a number of distinct versions of the footage emerged. Table 2.2

shows a subset of these versions with their resolutions, logo and caption properties. The CT1 and

168H columns list the presence of CT1 (channel) and 168H (program) logos, while the Comments

column lists the presence of any other logos and/or notable features. Figure 2.7 shows frames from

5http://tinyurl.com/lup9sch
6http://www.youtube.com
7http://en.wikipedia.org/wiki/2011 Chilean Pen Incident
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Table 2.1: A summary of the artificial dataset.

Video Comment
V0 Original video (prior to upload)
V1 Uploaded copy of V0, downloaded as 1080p
V2 Uploaded copy of V0, downloaded as 720p
V3 Uploaded copy of V0, downloaded as 480p
V4 Uploaded copy of V0, downloaded as 360p
V5 Uploaded copy of V0, downloaded as 240p
V6 2nd generation copy
V7 3rd generation copy
V8 4th generation copy
V9 5th generation copy

Table 2.2: Different versions of the Klaus video.

Version Resolution Comments
CT1 854 × 480 None
RT 656 × 480 Cropped, RT logo
Euronews 640 × 360 Euronews logo
MS NBC 1280 × 720 None
AP 854 × 478 AP logo, captions
Horosho 854 × 470 Russian captions
CT24 640 × 360 CT24 logo, captions
GMA 640 × 360 GMA captions
Flipped 320 × 240 Horizontally flipped
TYT 720 × 480 Letterboxed

each of the 10 versions described in Table 2.2. While the videos show the same scene, the subtle

differences in logos and captions are clearly visible.

Based on view count (not shown), CT1 was the most popular version. Most other versions appear

to be scaled near-duplicate copies of this version, with notable exceptions: the CT24 version replaces

the CT1 logo with the CT24 logo; the Euronews version does not have any of the logos from the CT1

version; and the AP version does not have the CT1 logo, but has the 168H logo. The absence of CT1

and/or 168H logo in some of the videos is an interesting property of the test set because it hints at the

possibility of there being a number of intermediate sources for the footage.

The ground truth values for this dataset were obtained through subjective evaluation. A total of

20 subjects participated in the evaluation.

15



(a) V0 (original video) (b) V1 (downloaded as 1080p)

(c) V2 (downloaded as 720p) (d) V3 (downloaded as 480p)

(e) V4 (downloaded as 360) (f) V5 (downloaded as 240p)

(g) V6 (2nd generation copy) (h) V7 (3rd generation copy)

(i) V8 (4th generation copy) (j) V9 (5th generation copy)

Figure 2.6: Zoomed crops form each video of Table 2.1.

2.5 Experiment: Comparison of No-reference Methods

2.5.1 Aim

This experiment aims to determine the most effective NRQA algorithm out of those presented in

Sec. 2.38.
8excluding the algorithm described in Sec. 2.3.5, since it can only be applied directly to JPEG images, not video
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(a) AP (b) CT1

(c) CT24 (d) Euronews

(e) Flipped (f) GMA

(g) Horosho (h) MS NBC

(i) RT (j) TYT

Figure 2.7: Frames from 10 different versions of the video.
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Table 2.3: Results of the comparison using the artificial dataset.

Algorithm |r| |ρ|

edge-width 0.26 0.14
edge-width-scaled 0.92 0.83
gbim 0.11 0.13
nr-bbd 0.77 0.83
be-fft 0.10 0.54

2.5.2 Method

To compare the effectiveness of the NRQA algorithms, I measured the sample correlation coefficient9

of the outputs from each algorithm with the ground truth values for each dataset. The sample correla-

tion coefficient of two sequences of equal length x = {x1, . . . , xN} and y = {y1, . . . , yN}, where N is the

length of the sequences, is calculated as:

r(x, y) =
∑

i(xi − x̄)(yi − ȳ)√∑
i(xi − x̄)2 ∑

i(yi − ȳ)2
. (2.3)

Additionally, I calculated the rank order correlation coefficient10 as:

ρ(x, y) = r(X,Y), (2.4)

where X and Y are the respective rank orders for each item of x and y, respectively. Coefficients of ±1

indicate perfect correlation, while coefficients close to zero indicates poor correlation.

2.5.3 Results

Table 2.3 shows the results for the experiment using the artificial dataset. More specifically, it shows

the correlation of the results obtained using each conventional algorithm to the ground truth. As

expected, the edge width algorithm performs much better with scaling than without, since the dataset

includes videos of different resolutions.

Similarly, Table 2.3 shows the results for the experiment using the artificial dataset. In this case,

the edge width algorithm with scaling is the only algorithm that correlates strongly with the ground

truth. Therefore, the best-performing algorithm for both the artificial and real datasets was the edge

width algorithm.

9Also known as Pearson’s r.
10Also known as Spearman’s ρ.
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Table 2.4: Results of the comparison using the real data set.

Algorithm |r| |ρ|

edge-width 0.11 0.23
edge-width-scaled 0.63 0.56
gbim 0.01 0.02
nr-bbd 0.08 0.38
be-fft 0.01 0.23

Figure 2.8: The mask used for the robustness experiment (black border for display purposes only)

2.6 Experiment: Robustness to Logos and Captions

2.6.1 Aim

The presence of logos and captions (see Fig. 2.7) was expected to interfere with the edge width

algorithm, since logos and captions also contain edges. The aim of the experiment was to quantify the

effect of this interference and investigate methods of mitigating it.

2.6.2 Method

In order to reduce the effect of logos and captions on the edge width algorithm, a mask was created as

follows:

D(n,m) = |In − Im| ?G(σ) (2.5)

M =
N∑

n=1

N∑
m=n+1

thresh(D(n,m), ε) (2.6)

where Im refers to the spatio-temporally aligned frames; G(σ) is a zero-mean Gaussian; ? is

the spatial convolution operator; thresh is the binary threshold function; σ and ε are empirically

determined constants with values of 4.0 and 64, respectively. Zero areas of the mask indicate areas of
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Table 2.5: Edge width outputs with and without masking.

Version Comparative Masked Rank
CT1 4.35 4.57 1
RT 3.79 4.03 2
Euronews 4.76 4.97 3
MS NBC 4.76 4.91 4
AP 4.96 5.22 5
Horosho 4.91 5.39 6
CT24 5.21 5.65 7
GMA 5.20 7.35 8
Flipped 7.25 7.38 9
TYT 7.84 8.13 10
r 0.86 0.93 1.00
ρ 0.97 0.98 1.00

the frame that should be included in the edge width algorithm calculation. Such areas are shown in

white in Figure 2.8. Colored areas are excluded from the calculation.

The edge width algorithm described in Sec. 2.3.1 was applied to each image in the dataset, both

with and without masking. The results were compared with the ground truth, which was obtained

through subjective evaluation.

2.6.3 Results

Table 2.5 shows the edge width algorithm outputs with and without masking. The rank column shows

the rank of each version, ordered by the outcome of the subjective evaluation. The r and ρ rows

show the sample correlation coefficient and rank order correlation coefficient, respectively, between

the outputs of the algorithm and the rank. Since the correlation coefficients are higher when masking

is used, they support the hypothesis that the logos and captions do interfere with the edge width

algorithm. However, the small benefit from applying the mask is offset by the effort required to

create the mask. More specifically, creating the mask requires comparing the images to each other

exhaustively, which is not practical when dealing with a large number of images.

2.7 Investigation: Comparison of the Causes of Visual Quality Loss

As mentioned in Sec. 2.2, there are several causes of visual quality loss in Web video. This experiment

utilizes the artificial data set and focuses on the download and re-compression stages. Table 2.6 shows
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Table 2.6: Download stage visual quality degradation.

Resolution SSIM
1080p 1.00
780p 0.96
480p 0.92
360p 0.87
240p 0.81

Table 2.7: Recompression stage visual quality degradation.

Generation SSIM
0 1.00
1 0.95
2 0.94
3 0.93
4 0.92
5 0.91

the SSIM output for each downloaded resolution of V0. Furthermore, Table 2.7 shows the SSIM

output for each copy generation. These tables allow the effect of each stage on the visual quality to

be compared. For example, downloading a 480p copy of a 1080p video accounts for as much quality

loss as downloading a 4th generation copy of the same 1080p video.

2.8 Investigation: Sensitivity to Visual Content

Visual content is known to affect NRQA algorithms in general and the edge width algorithm in par-

ticular [23]. To illustrate this effect, Fig. 2.9 shows images of similar visual quality, yet significantly

different edge widths: 2.92, 2.90, 3.92 and 4.68 for Figs. 2.9 (a), (b), (c) and (d), respectively. Without

normalization, the images of Figs. 2.9(c) and (d) would be penalized more heavily than the images of

Figs. 2.9(a) and (b). However, since these images are all uncompressed, they are free of compression

degradations, and there is no information loss with respect to the parent video. Therefore, the images

should be penalized equally, that is, not at all. Normalization thus reduces the effect of visual content

on the NRQA algorithm and achieves a fairer penalty function.
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(a) Mobcal (2.92) (b) Parkrun (2.90)

(c) Shields (3.92) (d) Stockholm (4.68)

Figure 2.9: Images with the same visual quality, but different edge widths (shown in parentheses).

2.9 Conclusion

This chapter introduced visual quality assessment in general, and several no-reference visual quality

assessment algorithms in particular. The algorithms were compared empirically using both artificial

and real-world data. Out of the examined algorithms, the edge width algorithm described in Sec. 2.3.1

proved to be the most effective.
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Chapter 3

Shot Identification

3.1 Introduction

This chapter introduces shot identification, an important pre-processing step that enables the method

proposed in this thesis. This chapter is organized as follows. Section 3.2 introduces the notation and

some initial definitions. Sections 3.3 and 3.4 describe algorithms for automatic shot segmentation

and comparison, respectively. Section 3.5 presents experiments for evaluating the effectiveness of the

algorithms presented in this chapter, and discusses the results. Section 3.6 investigates the application

of subtitles to shot identification, as described in one of our papers [6]. Finally, Sec. 3.7 concludes the

chapter.

3.2 Preliminaries

This section provides initial definitions and introduces the notation used in the remainder of the thesis.

First, Fig. 3.1 shows that a single video can be composed of several shots, where a shot is a continuous

sequence of frames captured by a single camera. The figure shows one video, six shots, and several

hundred frames (only the first and last frame of each shot is shown).

Next, borrowing some notation and terminology from existing literature [20], we define the parent

video V0 as a video that contains some new information that is unavailable in other videos. The parent

video consists of several shots V1
0,V

2
0, . . . ,V

NV0
0 , where a shot is defined as a continuous sequence

of frames that were captured by the same camera over a particular period of time. The top part of

Fig. 3.2 shows a parent video that consists of NV0 = 4 shots. The dashed vertical lines indicate shot

boundaries. The horizontal axis shows time.
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  5	
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...	
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   ...	
   ...	
   ...	
   ...	
  

Figure 3.1: Examples of a video, shots, and frames.

The parent video can be divided into its constituent shots as shown in the bottom part of Fig. 3.2.

Section 3.3 describes an algorithm for automatic shot segmentation. After segmentation, the shots

can be edited and then rearranged to create edited videos V1,V2, . . . ,VM as shown in Fig. 3.3. Each

shot of the edited videos will be visually similar to some shot of the parent video. We use the notation

Vk1
j1
' Vk2

j2
to indicate that Vk1

j1
is visually similar to Vk2

j2
. Section 3.4 describes an algorithm for

determining whether two shots are visually similar.

Next, we use the notation Ik
j to refer to the shot identifier of Vk

j, and I j to denote the set of all

the shot identifiers contained in V j. These shot identifiers are calculated as follows. First, a graph

is constructed, where each node corresponds to a shot in the edited videos, and edges connect two

shots Vk1
j1

and Vk2
j2

where Vk1
j1
' Vk2

j2
. Finally, connected components are detected, and an arbitrary

integer assigned to each connected component — these integers are the shot identifiers. Figure 3.4

illustrates the process of calculating the shot identifiers for the edited videos shown in Fig. 3.3. In this
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𝑉0 

𝑉0
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𝑉0
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𝑉0
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𝑉0
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𝑡 

Figure 3.2: An example of a parent video and its constituent shots.

𝑉1 

𝑉2 

𝑉3 

𝑉1
1 ≃ 𝑉0

2 𝑉1
2 ≃ 𝑉0

3 𝑉1
3 ≃ 𝑉0

4 

𝑉2
1 ≃ 𝑉0

3 𝑉2
2 ≃ 𝑉0

2 𝑉2
3 ≃ 𝑉0

1 

𝑉3
1 ≃ 𝑉0

4 𝑉3
2 ≃ 𝑉0

2 

Figure 3.3: An example of videos created by editing the parent video of Fig. 3.2.

example, I1
1 = I2

3 = I2
2 = i1, I2

1 = I1
2 = i2, I3

1 = I1
3 = i3, I3

2 = i4 and i1 through to i4 are different

from each other. The color of each node indicates its connected component. The actual value of

the shot identifier assigned to each connected component and the order of assigning identifiers to the

connected components are irrelevant.

3.3 Shot Segmentation

Shot boundaries can be detected automatically by comparing the color histograms of adjacent frames,

and thresholding the difference [41]. More specifically, each frame is divided into 4 × 4 blocks, and a

64-bin color histogram is computed for each block. The difference between corresponding blocks is

then computed as:

F(f1, f2, r) =
63∑

x=0

{H(f1, r, x) − H(f2, r, x)}2

H(f1, r, x)
, (3.1)

25



𝑉1
1 

𝑉1
2 𝑉1

3 𝑉3
1 

𝑉3
2 

𝑉2
1 

𝑉2
2 

𝑉2
3 

Figure 3.4: An example of calculating the shot identifiers for the edited videos in Fig. 3.3.

where f1 and f2 are the two frames being compared; r is an integer corresponding to one of the 16

blocks; and H(f1, r, x) and H(f2, r, x) correspond to the xth bin of the color histogram of the rth block

of f1 and f2, respectively. The difference between the two frames is calculated as:

E(f1, f2) = SumOfMin
8 of 16, r=1 to 16

F(f1, f2, r), (3.2)

where the SumOfMin operator computes Eq. (3.1) for 16 different values of r and sums the smallest

8 results, and is explained in further detail by its authors [41]. Given a threshold υ, if E(f1, f2) > υ for

any two adjacent frames, then those two frames lie on opposite sides of a shot boundary. Although this

method often fails to detect certain types of shot boundaries [42], it is simple, effective and sufficient

for the purposes of this paper.

3.4 Shot Comparison

Since the picture typically carries more information than the audio, the majority of video similarity

algorithms focus on the moving picture only. For example, [43,44] calculate an visual signature from

the HSV histograms of individual frames. Furthermore, [45] proposes a hierarchical approach using a

combination of computationally inexpensive global signatures and, only if necessary, local features to

detect similar videos in large collections. On the other hand, some similarity algorithms focus only on

the audio signal. For example, [46] examines the audio signal and calculates a fingerprint, which can

be used in video and audio information retrieval. Methods that focus on both the picture and the audio

also exist. Finally, there are also methods that utilize the semantic content of video. For example, [47]

examines the subtitles of videos to perform cross-lingual novelty detection of news videos. Lu et al.
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provide a good survey of existing algorithms [48].

3.4.1 A Spatial Algorithm

This section introduces a conventional algorithm for comparing two images based on their color his-

tograms [49]. First, each image is converted into the HSV color space, divided into four quadrants,

and a color histogram is calculated for each quadrant. The radial dimension (saturation) is quantized

uniformly into 3.5 bins, with the half bin at the origin. The angular dimension (hue) is quantized into

18 uniform sectors. The quantization for the value dimension depends on the saturation value: for

colors with saturation is near zero, the value is finely quantized into uniform 16 bins to better dif-

ferentiate between grayscale colors; for colors with higher saturation, the value is coarsely quantized

into 3 uniform bins. Thus the color histogram for each quadrant consists of 178 bins, and the feature

vector for a single image consists of 178 × 4 = 712 features, where a feature corresponds to a single

bin.

Next, the l1 distance between two images f1 and f2 is defined as follows:

l1(f1, f2) =
4∑

r=1

178∑
x=1

H(f1, r, x) − H(f2, r, x), (3.3)

where r refers to one of the 4 quadrants, and H(·, r, x) corresponds to the xth bin of the color histogram

for the rth quadrant. In order to apply Eq. (3.3) to shots, the simplest method is to apply it to the first

frames of the shots being compared, giving the following definition of visual similarity:

Vk1
j1
' Vk2

j2
⇐⇒ l1(fk1

j1
, fk2

j2
) < φ, (3.4)

where τ is an empirically determined threshold; fk1
j1

and fk2
j2

are the first frames of Vk1
j1

and Vk2
j2

, respec-

tively.

3.4.2 A Spatiotemporal Algorithm

This section introduces a simple conventional algorithm for comparing two videos [50]. The algorithm

calculates the distance based on two components: spatial and temporal. The distances between their

corresponding spatial and temporal components of the two videos are first are compared separately,

and combined using a weighted sum. Each component of the algorithm is described in detail below.
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Figure 3.5: Visualizing the spatial component (from [50]).

The spatial component is based on image similarity methods and calculated for each frame of the

video individually. The algorithm first discards the color information, divides the frame into p × q

equally-sized blocks and calculates the average intensity for each block, where p and q are pre-defined

constants. Each block is numbered in raster order, from 1 to m, where the constant m = p×q represents

the total number of blocks per frame. The algorithm then sorts the blocks by the average intensity. The

spatial component for a single frame is then given by the sequence of the m block numbers, ordered by

the average intensity. Figure 3.5 (a), (b) and (c) visualizes a grayscale frame divided into 3×3 blocks,

calculated average intensity, and the order of each block, respectively. The entire spatial component

for the entire video is thus an m × n matrix, where n is the number of frames in the video.

The distance between two spatial components is then calculated as:

dS (S 1, S 2) =
1

Cn

m∑
j=1

n∑
k=1

|S 1[ j, k] − S 2[ j, k]| , (3.5)

where S 1 and S 2 are the spatial components being compared, S 1[ j, k] corresponds to the jth block

of the kth frame of S 1, and C is an normalization constant that represents the maximum theoretical

distance between any two spatial components for a single frame.

The temporal component utilizes the differences in corresponding blocks of sequential frames. It

is a matrix of m × n elements, where each element T [ j, k] corresponds to:

δk
j =


1 if V j[k] > V j[k − 1]
0 if V j[k] = V j[k − 1]
−1 if otherwise

, (3.6)

where V j[k] represents the average intensity of the jth block of the kth frame of the video V . Figure 3.6

illustrates the calculation of the temporal component. Each curve corresponds to a different j. The

28



Figure 3.6: Visualizing the temporal component (from [50]).

horizontal and vertical axes correspond to k and V j[k], respectively.

Next, the distance between two temporal components is calculated as:

dT (T1,T2) =
1

C(n − 1)

m∑
j=1

n∑
k=2

|T1[ j, k] − T2[ j, k]| . (3.7)

The final distance between two shots is calculated as:

dS T (Vk1
j1
,Vk2

j2
) = αDS (S k1

j1
, S k2

j2
) + (1 − α)DT (T k1

j1
,T k2

j2
), (3.8)

where S k1
j1

and T k1
j1

are the spatial and temporal components of Vk1
j1

, respectively, and α is an empirically-

determined weighting parameter.

Finally, the algorithm enables the following definition of visual similarity:

Vk1
j1
' Vk2

j2
⇐⇒ DS T (Vk1

j1
,Vk2

j2
) < τ, (3.9)

where χ is an empirically determined threshold.

3.4.3 Robust Hash Algorithm

The robust hashing algorithm yields a 64-bit hash for each shot [51]. The benefits of this method are

low computational and space complexity. Furthermore, once the hashes have been calculated, access
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Figure 3.7: Extracting the DCT coefficients (from [51]).

to the original video is not required, enabling the application of the method to Web video sharing

portals (e.g. as part of the processing performed when a video is uploaded to the portal). After the

videos have been segmented into shots, as shown in the bottom of Fig. 3.2, the hashing algorithm

can be directly applied to each shot. The algorithm consists of several stages: (a) preprocessing, (b)

spatiotemporal transform and (d) hash computation. Each stage is described in more detail below.

The processing step focuses on the luma component of the video. First, the luma is downsampled

temporally to 64 frames. Then, the luma is downsampled spatially to 32 × 32 pixels per frame.

The motivation for the preprocessing step is to reduce the effect of differences in format and post-

processing.

The spatiotemporal transform step first applies a Discrete Cosine Transform to the preprocessed

video, yielding 32 × 32 × 64 DCT coefficients. Next, this step extracts 4 × 4 × 4 lower frequency

coefficients, as shown in Fig. 3.7. The DC terms in each dimension are ignored.

The hash computation step converts the 4 × 4 × 4 extracted DCT coefficients to a binary hash as

follows. First, the step calculates the median of the extracted coefficients. Next, the step replaces each

coefficient by a 0 if it is less than the median, and by a 1 otherwise. The result is an sequence of 64

bits. This is the hash.
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Table 3.1: Summary of the datasets used in the experiments.

Name Videos Total dur. Shots IDs
Bolt 68 4 h 42 min 1933 275

Kerry 5 0 h 47 min 103 24
Klaus 76 1 h 16 min 253 61
Lagos 8 0 h 6 min 79 17

Russell 18 2 h 50 min 1748 103
Total 175 9 h 41 min 4116 480

The calculated hashes enable shots to be compared using the Hamming distance:

D(Vk1
j1
,Vk2

j2
) =

64∑
b=1

hk1
j1

[b] ⊕ hk2
j2

[b], (3.10)

where Vk1
j1

and Vk2
j2

are the two shots being compared; hk1
j1

and hk2
j2

are their respective hashes, rep-

resented as sequences of 64 bits each; and ⊕ is the exclusive OR operator. Finally, thresholding the

Hamming distance enables the determination of whether two shots are visually similar:

Vk1
j1
' Vk2

j2
⇐⇒ D(Vk1

j1
,Vk2

j2
) < τ, (3.11)

where τ is an empirically determined threshold between 1 and 63.

3.5 Experiments

This section presents the results of experiments that compare the effectiveness of the algorithms in-

troduced in this chapter. Section 3.5.1 introduces the datasets used in the experiments. Then, Sec-

tions 3.5.2 and 3.5.3 evaluate the algorithms implemented by Equations (3.1) and (3.11), respectively.

3.5.1 Datasets

Table 3.1 shows the datasets used in the experiment, where each dataset consists of several edited

videos collected from YouTube. The “Shots” and “IDs” columns show the total number of shots and

unique shot identifiers, respectively. The Klaus dataset was first introduced in detail in Sec. 2.4.2.

The remaining datasets were all collected in similar fashion. Figures 3.8(a)–(d), (e)–(h), (i)–(l), (m)–

(p), and (q)–(t) show a small subset of screenshots of videos from the Bolt, Kerry, Klaus, Lagos and

Russell datasets, respectively. The ground truth for each dataset was obtained by manual processing.
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(a) (b) (c) (d)

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

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

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

(q) (r) (s) (t)

Figure 3.8: Frames from the real datasets. Top to bottom, the five image rows show screenshots from
the Bolt, Kerry, Klaus, Lagos and Russell datasets, respectively, of Table 3.1.
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Table 3.2: Accuracy of the automatic shot boundary detector (υ = 5.0).

Dataset Precision Recall F1 score
Bolt 0.81 0.65 0.72

Klaus 0.88 0.77 0.81
Kerry 0.91 0.81 0.86
Lagos 0.92 0.69 0.79

Russell 0.98 0.89 0.93

3.5.2 Shot Segmentation

The parameter υ determines the shot boundary detection threshold. It is applied to the result of

Eq. (3.2). For this experiment, its value was empirically set to 5.0. Since the actual shot bound-

aries are known from ground truth, it is possible to evaluate the shot boundary detector in terms of

precision, recall and F1:

P =
T P

T P + FP
, (3.12)

R =
T P

T P + FN
, (3.13)

and

F1 = 2 ×
P × R
P + R

, (3.14)

respectively, where T P is the number of true positives: actual boundaries that were detected by the

automatic algorithm; FP is the number of false positives: boundaries that were detected by the au-

tomatic algorithm but that are not actual shot boundaries; and FN is the number of false negatives:

actual boundaries that were not detected by the automatic algorithm. The mean precision, recall and

F1 score for each dataset is shown in Table 3.2. These results show that while the precision of the

algorithm is relatively high for all datasets, the recall depends on the data. Through manual examina-

tion of the results, the main cause of false negatives (low recall) was identified as “fade” or “dissolve”

shot transitions. The Bolt and Lagos datasets contain many such transitions, leading to the relatively

low recall for those datasets.

3.5.3 Shot Comparison

The parameter τ of Eq. (3.11) determines the Hamming distance threshold for visual similarity. In

order to investigate the significance of τ, we exhaustively compared the Hamming distances between

33



0 10 20 30 40 50 60
Hamming distance

100

101

102

103

104

105

106

Fr
e
q
u
e
n
cy

Similar

Not similar

(a) Bolt

0 10 20 30 40 50
Hamming distance

100

101

102

103

Fr
e
q
u
e
n
cy

Similar

Not similar

(b) Kerry

0 10 20 30 40 50
Hamming distance

100

101

102

103

104

Fr
e
q
u
e
n
cy

Similar

Not similar

(c) Klaus

0 10 20 30 40 50
Hamming distance

100

101

102

103
Fr

e
q
u
e
n
cy

Similar

Not similar

(d) Lagos

0 10 20 30 40 50 60
Hamming distance

100

101

102

103

104

105

106

Fr
e
q
u
e
n
cy

Similar

Not similar

(e) Russell

Figure 3.9: A histogram of Hamming distances for the datasets in Table 3.1.
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Figure 3.10: F1 as a function of τ for the datasets in Table 3.1.

all shots in each dataset and plotted their histograms. The histograms are shown in Fig. 3.9, with fre-

quency on a logarithmic scale. Two histograms are shown for each dataset: (i) the “similar” histogram

corresponds to Hamming distances between shots that are visually similar; and (ii) the “not similar”

histogram corresponds to Hamming distances between shots that are not visually similar. Figure 3.9

shows that as the Hamming distance increases, the proportion of comparisons between visually sim-

ilar shots decreases, and the proportion of comparisons between visually dissimilar shots increases.

However, it is obvious that picking a value for τ that allows all shots to be identified correctly is

impossible, since the two distributions always overlap.

In order to quantitatively judge the accuracy of the automatic method for calculating shot identi-

fiers, we conducted an experiment using the query-response paradigm, where the query is a shot, and

the response is the set of all shots that have the same shot identifier, as calculated by the automatic

method. Using the manually-assigned shot identifiers as ground truth, we then measured the preci-

sion, recall and F1 score as Eqs. (3.12), (3.13), and (3.14), respectively. In this case, true positives

are shots in the response that have the same manually-assigned shot identifier as the query shot; false

positives are shots in the response that have different manually-assigned shot identifiers to the query

shot; and false negatives are shots that were not part of the response, but that have the same manually-

assigned shot identifiers as the query shot. The average values across all shots for each dataset were
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Table 3.3: Accuracy of the automatic shot identifier function.

Dataset Precision Recall F1 score
Bolt 0.99 0.92 0.94
Kerry 1.00 1.00 1.00
Klaus 1.00 0.84 0.87
Lagos 1.00 0.62 0.71
Russell 1.00 0.98 0.98

then calculated.

Finally, Fig. 3.10 shows the F1 score for each dataset for different values of τ. From this figure, we

set the value of τ to 14 in the remainder of the experiment, as that value achieves the highest average F1

score across all the datasets. Table 3.3 shows the obtained results for that value of τ. From this table, it

is obvious that some datasets are easier to calculate shot identifiers for than others: for example, Kerry;

and some are more difficult: for example, Lagos. More specifically, in the Lagos case, the recall is

particularly low. This is because the dataset consists of videos that have been edited significantly,

for example, by inserting logos, captions and subtitles. In such cases, the hashing algorithm used is

not robust enough, and yields significantly different hashes for shots that a human would judge to be

visually similar. Nevertheless, Table 3.3 shows that automatic shot identifier calculation is possible.

3.6 Utilizing Semantic Information for Shot Comparison

Web video often contains shots with little temporal activity, and shots that depict the same object at

various points in time. An example of such shots includes anchor shots and shots of people speaking

(see Figure 3.11). Since the difference in spatial and temporal content is low, the algorithms introduced

in Sections 3.4.1 and 3.4.2 cannot compare such shots effectively. However, if such shots contain

different speech, then they are semantically different. This section investigates the use of semantic

information for shot comparison. More specifically, the investigation will examine using subtitles to

distinguish visually similar shots.

There are several formats for subtitles [52]. In general, subtitles consist of phrases. Each phrase

consists of the actual text as well as the time period during which the text should be displayed. The

subtitles are thus synchronized with both the moving picture and the audio signal. Figure 3.12 shows

an example of a single phrase. The first row contains the phrase number. The second row contains
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(a) Shot 3 (b) Shot 6 (c) Shot 9 (d) Shot 13 (e) Shot 15

(f) Shot 17 (g) Shot 19 (h) Shot 21 (i) Shot 25 (j) Shot 27

Figure 3.11: Unique shots from the largest cluster (first frames only).

2
00:00:03,000 −− > 00:00:06,000
Secretary of State John Kerry.
Thank you for joining us, Mr. Secretary.

Figure 3.12: An example of a phrase.

the time period. The remaining rows contain the actual text. In practice, the subtitles can be cre-

ated manually. Since this is a tedious process, Automatic Speech Recognition (ASR) algorithms that

extract the subtitles from the audio signal have been researched for over two decades [53]. Further-

more, research to extract even higher-level semantic information from the subtitles, such as speaker

identification [54], is also ongoing.

Subtitles are also useful for other applications. For example, [55] implements a video retrieval

system that utilizes the moving picture, audio signal and subtitles to identify certain types of scenes,

such as gun shots or screaming.

3.6.1 Investigation: the Effectiveness of Subtitles

This section introduces a preliminary investigation that confirms the limitations of the algorithm in-

troduced in Sec. 3.4.1 and demonstrates that subtitle text can help overcome these limitations. This

section first describes the media used in the investigation, before illustrating the limitations and a

potential solution.
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Table 3.4: Subtitle text for each shot in the largest cluster.

Shot Duration Text
3 4.57 And I’m just wondering, did you...
6 30.76 that the President was about...
9 51.55 Well, George, in a sense, we’re...
13 59.33 the President of the United...
15 15.75 and, George, we are not going to...
17 84.38 I think the more he stands up...
19 52.39 We are obviously looking hard...
21 83.78 Well, I would, we’ve offered our...
25 66.50 Well, I’ve talked to John McCain...
27 66.23 This is not Iraq, this is not...

The video used in the investigation is an interview with a political figure, obtained from YouTube.

The interview lasts 11:30 and consists of 28 semantically unique shots. Shot segmentation was per-

formed manually. The average shot length was 24.61s. Since the video did not originally have subti-

tles, the subtitles were created manually.

Next, the similarity between the shots was calculated exhaustively using a conventional method [44],

and a clustering algorithm applied to the results. Since the shots are semantically unique, ideally, there

should be 28 singleton clusters – one cluster per shot. However, there were a total of 5 clusters as a

result of the clustering. Figure 3.13 shows the first frames from representative shots in each cluster.

The clusters are numbered arbitrarily. The representative shots were also selected arbitrarily. The

numbers in parentheses show the number of shots contained in each cluster. This demonstrates the

limitation of the conventional method, which focuses on the moving picture only.

Finally, Table 3.4 shows the subtitle text for each of the shots contained in the largest cluster, which

are shown in Fig. 3.11. The shot number corresponds to the ordinal number of the shot within the

original video. The table clearly shows that the text is significantly different for each shot. Including

the text in the visual comparison will thus overcome the limitations of methods that focus on the

moving picture only. In this investigation, since the subtitles were created manually, they are an

accurate representation of the speech in the video, and strict string comparisons are sufficient for shot

identification. If the subtitles are inaccurate (out of sync or poorly recognized words), then a more

tolerant comparison method will need to be used.

38



(a) C1 (4) (b) C2 (10) (c) C3 (7) (d) C4 (2) (e) C5 (1)

Figure 3.13: Representative shots from each cluster. The parentheses show the number of shots in
each cluster.

3.6.2 Proposed Method

The proposed method compares two video shots, S i and S j. The shots may be from the same video

or different videos. Each shot consists of a set of frames F(·) and a set of words W(·), corresponding

to the frames and subtitles contained by the shot, respectively. The method calculates the difference

between the two shots using a weighted average:

D(S i, S j) = αD f (Fi, F j) + (1 − α)Dw(Wi,W j), (3.15)

where α is a weight parameter, D f calculates the visual difference, and Dw calculates the textual dif-

ference. The visual difference can be calculated using any of the visual similarity methods mentioned

in Sec. 3.4. The textual difference can be calculated as the bag-of-words distance [56] commonly used

in information retrieval:

Dw(Wi,W j) =

∣∣∣Wi ∩W j
∣∣∣∣∣∣Wi ∪W j
∣∣∣ , (3.16)

where |·| calculates the cardinality of a set.

Equation 3.15 thus compares two shots based on their visual and semantic similarity.

3.6.3 Preliminary Experiment

This section describes an experiment that was performed to verify the effectiveness of the proposed

method. This section first reviews the purpose of the experiment, introduces the media used, describes

the empirical method and evaluation criteria and, finally, discusses the results.

The authenticity degree method introduced in Chapter 4 requires shots to be identified with high

precision and recall. The shot identification component must be robust to changes in visual quality,
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Table 3.5: Video parameters

Video Fmt. Resolution Duration Shots
V1 MP4 1280 × 720 01:27 6
V2 MP4 1280 × 720 11:29 23
V3 FLV 640 × 360 11:29 23
V4 MP4 1280 × 720 11:29 23
V5 FLV 854 × 480 11:29 23

Table 3.6: ASR output example for one shot

Well, I, I would, uh, we’ve offered our friends, we’ve offered the Russians previously...
well highland and we’ve austerity our friendly the hovering the russians have previously...

highland and we’ve austerity our friendly the hovering the russians have previously...
well highland and we poverty our friendly pondered the russians have previously...

well highland and we’ve austerity our friendly the hovered russians have previously...

yet sensitive to changes in visual and semantic content. The aim of this experiment is thus to compare

shots that differ in the above parameters using the method proposed in Section 3.6.2 and determine

the precision and recall of the method.

The media used for the method includes five videos of a 11min 29s interview with a political

figure. All videos were downloaded from YouTube1. The videos differ in duration, resolution, video

and audio quality. None of the videos contained subtitles. Table 3.5 shows the various parameters

of each video, including the container format, resolution, duration and number of shots. During

pre-processing, the videos were segmented into shots using a conventional method [41]. Since this

method is not effective for certain shot transitions such as fade and dissolve, the results were cor-

rected manually. The subtitles for each shot were then created automatically using an open-source

automatic speech recognition library2. Table 3.6 shows an example of extracted subtitles, with a com-

parison to manual subtitles (top line). As can be seen from the table, the automatically extracted

subtitles differ from the manually extracted subtitles significantly. However, these differences appear

to be systematic. For example, “offered” is mis-transcribed as “hovering” in all of the four automatic

cases. Therefore, while the automatically extracted subtitles may not be useful for understanding the

semantic content of the video, they may be useful for identification.

The experiment first compared shots to each other exhaustively and manually, using a binary scale:

1www.youtube.com
2http://cmusphinx.sourceforge.net/
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Table 3.7: A summary of experiment results.

Method P R F1

Visual only 0.37 1.00 0.44
Proposed 0.98 0.96 0.96

similar or not similar. Shots that were similar to each other were grouped into clusters. There was a

total of 23 clusters, with each cluster corresponding to a visually and semantically unique shot. Each

node in the graph corresponds to a shot, and two similar shots are connected by an edge. These clusters

formed the ground truth data which was used for evaluating the precision and recall of the proposed

method. Next, the experiment repeated the comparison using method proposed in Section 3.6.2, using

an α of 0.5 to weigh visual and word differences equally. To calculate visual similarity between two

shots, the color histograms of the leading frames of the two shots were compared using a conventional

method [49].

To evaluate the effectiveness of the proposed method, the experiment measured the precision

and recall within a query-response paradigm. The precision, recall and F1 score were calculated as

Eqs. 3.12, 3.13 and 3.14. Within the query-response paradigm, the query was a single shot, selected

arbitrarily, and the response was all shots that were judged similar by the proposed method. True

positives were response shots that were similar to the query shot, according to the ground truth. False

positives were response shots that were not similar to the query shot, according to the ground truth.

False negatives were shots not in the response that were similar to the query shot, according to the

ground truth. The above set-up was repeated, using each of the shots as a query.

The average precision, recall and F-score were 0.98, 0.96, 0.96, respectively. In contrast, using

only visual features (α = 1.0) yields precision, recall and F-score of 0.37, 1.00, 0.44, respectively.

The results are summarized in Table 3.7. These results illustrate that the proposed method is effective

for distinguishing between shots that are visually similar yet semantically different.

3.6.4 Experiment

This section describes the new experiment. The purpose and method of performing the experiment

are identical to those of Sec. 3.6.3; differences with that experiment include a new dataset and a

new method of reporting the results. The following paragraphs describe the media used, review the
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(a) No subtitles (b) Open subtitles

Figure 3.14: An example of a frame with open subtitles.

experiment & evaluation methods, and discuss the results.

The media used for the experiment consists of two datasets. Dataset 1 is identical to the dataset

used in Sec. 3.6.3 (see Table 3.5). Dataset 2 includes 21 videos of an interview with a popular culture

figure. All videos were downloaded from YouTube3. The videos differ in duration, resolution, video

and audio quality. While none of the videos contained English subtitles, several videos contained

open subtitles in Spanish, as shown in Fig. 3.14. Such subtitles are part of the moving picture —

it is impossible to utilize them in Eq. 3.15 directly. Table 3.8 shows the various parameters of each

video, including the container format, resolution, duration and number of shots. The method of pre-

processing each video is described in Sec. 3.6.3.

The experiment first compared shots to each other exhaustively and manually, using a binary scale:

similar or not similar. Shots that were similar to each other were grouped into clusters. There was a

total of 98 clusters, with each cluster corresponding to a visually and semantically unique shot. Next,

a graph was created, where each node in the graph corresponds to a shot, and two similar shots are

connected by an edge. These clusters formed the ground truth data which was used for evaluating

the precision and recall of the proposed method. Next, the experiment repeated the comparison using

method proposed in Section 3.6.2, using several different values of α. To calculate visual similarity

between two shots, the color histograms of the leading frames of the two shots were compared using

3www.youtube.com
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Table 3.8: Video parameters for dataset 2.

Video Fmt. Resolution Duration Shots
V1 MP4 636 × 358 01:00.52 15
V2 MP4 596 × 336 08:33.68 96
V3 MP4 640 × 360 08:23.84 93
V4 MP4 640 × 358 15:09.17 101
V5 MP4 1280 × 720 15:46.83 103
V6 MP4 640 × 360 08:42.04 97
V7 MP4 1280 × 720 06:26.99 8
V8 MP4 1280 × 720 09:19.39 97
V9 MP4 1280 × 720 08:59.71 99
V10 MP4 596 × 336 08:33.68 96
V11 MP4 596 × 336 08:33.68 96
V12 MP4 596 × 336 08:33.68 96
V13 MP4 596 × 336 08:33.68 96
V14 MP4 596 × 336 08:33.68 96
V15 MP4 596 × 336 08:33.61 97
V16 MP4 596 × 336 08:33.68 96
V17 MP4 1280 × 720 09:06.45 99
V18 MP4 634 × 350 00:10.00 1
V19 MP4 480 × 320 08:33.76 96
V20 MP4 596 × 336 08:33.68 96
V21 MP4 596 × 336 08:33.72 97

a conventional method [49].

To evaluate the effectiveness of the proposed method, the experiment measured the precision

and recall within a query-response paradigm. The precision, recall and F1 score were calculated as

Eqs. 3.12, 3.13 and 3.14. Within the query-response paradigm, the query was a single shot, selected

arbitrarily, and the response was all shots that were judged similar by the proposed method. True

positives were response shots that were similar to the query shot, according to the ground truth. False

positives were response shots that were not similar to the query shot, according to the ground truth.

False negatives were shots not in the response that were similar to the query shot, according to the

ground truth. The above set-up was repeated, using each of the shots as a query.

Tables 3.9 and 3.10 show the results for datasets 1 and 2, respectively. These results, in particular

those of Table 3.10 demonstrate the trade-off in utilizing both text and visual features for shot identi-

fication. If only visual features are used, then recall is high, but precision is low, since it is impossible

to distinguish between shots that are visually similar but semantically different — this was the focus
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Table 3.9: A summary of experiment results for dataset 1.

Method P̄ R̄ F̄1

Text only (α = 0.0) 1.00 0.85 0.89
Visual only (α = 1.0) 0.39 1.00 0.45
Proposed (α = 0.5) 0.98 0.96 0.96

Table 3.10: A summary of experiment results for dataset 2.

Method P̄ R̄ F̄1

Text only (α = 0.0) 0.86 0.28 0.30
Visual only (α = 1.0) 0.20 0.80 0.18
Proposed (α = 0.5) 0.88 0.31 0.36

of Sec. 3.6.3 and the motivation for utilizing ASR results in shot identification. If only text features

are used, then the precision is high, but recall is low, since not all shots contain a sufficient amount of

text to be correctly identified. For example, many shots in dataset 2 contained no subtitles at all. Fur-

thermore, the accuracy of ASR varies significantly with the media. For example, dataset 1 contains a

one-on-one interview with a US political figure, who speaks for several seconds at a time and is rarely

interrupted while speaking. Dataset 2 contains a three-on-one interview with a British comedian, who

speaks with an accent and is often interrupted by the hosts. By utilizing both visual and text features,

the proposed method brings the benefit of a higher average F1 score. However, the recall is still too

low to be useful in practical shot identification.

3.7 Conclusion

This section described the process of shot identification and introduced relevant algorithms. The effec-

tiveness of the the individual algorithms and the shot identification process as a whole was confirmed

via experiments on a real-world dataset. The integration of subtitles into shot comparison improved

the precision and recall when compared to the spatial only approach (see Tables 3.9 and 3.10, it was

still lower than the results obtained using the robust hash algorithm (see Table 3.3).
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Chapter 4

The Video Authenticity Degree

4.1 Introduction

This chapter proposes the video authenticity degree and a method for its estimation. We begin the

proposal with a formal definition in Sec. 4.1.1 and the development of a full-reference model for the

authenticity degree in Sec. 4.2. Through experiments, we show that it is possible to determine the

authenticity of a video in a full-reference scenario, where the parent video is available. Next, Sec-

tion 4.3 describes the extension of the full-reference model to a no-reference scenario, as described

in another of our papers [3]. Through experiments, we verify that the model applies to a no-reference

scenario, where the parent video is unavailable. Finally, Section 4.4 proposes our final method for es-

timating the authenticity degree of a video in a no-reference scenario. Section 4.5 empirically verifies

the effectiveness of the method proposed in Sec. 4.4. The experiments demonstrate the effectiveness

of the method on real and artificial data for a wide range of videos. Finally, Section 4.6 concludes the

chapter.

4.1.1 Definition

The authenticity degree of an edited video V j is defined as the proportion of remaining information

from its parent video V0. It is a positive real number between 0 and 1, with higher values correspond-

ing to high authenticity1.

1Our earlier models did not normalize the authenticity degree to the range [0, 1].

45



4.2 Developing the Full-reference Model

4.2.1 Initial Model

In the proposed full-reference model, the parent video V0 is represented as a set of shot identifiers

S i (i = 1, . . . ,N, where N is the number of shots in V0). For the sake of brevity, the shot with the

identifier equal to S i is referred to as “the shot S i” in the remainder of this section. Let the authenticity

degree of V0 be equal to N. V0 can be edited by several operations, including: (1) shot removal and (2)

video recompression, to yield a near-duplicate video V j ( j = 1, . . . ,M, where M is the number of all

near-duplicates of V0). Since editing a video decreases its similarity with the parent, the authenticity

degree of V j must be lower than that of V0. To model this, each editing operation is associated with a

positive penalty, as discussed below.

Each shot in the video conveys an amount of information. If a shot is removed to produce a near-

duplicate video V j, then some information is lost, and the similarity between V j and V0 decreases.

According to the definition of Section 4.1.1, the penalty for removing a shot should thus be pro-

portional to the amount of information lost. Accurately quantifying this amount requires semantic

understanding of the entire video. Since this is difficult, an alternative approach is to assume that all

the N shots convey identical amounts of information. Based on this assumption, the shot removal

penalty p1 is given by:

p1(V0,V j, S i) =

1 if S i ∈ V0 ∧ S i < V j

0 otherwise
. (4.1)

Recompressing a video can cause a loss of detail due to quantization, which is another form of

information loss. The amount of information loss is proportional to the loss of detail. An objective

way to approximate the loss of detail is to examine the decrease in video quality. In a full-reference

scenario, one of the simplest methods to estimate the decrease in video quality is by calculating the

mean PSNR (peak signal-to-noise ratio) [24] between the compressed video and its parent. A high

PSNR indicates high quality; a low PSNR indicates low quality. While PSNR is known to have

limitations when comparing videos with different visual content [25], it is sufficient for our purposes
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Figure 4.1: Penalty p2 as a function of PSNR.

since the videos are nearly identical. Thus, the recompression penalty p2 is given by:

p2(V0,V j, S i) =


0 if S i < V j

1 if Qi j < α

0 if Qi j > β

(β − Qi j)/(β − α) otherwise

, (4.2)

where α is a low PSNR at which the shot S i can be considered as missing; β is a high PSNR at which

no subjective quality loss is perceived; and V0[i] and V j[i] refer to the image samples of shot S i in

video V0 and V j, respectively, and

Qi j = PSNR(V0[S i],V j[S i]). (4.3)

A significant loss in quality thus corresponds to a higher penalty, with the maximum penalty being 1.

This penalty function is visualized in Fig. 4.1.

Finally, A(V j), the authenticity degree of V j, is calculated as follows:

A(V j) = N −
N∑

i=1

p1(V0,V j, S i) + p2(V0,V j, S i). (4.4)

Note that if V0 and V j are identical, then A(V j) = N, which is a maximum and is consistent with the

definition of the authenticity degree from Sec. 4.1.1.

4.2.2 Detecting Scaling and Cropping

Scaling and cropping are simple and common video editing operations. Scaling is commonly per-

formed to reduce the bitrate for viewing on a device with a smaller display, and to increase the appar-
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ent resolution (supersampling) in order to obtain a better search result ranking. Cropping is performed

to purposefully remove unwanted areas of the frame. Since both operations are spatial, they can be

modeled using images, and the expansion to image sequences (i.e. video) is trivial. For the sake of

simplicity, this section deals with images only.

Scaling can be modeled by an affine transformation [57]:x′

y′

1

 =
S x 0 −Cx

0 S y −Cy

0 0 1


x
y
1

 , (4.5)

where (x, y) and (x′, y′) are pixel co-ordinates in the original and scaled images, respectively; S x and

S y are the scaling factors in the horizontal and vertical directions, respectively; Cx and Cy are both 0.

Since the resulting (x′, y′) may be non-integer and sparse, interpolation needs to be performed after

the above affine transform is applied to every pixel of the original image. This interpolation causes

a loss of information. The amount of information lost depends on the scaling factors and the type of

interpolation used (e.g. nearest-neighbor, bilinear, bicubic).

Cropping an image from the origin can be modeled by a submatrix operation:

I′ = I[{1, 2, . . . ,Y}, {1, 2, . . . , X}], (4.6)

where I′ and I are the cropped and original image, respectively; Y and X are the number of rows and

columns, respectively, in I′. Cropping from an arbitrary location (Cx,Cy) can be modeled through

a shift by applying the affine transform in Eq. 4.5 (with both S x and S y set to 1) prior to applying

Eq. (4.6). Since this operation involves removing rows and columns from I, it causes a loss of infor-

mation. The amount of information lost is proportional to the number of rows and columns removed.

Since both scaling and cropping cause a loss of information, their presence must incur a penalty.

If I is an original image and I′ is the scaled/cropped image, then the loss of information due to scaling

can be objectively measured by scaling I′ back to the original resolution, cropping I if required, and

measuring the PSNR [24]:

Q = PSNR(J, J′), (4.7)

where J′ is I′ restored to the original resolution and J is a cropped version of I. Cropping I is

necessary since PSNR is very sensitive to image alignment. The penalty for scaling is thus included
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Figure 4.2: Penalty p as a function of Q and C.

in the calculation of Eq. (4.7), together with the penalty for recompression. The loss of information

due to cropping is proportional to the frame area that was removed (or inversely proportional to the

area remaining).

To integrate the two penalties discussed above with the model introduced in Sec. 4.2.1, I pro-

pose to expand the previously-proposed one-dimensional linear shot-wise penalty function, shown in

Figure 4.1, to two dimensions:

p(I, I′) = max
{

0,min
(
1,

Q − β
α − β

+
C − δ
γ − δ

)}
, (4.8)

where C is the proportion of the remaining frame area of I′; (α, β) and (γ, δ) are the limits for the

PSNR and proportion of the remaining frame, respectively. Eq. (4.8) outputs a real number between

0 and 1, with higher values returned for low PSNR or remaining frame proportion. The proposed

penalty function is visualized in Fig. 4.2.

Implementing Eqs. (4.7) and (4.8) is trivial if the coefficients used for the original affine transform

in Eq. (4.5) are known. If they are unknown, they can be estimated directly from I and I′ in a full-

reference scenario. Specifically, the proposed method detects keypoints in each frame and calculates

their descriptors [58]. It then attempts to match the descriptors in one frame to the descriptors in the
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other frame using the RANSAC algorithm [59]. The relative positions of the descriptors in each frame

allow an affine transform to be calculated. The remaining crop area is is calculated directly from the

coefficients of the affine transform. Furthermore, the coefficients of this affine transform allow the

remaining crop area to be calculated as:

C j
i =

w
′

j × h
′

j

w0 × h0
, (4.9)

where (w
′

j, h
′

j) correspond to the dimensions of the keyframe from the near duplicate, after applying

the affine transform; and (w0, h0) correspond to the dimensions of the keyframe from the parent video.

4.2.3 Experiments

4.2.3.1 Testing the Initial Model

This section introduces an experiment that demonstrates the validity of model proposed in Sec. 4.2.1.

It consists of three parts: (1) selecting the model parameters; (2) creation of artificial test media; and

(3) discussion of the results.

The values for the model parameters α and β were determined empirically. First, the shields test

video (848 × 480 pixels, 252 frames) was compressed at various constant bitrates to produce near-

duplicate copies. A single observer then evaluated each of the near-duplicates on a scale of 1–5, using

the Absolute Category Rating (ACR) system introduced in ITU-T Recommendation P.910. The results

of the evaluation, shown in Fig. 4.4, demonstrate that the observer rated all videos with a PSNR lower

than approximately 23dB as 1 (poor), and all videos with a PSNR higher than approximately 36dB as

5 (excellent). The parameters α and β are thus set to 23 and 36, respectively.

To create the test set, first the single-shot test videos mobcal, parkrun, shields and stockholm

(848 × 480 pixels, 252 frames each) were joined, forming V0. These shots are manually assigned

unique signatures S 1, S 2, S 3 and S 4, respectively. Next, 9 near-duplicate videos V j ( j = 1, . . . , 9)

were created by repetitively performing the operations described in Sec. 4.2.1. For video compression,

constant-bitrate H.264/AVC compression was used, with two bitrate settings: high (512Kb/s) and low

(256Kb/s).

The results of the experiment are shown in Table 4.1. Each row of the table corresponds to a video

in the test set, with j = 0 corresponding to the parent video. The columns labeled S i (i = 1, 2, 3, 4)
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(a) S 1 (mobcal) (b) S 2 (parkrun)

(c) S 3 (shields) (d) S 4 (stockholm)

Figure 4.3: Single-shot videos used in the experiment.

show the PSNR of the shot S i in V j with respect to V0. A “–” indicates removed shots. The last column

shows the authenticity degree for V j, calculated using Eq. (4.4). These results show that the proposed

model is consistent with the definition of the authenticity degree. Specifically, the authenticity degree

is at a maximum for the parent video, and editing operations such as shot removal and recompression

reduce the authenticity degree of the edited video. Aside from V0, V3 has the highest authenticity

degree, which is consistent with the fact that it retains all the shots of V0 with only moderate video

quality loss.

4.2.3.2 Testing the Extended Model on Images

This section describes an experiment performed to verify the effectiveness of the model proposed in

Sec.4.2.2. A test data set was created by editing a frame (hereafter, original image) of the mobcal test

video using different scaling and crop parameters to Eq. (4.5), creating 42 edited images. Then, the

penalty of Eq. 4.8 was calculated for each edited image using two different methods. Method 1 used

the coefficients of Eq. (4.5) directly. Method 2 estimated the coefficients by comparing feature points
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Figure 4.4: Absolute Category Rating (ACR) results.

Table 4.1: Shot-wise PSNR and the authenticity degree.

j S 1 S 2 S 3 S 4 A(V j)
0 ∞ ∞ ∞ ∞ 4.00
1 – ∞ – ∞ 2.00
2 ∞ – ∞ ∞ 3.00
3 35.57 27.19 32.85 36.33 3.05
4 – 27.19 – 36.33 1.32
5 – 26.40 – 36.87 1.26
6 35.57 – 32.85 36.33 2.72
7 35.57 – 34.48 36.81 2.85
8 – 23.97 – 33.26 0.86
9 – 26.40 – – 0.26

in the original image and edited image. The empirical constants α, β, γ, δ were set to 23dB, 36dB, 0.5

and 0.8, respectively. The aspect ratio was maintained for all combinations (i.e. S x = S y).

The results for a selected subset of the edited images are shown in Table 4.2. The columns p1 and

p2 show the penalties calculated using Methods 1 and 2, respectively. Higher penalties are assigned

to images with a low magnification ratio (zoomed out images) and cropped images. Furthermore,

the penalties in the p2 column appear to be significantly higher than in the p1 column. The cause

becomes obvious through comparing the PSNRs obtained using Methods 1 and 2, shown in columns

Q1 and Q2 respectively. The higher penalties are caused by the fact that the PSNRs for Method 2 are

significantly lower in some cases, marked with bold. This can be explained by a lack of precision in
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Table 4.2: Results of the experiment.

S A1 A2 Q1 Q2 p1 p2

0.7 0.7 0.70 29.80 28.40 0.81 0.92
0.7 0.9 0.90 31.57 25.67 0.01 0.47
0.8 0.6 0.60 32.72 28.10 0.92 1.00
0.8 0.7 0.70 33.20 29.62 0.55 0.83
0.8 0.8 0.80 31.27 30.00 0.36 0.46
0.8 0.9 0.90 33.02 30.21 0.00 0.11
0.9 0.6 0.60 31.84 31.21 0.99 1.00
0.9 0.7 0.70 31.32 30.67 0.69 0.75
0.9 0.8 0.80 35.23 31.63 0.06 0.33
1.1 0.5 0.50 37.99 31.75 0.85 1.00
1.1 0.6 0.60 36.94 29.40 0.59 1.00
1.1 0.7 0.70 38.91 32.15 0.11 0.62
1.1 0.8 0.80 35.28 28.29 0.06 0.59
1.1 1.0 1.00 40.64 26.70 0.00 0.05
1.2 0.6 0.60 41.70 31.42 0.23 1.00
1.2 0.7 0.70 34.46 29.65 0.45 0.82
1.2 0.8 0.80 39.17 29.57 0.00 0.49
1.2 0.9 0.90 42.05 29.92 0.00 0.13
1.3 0.5 0.50 40.42 23.07 0.66 1.00
1.3 0.8 0.78 34.12 17.56 0.14 1.00
1.3 0.9 0.90 42.40 30.02 0.00 0.13
1.3 1.0 1.00 45.14 27.25 0.00 0.01

estimating the affine transform coefficients. PSNR is well-known to be very sensitive to differences

in image alignment. Using an alternative full-reference algorithm such as SSIM [29] may address this

discrepancy.

Finally, columns A1 and A2 show the proportion of the frame area remaining after cropping, cal-

culated using Methods 1 and 2, respectively. It is clear that the cropping area is being estimated

correctly. This will prove useful when performing scaling and cropping detection in a no-reference

scenario.

4.2.3.3 Testing the Extended Model on Videos

This section describes an experiment that was performed to evaluate the effectiveness of the proposed

method. In this experiment, human viewers were shown an parent video and near duplicates of the

parent. The viewers were asked to evaluate the similarity between the parent and each near duplicate.

The goal of the experiment was to compare these subjective evaluations to the output of the proposed
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Table 4.3: Test set and test results for the Experiment of Sec. 4.2.3.3.

Video Editing Raw Norm. Prop.
V0 Parent video – – –
V1 3 shots removed 3.93 0.41 0.82
V2 7 shots removed 3.14 −0.47 0.50
V3 3/4 downsampling 4.93 1.41 0.90
V4 1/2 downsampling 3.93 0.48 0.85
V5 90% crop 3.93 0.47 0.32
V6 80% crop 2.57 −1.05 0.00
V7 Medium compression 3.14 −0.29 0.86
V8 Strong compression 2.42 −0.97 0.71

Table 4.4: Mean and standard deviations for each viewer.

Viewer µ σ

1 4.13 0.52
2 3.50 0.93
3 3.75 0.71
4 3.00 1.07
5 3.50 1.07
6 3.25 1.58
7 3.37 1.19

method. The details of the experiment, specifically, the data set, subjective experiment method, and

results, are described below.

The data set was created from a single YouTube news video (2min 50s, 1280 × 720 pixels). First,

shot boundaries were detected manually. There were a total of 61 shots, including transitions such

as cut, fade and dissolve [42]. Next, parts of the video corresponding to fade and dissolve transitions

were discarded, since they complicate shot removal. Furthermore, in order to reduce the burden on

the experiment subjects, the length of the video was reduced to 1min 20s by removing a small number

of shots at random. In the context of the experiment, this resulting video was the “parent video”.

This parent video had a total of 16 shots. Finally, near duplicates of the parent video were created by

editing it, specifically: removing shots at random, spatial downsampling (scaling), cropping, and com-

pression. Table 4.3 shows the editing operations that were performed to produce each near duplicate

in the “Editing” column.

During the experiment, human viewers were asked to evaluate the near duplicates: specifically, the

number of removed shots, visual quality, amount of cropping, and overall similarity with the parent,

54



Table 4.5: Rank-order of each near duplicate.

V1 V2 V3 V4 V5 V6 V7 V8

Subj. 4th 6th 1st 2nd 3rd 8th 5th 7th
Prop. 4th 6th 1st 3rd 7th 8th 2nd 5th

Table 4.6: Correlation with subjective results.

Method r ρ

Subjective 1.00 1.00
Objective 0.52 0.66

using a scale of 1 to 5. The viewers had access to the parent video. Furthermore, to simplify the task

of detecting shot removal, the viewers were also provided with a list of shots for each video.

Table 4.4 shows the mean and standard deviation for each viewer. From this table, we can see

that each viewer interpreted the concept of “similarity with the parent” slightly differently, which is

expected in a subjective experiment. To allow the scores from each viewer to be compared, they need

to be normalized in order to remove this subjective bias. The results are shown in Table 4.3, where the

“Raw” column shows the average score for each video, and the “Norm.” column shows the normalized

score, which is calculated by accounting for the mean and standard deviation for each individual

viewer (from Table 4.4). The “Prop.” column shows the authenticity degree that was calculated by the

proposed method. Table 4.5 shows the near duplicates in order of decreasing normalized subjective

scores and the proposed method outputs, respectively. From these results, we can see that for the

subjective and objective scores correspond for the top 4 videos. For the remaining 4 videos, there

appears to be no connection between the subjective and objective scores. To quantify this relationship,

Table 4.6 shows the correlation and rank-order correlation between the normalized subjective scores

and the proposed method outputs, as was done in the previous seminars. The correlation is lower than

what was reported in previous experiments [4], before scaling and cropping detection were introduced.

The decrease in correlation could be caused by an excessive penalty on small amounts of cropping

in Eq. (4.21). This hypothesis is supported by Table 4.5, where the rank-order of V5, a slightly

cropped video, is significantly lower in the subjective case. On the other hand, the rank-orders for

V6, a moderately cropped video, correspond to each other. This result indicates that viewers tolerated

a slight amount of cropping, but noticed when cropping became moderate. On the other hand, the
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different rank-orders of V7 indicate that the penalty on compression was insufficient. Capturing this

behavior may require subjective tuning of the parameters α, β, γ, δ and possibly moving away from

the linear combination model, for example, to a sigmoid model.

4.2.4 Conclusion

This section introduced several models for determining the authenticity degree of an edited video in

a full-reference scenario. While such models cannot be applied to most real-world scenarios, they

enable greater understanding of the authenticity degree and the underlying algorithms. Section 4.3

further expands these models to no-reference scenario, thus enabling their practical application.

4.3 Developing the No-reference Model

4.3.1 Derivation from the Full-reference Model

Since V0 is not available in practice, A(V j) of Eq. (4.4) cannot be directly calculated, and must be

estimated instead.

First, in order to realize Eq. (4.4), the no-reference model utilizes the available Web video context,

which includes the number of views for each video, to estimate the structure of the parent video by

focusing on the most-viewed shots. The set of most-viewed shots V̂0 can be calculated as follows:

V̂0 =

{
S i |

[∑
V j,S i∈V j W(V j)

Wtotal

]
≥ β

}
, (4.10)

where β is a threshold for determining the minimum number of views for a shot, W(V j) is the number

of times video V j was viewed, and Wtotal is the total number of views for all the videos in the near-

duplicate collection.

Next, the method of estimating the shot-wise penalty p is described. First, N is estimated as N̂ =∣∣∣∣V̂0

∣∣∣∣, where |·| denotes the number of shots in a video. Next, an estimate of the penalty function p that

is based on the above assumptions is described. The relative degradation strength Qi j (i = 1, . . . ,M,

j = 1, . . . ,N) is defined as:

Qi j =
QNR(V j[S i]) − µi

σi
, (4.11)

where µi and σi are normalization constants for the shot S i, representing the mean and standard

deviation, respectively; V j[S i] refers to the image samples of shot S i in video V j; and QNR is a
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no-reference quality assessment algorithm. Such algorithms estimate the quality by measuring the

strength of degradations such as wide edges [34] and blocking [32]. The result is a positive real

number, which is lower for higher quality videos. The penalty for recompression can then be defined

as:

q̂(V j, S i) =


0 if Qi j < −γ

1 if Qi j > γ
Qi j+γ

2γ otherwise

, (4.12)

where γ is a constant that determines the scope of acceptable quality loss. A significant loss in quality

of a most-viewed shot thus corresponds to a higher penalty q̂, with the maximum penalty being 1.

Next, p̂, the estimate of the shot-wise penalty function p, can thus be calculated as:

p̂(V j, S i) =

1 if S i < V j

q̂(V j, S i) otherwise
. (4.13)

Equation (4.13) thus penalizes missing most-viewed shots with the maximum penalty equal to 1. If the

shot is present, the penalty is a function of the relative degradation strength Qi j. The penalty function

p̂ does not require access to the parent video V0, since the result of Eq. (4.10) and no-reference quality

assessment algorithms are utilized instead. Finally, Â, the estimate of the authenticity degree A, can

be calculated as:

Â(V j) = N̂ −
N̂∑

i=1

p̂(V j, S i). (4.14)

4.3.2 Considering Relative Shot Importance

The authenticity degree model proposed in Sec. 4.3.1 suffers from several weaknesses. For example,

it relies on several assumptions that are difficult to justify. One of the main assumptions is that all

shots contain the same amount of information. In general, this is not always true, since some shots

obviously contain more information than others.

This section proposes an improved authenticity degree model that does not require the above

assumption. The proposed method inherits the same strategy, but adds a weighting coefficient to each

shot identifier:

A(V j) = 1 −

∑
i∈Î0

wi pi(V j)∑
i∈Î0

wi
, (4.15)
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where wi is the weighting coefficient of the shot with shot identifier equal to i. The value of wi should

be proportional to the “importance” of the shot: since some shots are more important than others,

the loss of their information should have a greater impact on the authenticity degree. The proposed

method calculates wi as the duration of the shot, in seconds. In other words, the proposed method

assumes that longer shots contain more information. This assumption is consistent with existing work

in video summarization [60].

4.3.3 Experiments

4.3.3.1 Evaluating the No-Reference Model

This section describes an experiment that illustrates the effectiveness of the proposed method. The

aim of the experiment is to look for correlations between the full-reference model, no-reference model

and subjective ratings from human observers. First, the data used in the experiments are introduced.

Next, the method of performing the experiment is described. Finally, the results are presented and

discussed.

Two data sets were used in this experiment. First, the artificial set consists of the same 10 videos

described in Sec. 4.2.3.1. Second, the lagos test set consists of 9 near-duplicate videos that were

retrieved from YouTube and includes news coverage related to a recent world news event. The videos

are compressed with H.264/AVC, but have different resolutions and bitrates. The audio signal in each

of the video was muted.

Two methods were used to detect the strength of correlation between the results and ground truth.

The first method is the correlation of the raw scores with the ground truth scores2, which is calculated

as:

r(~X, ~Y) =
∑n

i=1 (Xi − X̄)(Yi − Ȳ)√∑n
i=1 (Xi − X̄)2

√∑n
i=1 (Yi − Ȳ)2

, (4.16)

where n is the number of videos in a test set; ~X = [X1, . . . , Xn] represents the ground truth; ~Y =

[Y1, . . . ,Yn] represents the results of the algorithm being evaluated; and X̄ and Ȳ are the means of ~X

and ~Y , respectively.

2Also known as Pearson’s r.
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Table 4.7: Results for each video in the artificial test set.

j A Â EW GBIM
0 4.00 3.28 2.31 1.18
1 2.00 1.67 2.28 1.18
2 3.00 2.43 2.33 1.18
3 3.05 1.43 2.52 1.20
4 1.32 0.87 2.50 1.20
5 1.26 0.76 2.54 1.20
6 2.72 0.95 2.53 1.19
7 2.85 1.08 2.51 1.19
8 0.86 0.16 2.70 1.21
9 0.26 0.36 2.58 1.21

Table 4.8: Quantitative experiment results.

(a) Artificial

Method |r| |ρ|

FR 1.00 1.00
Subjective 0.82 0.76
Proposed 0.83 0.89
EW 0.61 0.60
GBIM 0.80 0.74
— — —

(b) Lagos

Method |r| |ρ|

Subjective 1.00 1.00
Proposed 0.55 0.30
EW 0.40 0.25
GBIM 0.50 0.07
Views 0.03 0.12
Delay 0.40 0.15

The second method is the the correlation of the ranks of the raw scores with the ranks of the

ground truth scores3. First, the ranks of each element in ~X and ~Y are calculated to yield ~x and ~y. The

final output of the second method is:

ρ(~X, ~Y) = r(~x, ~y). (4.17)

For both r and ρ, a value of ±1 indicates strong correlation with the ground truth, and is therefore a

desirable result. A value of zero indicates poor correlation with the ground truth.

To perform the experiment, the proposed no-reference model was first applied to the data to ob-

tain an estimate of the authenticity degree for each video of the artificial set. The results are shown

in Table 4.7. The columns A and Â show the actual and estimated authenticity degrees, respectively.

The columns EW and GBIM show the result of directly applying the no-reference quality assessment

algorithms of edge width [34] and blocking strength [32], respectively, to each video. From these

3Also known as Spearman’s ρ.
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Table 4.9: Summary of real data sets.

Name Description Videos
Kerry Interview with J. Kerry 5

Bolt U. Bolt false start 68
Russell Interview with R. Brand 18

Klaus Chilean pen incident 76
Lagos Dana Air 992 crash 8
Total 175

results, it can be seen that the proposed model is consistent with the definition of the authenticity de-

gree. Specifically, the authenticity degree is at a maximum for the parent video, and editing operations

such as shot removal and recompression reduce the authenticity degree of the edited video. The mea-

sured correlation with the ground truth (the actual authenticity degree obtained using the full-reference

method) is shown in Table 4.8(a). These results show that even without access to the parent video, the

proposed no-reference model produces results that are comparable to the full-reference model.

Next, Table 4.8(b) shows the correlation results for the lagos test set, with the subjective ratings

being used as the ground truth. Views and delay correspond to sorting the results using the number

of views and the upload timestamp of the video, respectively, and are obtained directly from the Web

video context. While the correlation between the ground truth and the results obtained using the

proposed method is lower than that of the artificial test set, the proposed method still performs better

than the conventional methods.

The significantly lower result can be explained by several factors. As described in Sec. 4.2.3.1,

the videos in the artificial test set were created by concatenating unrelated shots. In contrast, the

videos in the lagos test set consisted of many semantically related shots that fit into a news story.

In the latter case, the shots no longer carry the same amounts of information: some shots are more

important than others. Since the proposed method treats all most-viewed shots as equally important

when determining the shot removal penalty, the penalty assigned can be different to that of a human

participant. Considering the shot structure in the proposed model may lead to stronger correlation

with subjective results.
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Table 4.10: Results (r value) for the experiment.

Comparative Proposed
Bolt 0.47 0.50
Kerry 0.75 0.69
Klaus 0.73 0.75
Lagos 0.35 0.51
Russell 0.40 0.72

Table 4.11: Results (ρ value) for the experiment.

Comparative Proposed
Bolt 0.54 0.49
Kerry 0.90 0.90
Klaus 0.77 0.81
Lagos 0.29 0.52
Russell 0.43 0.48

4.3.3.2 Evaluating Relative Shot Importance

This experiment compares the performance of comparative and proposed methods using subjective

evaluations of several datasets. The datasets are shown in Table 4.9. The subjective evaluations of

each video were obtained from a total of 20 experiment subjects. The subjects were asked to rate each

video on 3 points: (a) relative visual quality; (b) number of deleted shots; and (c) estimated proportion

of information remaining from the parent. The subjects were asked to rate (a) and (b) independently,

and to rate (c) based on their answers to (a) and (b). All answers were given using a scale of 1 to 5,

since this scale is commonly used for visual quality assessment4. For each video, the mean answer

to (c) across all subjects was recorded as that particular video’s estimated proportion of information

remaining from the parent.

Next, in order to evaluate the two methods, each method was used to estimate the authenticity

degree of each video. Both methods were configured using the same parameters, manually-obtained

shot boundaries and shot identifiers. The sample correlation coefficient and rank-order correlation

coefficient between the obtained authenticity degrees and the subjective estimates were calculated as

Eqs. (4.16) and (4.17), respectively.

The results are shown in Tables 4.10 and 4.11. The better value for each dataset is shown in
4See ITU-T Recommendation BT.500: “Methodology for the subjective assessment of the quality of television pictures”
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bold. In the majority of cases, the proposed method outperforms the comparative method. The most

significant improvement was in the Lagos dataset.

4.3.4 Conclusion

This section extended the full-reference models introduced in Sec. 4.2 to a no-reference scenario. Ex-

perimental results demonstrated that it is possible to accurately estimate the authenticity of an edited

video in cases where the parent video is unavailable, provided there are other edited videos available.

Furthermore, including the shot duration in the model significantly improved the effectiveness of the

model.

A significant limitation of the model is that it relies on many assumptions in order to utilize the

Web context, more specifically, the view count. Furthermore, relying on the Web context restricts the

applications of the model to videos that have been uploaded to the Web, which significantly compli-

cates the collection of data. Section 4.4 solves these problems by removing the dependency on the

Web context from the model.

4.4 The Proposed No-reference Method

4.4.1 Calculation

Figure 4.5 illustrates the strategy of calculating the authenticity degree. Each shot in the parent video

V0 conveys an amount of information. Editing a video causes a loss of some of this information:

for example, recompressing the video causes a loss of detail; removing a shot causes a loss of all

the information contained in that shot. The edited video V j thus contains less of the parent video’s

information than the parent video itself. The proposed method estimates the amount of information

lost and penalizes each edited video accordingly. In order to do this, the proposed method attempts

to detect the editing operations that were performed. Each detected editing operation contributes to

a penalty, which is calculated individually for each shot. If V j and V0 are identical, then A(V j) is

at its maximum value of 1, since the penalties become zero. Finally, the penalties are aggregated to

calculate the authenticity degree for the entire video.

The input to the proposed method is a set of videos V = {V1, . . . ,VM} that are all edited versions

of the same parent V0, which is unknown. In practice, it is possible to obtain V by searching for a set
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Figure 4.5: The strategy of calculating the authenticity degree.

of keywords describing V0 on a video sharing portal, for example “Usain Bolt false start” or “Czech

president steals pen”. For each edited video V j ( j = 1, . . . ,M), the proposed method detects editing

operations, determines the corresponding penalties and calculates the authenticity degree as:

A(V j) = 1 −

∑
i∈Î0

wi pi(V j)∑
i∈Î0

wi
, (4.18)

where Î0 is an estimate of the set of shot identifiers present in the parent video, described in detail in

Sec. 4.4.2; pi(·) is an estimate of the penalty function for the shot whose identifier is equal to i; and

wi is the weighting coefficient of the shot with shot identifier equal to i. The value of wi should be

proportional to the “importance” of the shot: since some shots are more important than others, the loss

of their information should have a greater impact on the authenticity degree. The proposed method

calculates wi as the duration of the shot, in seconds. In other words, the proposed method assumes
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that longer shots contain more information. This assumption is consistent with existing work in video

summarization [60].

Specifically, each pi(·) is calculated as:

pi(V j) =

1 if i < I j

γgi(V j) otherwise
, (4.19)

where the notation i < I j means “V j doesn’t contain a shot with an identifier equal to i”; gi(V j)

is the global frame modification penalty, described in detail in Sec. 4.4.3, for the shot of V j whose

identifier is equal to i. The parameter γ determines the trade-off between information loss through

global frame modifications and information loss through shot removal. Since, in practice, global

frame modifications can never remove all the information in a shot entirely, γ should be a positive

value less than 1. Equation (4.19) thus assigns the maximum penalty for shot removal, and a fraction

of the maximum penalty for global frame modifications.

There may be significant differences between the edited videos: for example some shots may be

added/missing (e.g. Fig. 4.5). As demonstrated in Sec. 2.8, this prevents the effective application

of conventional NRQA algorithms, since the output of such algorithms will be influenced by the

added/missing shots. Before NRQA algorithms can be applied effectively, this influence must be

reduced. The proposed method achieves this in two ways. First, when calculating the global frame

modification penalty, the proposed method works on a shot ID basis, and only compares the raw visual

quality of shots that have the same shot identifier (common content). Second, the proposed method

prevents missing/added shots from affecting the outcome of NRQA algorithms. More specifically, if

a shot is added (not part of the estimated parent Î0), then it is ignored completely by Eq. (4.18). If a

shot is missing (part of the estimated parent), then a shot removal penalty is assigned by Eq. (4.19).

4.4.2 Parent Video Estimation

In order to detect shot removal, the proposed method first defines Bi as the number of edited videos

that contain a shot with an identifier equal to i. Then, Î0, the estimate of the set of shot identifiers

present in V0, is calculated as:

Î0 =

M⋃
j=1

{i|i ∈ I j,
Bi

M
> δ}, (4.20)
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where δ is an empirically determined constant between 0 and 1, and M is the total number of edited

videos. Therefore, Eq. (4.20) selects only those shots that appear in a significant proportion of edited

videos. The motivation for this equation is to avoid shots that were inserted into only V j from another,

less relevant, parent video.

This does not prevent the proposed method from effectively handling edited videos with multiple

parents — since the proposed method estimates the proportion of remaining information, it does not

need to distinguish between the different parent videos, and treats them as a single larger parent.

The obtained Î0 can be thought of as a “reference”, but this reference is not an existing video

— it is calculated by the proposed method through comparison of the available videos, without any

access to the parent V0. Therefore, the proposed method can be thought of as “reduced reference” (as

opposed to “full reference” or “no reference”).

The proposed method thus estimates Î0.

4.4.3 Global Frame Modification Detection

This section focuses on the detection and penalization of global frame modifications, specifically,

scaling and recompression. Scaling a video requires interpolation and recompression. Since both

scaling and recompression cause a loss of information through loss of detail, the penalty for scaling

and recompression should be proportional to this loss. The proposed method detects scaling and

recompression by comparing the visual quality of shots that have the same shot identifier. Based on

the visual quality of each shot, the proposed method calculates the global frame modification penalty

as:

gi(V j) =


0 if Zki

j < −1

1 if Zki
j > 1

Zki
j +1
2 otherwise

, (4.21)

where ki is the ordinal number of the shot in V j that has the shot identifier equal to i (it satisfies

Iki
j = i); and Zki

j represents the normalized visual quality degradation strength of the kith shot in V j.

Shots with visual quality degradation strength less than one standard deviation from the mean are not

penalized, since such weak degradations are typically not noticed by human viewers. A significant

loss in quality for a frame thus corresponds to a higher penalty, with the maximum being 1.0. This

penalty is visualized in Fig. 4.6.
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Figure 4.6: Global frame modification penalty p(·).

In order to calculate gi(Vki
j ), the proposed method first calculates Qki

j , the raw visual quality of Vki
j

as:

Qki
j = mean(QNR(Vki

j [l1]), . . . ,QNR(Vki
j [lL])), (4.22)

where QNR is an NRQA algorithm that measures edge width [23]; and l1, . . . , lL are the frame numbers

of the intra-predicted frames (frames that are encoded independently of other frames [39], hereafter

referred to as “keyframes”) of the shot. The proposed method focuses only on the keyframes to reduce

computational complexity and speed up processing. The output of QNR corresponds to the strength of

visual quality degradations in the frame: a high value indicates low quality, and a low value indicates

high quality.

Next, since the strength of detected visual quality degradations depends on the actual content of

the frame, the raw visual quality is normalized as:

Zki
j =

Qki
j − µi

σi
, (4.23)

where µi and σi are normalization parameters for the shot whose identifier is equal to i, representing

the mean and standard deviation, respectively. The proposed method performs this normalization

to fairly penalize shots with different visual content, since visual content is known to affect NRQA

algorithms, as shown in Sec. 2.8.
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The normalization step above is a novel component of the proposed method. Typically, the output

of an NRQA algorithm for a single image is not enough to qualitatively determine its visual quality. In

other words, without a reference value, it is impossible to judge whether the visual quality of the image

is good or bad. The normalization step provides the proposed method with a reference visual quality

level, thus enabling (a) the qualitative assessment of a shot’s visual quality; and (b) the comparison

of visual quality between shots with different content (see Fig. 2.9). The effect of normalization is

shown empirically in Table 4.14.

Finally, the result of Eq. (4.21) is a real number that is lower for higher quality videos. Therefore,

it is an effective penalty for recompressed and scaled videos. The proposed method thus detects and

penalizes recompression and scaling. While there are other editing operations, such as color trans-

formations, the addition of logos and subtitles, and spatial cropping, the proposed method does not

explicitly detect or penalize them. However, applying these editing operations requires recompressing

the video, which causes a decrease in visual quality. Since the proposed method explicitly focuses on

visual quality degradation, it will penalize the edited videos in proportion to the extent of the visual

quality degradation.

4.4.4 Comparison with State of the Art Methods

In theory, many of the conventional methods introduced in Chapter 1.1 could be used as comparative

methods, as they share the same general purpose as the proposed method. In practice, however, com-

paring the conventional methods to the proposed method directly is difficult. For example, forensic

methods are typically used to aid the judgement of an experienced human operator as opposed to

being applied automatically. Furthermore, they focus on determining whether individual videos have

been tampered or not, which is slightly different from the concrete problem the proposed method is

attempting to solve: comparing near-duplicate videos and determining which one is the closest to the

parent. For this reason, we do not compare our proposed method with any of the forensic methods.

Similarly, while the method for reconstructing the parent video from its near duplicates [20] is

very relevant to our work, it doesn’t achieve the same end result. More specifically, it can be used

as an alternative implementation of part of our proposed method: the shot identification function

described in Chapter 3 and the shot removal detector described in Sec. 4.4.2. Since it does not contain
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Figure 4.7: The philogeny tree for the dataset of Table 4.12.

functionality to determine which of the edited videos is most similar to the parent video, it also cannot

be directly compared to our proposed method.

Similarly, video philogeny [19] could be used as a comparative method, with some modifications.

After the video philogeny tree is constructed, the root of the tree will be the parent video, and the

edited videos will be its descendants. Authenticity of a video could then be calculated to be inversely

proportionate to the depth of the corresponding node in the philogeny tree. However, there are some

limitations to this approach. For example, Fig. 4.7 shows the philogeny tree for the dataset of Ta-

ble 4.12. From the graph, it is obvious that V1, V2 and V3 would have the same authenticity degree,

since they are all at a depth of 1 in the tree. However, their expected authenticity degrees are different,

as explained by Table 4.12. This problem could be solved by improving the video philogeny method

to consider visual quality. We intend to address this in our future work.

4.5 Experiments

This section describes three experiments that were conducted to verify the effectiveness of the pro-

posed method. Section 4.5.1 evaluates the proposed method in a semi-controlled environment, using

a small amount of artificial data that is uploaded to YouTube5, with a known parent. Section 4.5.2

5http://www.youtube.com
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evaluates the proposed method in a controlled environment, using a large amount of artificial data,

with a known parent. Finally, Section 4.5.3 evaluates the method using real-world data, including a

wide range of editing operations, without a known parent.

4.5.1 Small-scale Experiment on Artificial Data

This experiment demonstrates the proposed method using a small artificial dataset, which consists of

a single short example parent video and several edited copies of it.

4.5.1.1 Creating the Artificial Data

The single parent video is created by joining the four test videos: Mobcal, Parkrun, Shields and

Stockholm. The first frames of these four test videos are shown in Figs. 2.9(a), (b), (c) and (d),

respectively. The shot identifiers for these four shots are 1, 2, 3, and 4, respectively. Each test video is

approximately 10s long, has 1080p resolution, no audio signal and contains a single shot. The created

parent video thus consists of four shots and is 40 seconds long. Next, edited videos were created by

editing the parent video by adding logos, adding/removing shots entirely and partially, and reversing

the number of shots. The editing operations performed on each video are shown in Table 4.12. After

editing, each video was reuploaded to YouTube. Thus, with the exception of the parent video, each

video in the dataset was recompressed more than once. All the videos are available online6. Finally,

each video was automatically preprocessed to detect shot boundaries and calculate shot identifiers as

described by Sections 3.3 and 3.4.

4.5.1.2 Evaluation Method

To evaluate the proposed method, this section estimates the authenticity degree of the videos in the

dataset. Although the parent video V0 is part of the dataset, it is not used as any sort of reference, and

treated the same as any other video. The main purpose of including it in the dataset was to show that

the proposed method is capable of identifying it correctly.

After the authenticity degree for each video has been calculated, the videos are ranked in order

of highest authenticity degree. These ranks are then compared to the expected ranks, which are de-

termined based on the definition from Sec. 4.1.1. More specifically, the authenticity degree of V0 is

6http://tinyurl.com/ok92dg2
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Table 4.12: The artificial dataset for the small-scale experiment.

Video Comments ER
V0 Parent video 1
V1 Reuploaded V0 to YouTube 2
V2 Removed 10 frames from each shot of V1 2
V3 Reversed order of shots of V1 4
V4 Added a shot to V1 5
V5 Added a logo to V1 5
V6 Downsampled V0 to 720p 7
V7 Removed one shot from V0 8
V8 Removed two shots from V0 9
V9 Removed 60 frames from each shot of V0 10

Table 4.13: Results for the small-scale experiment on artificial data. The values shown are direct
outputs of Eq. (4.18). The rank of each video is shown in parentheses. The r row shows the sample
correlation coefficient between the ranks and the expected ranks in Table 4.12.

Video γ = 0.13 γ = 0.25 γ = 0.50 γ = 0.75
V0 0.99 (1) 0.97 (1) 0.94 (1) 0.92 (1)
V1 0.97 (3) 0.93 (3) 0.87 (3) 0.80 (3)
V2 0.96 (4) 0.92 (4) 0.84 (4) 0.75 (4)
V3 0.94 (6) 0.88 (6) 0.77 (6) 0.65 (6)
V4 0.95 (5) 0.89 (5) 0.78 (5) 0.67 (5)
V5 0.97 (2) 0.94 (2) 0.88 (2) 0.81 (2)
V6 0.88 (7) 0.75 (7) 0.50 (8) 0.25 (9)
V7 0.72 (8) 0.68 (8) 0.61 (7) 0.55 (7)
V8 0.48 (9) 0.45 (9) 0.40 (9) 0.36 (8)
V9 0.00 (10) 0.00 (10) 0.00 (10) 0.00 (10)
ρ 0.88 0.88 0.87 0.85

1.0 by definition, since it is the parent video, so its rank must be 1. The remaining expected ranks are

determined based on the amount of information removed by the respective editing operation for each

video. For example, downsampling removes much more information than simply reuploading, so the

rank of V5 is greater than the rank of V1. According to the present definition of the authenticity de-

gree, operations such as adding a shot, adding a logo or reversing the order of the shots do not cause a

loss of information, but require recompression. Furthermore, the proposed method does not explicitly

handle partial shot removal: if a significant part of a shot is removed, then a different shot identifier

will be assigned to the shot, and the edited video will be penalized for shot removal, as illustrated by

the results for V2 and V9. However, since partial shot removal requires recompression of the video,
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(a) V0 (b) V5

(c) V0 (zoomed) (d) V6 (zoomed)

Figure 4.8: Frames from the small-scale artificial dataset.

the proposed method detects this recompression and penalizes the edited video. The expected rank of

each video is shown in the “ER” column of Table 4.12. Finally, the value of δ was empirically set to

0.5 for this experiment.

4.5.1.3 Discussion of the Results

Table 4.13 shows the results for various values of γ. The numbers in parentheses indicate the rank

of each particular video based on its authenticity degree. The effect of different values of γ can be

seen by comparing the authenticity degrees of V6 and V8. The latter has higher video quality, but is

missing two shots; the former has lower video quality due to downsampling, but is not missing any

shots. For lower values of γ, V2 has the higher authenticity degree, since the penalty for missing shots

outweighs the penalty for recompression. For higher values of γ, the situation is reversed. The ρ row

shows the sample correlation coefficient between the expected ranks of Table 4.12 and the ranks based
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Table 4.14: The effect of normalization on the small artificial dataset, illustrated by example shots and
videos. The “Raw” and “Normalized” columns show the output of Eqs. (4.22) and (4.23), respectively.
The “Qualitative” column shows a qualitative assessment of the visual quality of each video.

Raw Normalized Qualitative
Video Mobcal Stockholm Mobcal Stockholm

V0 2.82 3.75 -0.68 -0.89 Excellent
V1 2.88 3.84 -0.42 -0.45 Good
V6 3.62 4.54 2.80 2.71 Poor

on the authenticity degrees obtained using each particular value of γ. The correlation coefficient is

calculated using Eq. (4.16).

Finally, Table 4.14 demonstrates the effect of normalization on part of the artificial dataset, using

two different shots as an example: Mobcal and Stockholm, shown in Figs. 2.9(a) and (b), respectively.

The “Raw” and “Normalized” columns show the output of Eqs. (4.22) and (4.23), respectively. The

“Qualitative” column shows a qualitative assessment of the visual quality of each video. The mean and

standard deviation for the Mobcal shot for the entire artificial dataset were 2.98 and 0.01, respectively.

Similarly, the mean and standard deviation for the Stockholm shot for the entire artificial dataset were

3.94 and 0.01, respectively. From the raw value alone, it is impossible to determine whether the shot

quality is good or poor. Furthermore, a “excellent” raw value for one shot may be a “poor” raw value

for a different shot (examine values in bold). Therefore, the raw score cannot be used to calculate a

fair penalty for all shots. On the other hand, the normalized values better correspond to the qualitative

assessments and enable a fairer penalty.

In conclusion, the results of this experiment show that:

1. The proposed method is able to correctly detect and penalize shot removal;

2. The proposed method is sensitive to multiple compression and downsampling; and

3. The proposed method does not explicitly penalize shot insertion, logo insertion, modification of

shot order, or partial shot removal, but detects and penalizes the side-effect of recompression.

4.5.2 Large-scale Experiment on Artificial Data

This experiment demonstrates the proposed method using a wider range of data than the previous

section. Since collecting a large volume of near-duplicate videos from the Web is difficult, this exper-
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Table 4.15: A summary of the parent videos used in the large-scale artificial data experiment.

Dataset Resolution Duration Description
Argo 1920 × 800 2 min 32s Movie trailer
Bionic 1920 × 1080 2 min 19s Charity
Budweiser 1920 × 1080 1 min 0s Product
Daylight 1280 × 720 3 min 16s Comedy
Drifting 1920 × 1080 3 min 25s Sport
Ducks 1920 × 1080 1 min 14s Cartoon
Echo 1280 × 720 2 min 6s Product
Entourage 1920 × 1080 2 min 27s Movie trailer
Frozen 1920 × 852 0 min 39s Movie trailer
Hummingbird 1920 × 1080 3 min 25s Documentary
Jimmy 1920 × 1080 2 min 21s Comedy
Lebron 1280 × 720 1 min 21s Sport
Nfl 1280 × 720 4 min 8s Sport
Ridge 1920 × 1080 7 min 38s Nature
Tie 1280 × 720 7 min 27s Cartoon
Tricks 1920 × 1080 5 min 40s Sport

iment utilizes artificial data.

4.5.2.1 Creating the Artificial Data

The experiment utilizes 16 datasets. Each dataset consists of a single parent video and edited copies

of the parent video. Table 4.15 shows a summary of the parent videos, which were all acquired from

YouTube by browsing the #PopularOnYouTube video channel. A YouTube playlist with links to each

of the parent videos is available online7. Figure 4.9 shows the screenshots taken from the artificial

videos.

For each dataset, the edited copies were created by editing the parent video with a range of editing

operations: downsampling, shot removal, single compression, and double compression. More specif-

ically, the downsampling operation reduced the resolution of the video to the common resolutions

used by YouTube. The shot removal operation selected a percentage of shots, at random, and removed

them from the video entirely. The compression operation utilized H.264, one of the codecs used by

YouTube, to compress the video using a range of Constant Rate Factor (CRF) values. Finally, double

compression was also performed with H.264, using a CRF of 18 on both iterations. Each dataset

thus consisted of 17 videos (the parent was not included in the dataset). A summary of the editing
7http://tinyurl.com/o7u2mfz
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(a) Argo (b) Bionic (c) Budweiser (d) Daylight

(e) Drifting (f) Ducks (g) Echo (h) Entourage

(i) Frozen (j) Hummingbird (k) Jimmy (l) Lebron

(m) Nfl (n) Ridge (o) Tie (p) Tricks

Figure 4.9: Frames from the large-scale artificial datasets.

operations and the parameters used are shown in Table 4.16.

4.5.2.2 Evaluation Method

In contrast to the previous experiment, the amount of data and range of editing operations is much

greater. Therefore, it is not possible to objectively rank each of the videos. Instead, we relied on

subjective evaluations for each video. The subjects were asked to rate each video on 3 points: (A)

relative visual quality; (B) number of deleted shots; and (C) estimated proportion of information

remaining from the parent. The subjects were asked to rate (A) and (B) independently, and to rate (C)

based on their answers to (A) and (B). All answers were given using a scale of 1 to 5, since this scale
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Table 4.16: Editing operations used to generate artificial data.

Operation Parameter type Parameter value
Downsampling Resolution 720p, 480p, 360p
H.264 compression CRF 18, 26, 34, 40
Shot removal Percentage 10%, 20%, . . . , 90%

Table 4.17: Results for the experiment on large-scale artificial data. r and ρ show the sample correla-
tion coefficient and the rank order correlation coefficient, respectively.

Comparative Proposed
Dataset r ρ r ρ

Argo -0.08 0.17 0.82 0.84
Bionic -0.30 -0.01 0.93 0.90
Budweiser -0.37 -0.48 0.92 0.86
Daylight -0.04 0.08 0.84 0.88
Drifting -0.19 -0.06 0.78 0.69
Ducks 0.12 0.15 0.96 0.93
Echo 0.21 0.38 0.85 0.83
Entourage -0.41 -0.41 0.90 0.88
Frozen -0.16 -0.02 0.81 0.77
Hummingbird -0.36 -0.60 0.86 0.88
Jimmy -0.57 -0.73 0.76 0.68
Lebron -0.01 -0.01 0.88 0.82
Nfl -0.20 0.06 0.97 0.95
Ridge -0.44 -0.54 0.92 0.91
Tie 0.11 0.42 0.95 0.88
Tricks -0.38 -0.53 0.91 0.85

is commonly used for visual quality assessment8. For each video, the mean answer to (C) across all

subjects was recorded as that particular video’s estimated proportion of information remaining from

the parent. The parent video itself was not shown to the test subjects. A total of 12 subjects participated

in the experiment. Next, in order to evaluate the proposed method, the method was used to estimate the

authenticity degree of each video. Similar to the previous section, the sample correlation coefficient

and rank-order correlation coefficient between the obtained authenticity degrees and the subjective

estimates were also calculated using Eqs. (4.16) and (4.17), respectively.
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Table 4.18: Summary of real datasets.

Name Videos Total dur. Shots IDs ASL AKI
Bolt 68 4 h 42 min 1933 275 7.99 1.87

Kerry 5 0 h 47 min 103 24 25.23 1.88
Klaus 76 1 h 16 min 253 61 21.47 1.49
Lagos 8 0 h 6 min 79 17 4.58 1.97

Russell 18 2 h 50 min 1748 103 5.80 1.94
Total 175 9 h 41 min 4116 480 13.01 1.83

4.5.2.3 Discussion of the Results

Table 4.17 shows the results of the experiment. For the comparative method, the experiment used

the mean edge width for the entire video, with the output scaled such that positive values correspond

to high quality. For the proposed method, the γ parameter was empirically set to 0.25. The sample

correlation coefficient and the rank-order correlation coefficient are shown in the r and ρ columns,

respectively, for each method. The higher value for each dataset is shown in bold. These results show

that the proposed method significantly outperforms the comparative method in the majority of cases.

4.5.3 Experiment on Real Data

This experiment utilized real, near-duplicate videos obtained from YouTube. The parent videos for

each dataset are unknown. In order to evaluate the proposed method, the same subjective evaluation

method as in the previous section was used. A total of 20 subjects participated in the experiment.

4.5.3.1 Description of the Real Data

Table 4.18 shows the datasets used in the experiment, where each dataset consists of several edited

videos collected from YouTube. The “Shots” and “IDs” columns show the total number of shots and

unique shot identifiers, respectively. The “ASL” and “AKI” columns show the average shot length

and average keyframe interval (time between keyframes), respectively, in seconds. Since the average

keyframe interval is significantly smaller than the average shot length for all datasets, the majority of

shots are represented by at least one keyframe. This validates the optimization strategy employed by

Eq. (4.22). Finally, each video was automatically preprocessed to detect shot boundaries and calculate

shot identifiers as described by Sections 3.3 and 3.4.

8See ITU-T Recommendation BT.500: “Methodology for the subjective assessment of the quality of television pictures”
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4.5.3.2 Comparative Methods

For comparative methods, this experiment uses:

1. The number of views of each video,

2. The upload timestamp for each video,

3. The mean visual quality of each video, and

4. The proposed method with γ = 0 (consider shot removal only).

The number of views and upload timestamp are available from the metadata of each video. The

mean visual quality was obtained by calculating the mean edge width [23] for each individual frame,

as implemented by Eq. (4.22). Finally, the output of all methods was configured such that positive

values correspond to higher authenticity. Therefore, high correlation coefficients correspond to the

best methods.

4.5.3.3 Parameter Selection

The parameter γ determines the trade-off between penalizing shot removal and penalizing global

frame modifications. Figure 4.10 shows the effect of different values of γ on the results for each of the

each of the datasets in Table 4.18. From the figure, it is obvious that the optimal value of γ is different

for each dataset. We set γ = 0.7 in the remainder of the experiments.

The value for the parameter δ, which determines what proportion of edited videos must contain a

particular shot identifier in order for that identifier to be part of the parent video, was empirically set

to 0.1.

4.5.3.4 Discussion of the Results

Tables 4.19 and 4.20 show the sample correlation coefficient r and rank-order correlation coefficient

ρ, respectively. Each line corresponds to one of the datasets in Table 4.18. The number of asterisks

indicates the rank of the particular method within a specific dataset: ? ? ?, ?? and ? indicate the

best, second best and third best methods, respectively. From the tables, the following observations

can be made:
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Figure 4.10: Effect of different values of γ on the results for each of the datasets in Table 4.18.

Table 4.19: Sample correlation coefficients (r) for the experiment on real data.

Comp. 1 Comp. 2 Comp. 3 Comp. 4 Prop.
Bolt 0.11 0.31 ?? 0.61 ? 0.54 ? ? ? 0.74

Kerry ?? 0.79 0.19 ? 0.54 0.37 ? ? ? 0.97
Klaus 0.27 0.08 ?? 0.47 ? 0.42 ? ? ? 0.68
Lagos 0.05 -0.51 ?? 0.37 ? 0.35 ? ? ? 0.43

Russell -0.13 ? 0.14 ? ? ? 0.80 -0.04 ?? 0.72

• The correlation coefficients for the number of views and upload timestamps (Comp. 1 and 2)

vary significantly between the datasets. This demonstrates that the number of views and upload

timestamps are not always reliable for estimating the authenticity of Web video.

• The correlation coefficients for the mean visual quality of each video (Comp. 3) are moderate to

high for all datasets. This demonstrates that visual quality is relevant and effective for estimating

the authenticity of Web video.

• The correlation coefficients for Comp. 4 are high for the Lagos and Russell datasets, and mod-

erate for the others. This demonstrates that shot removal is relevant to video authenticity. Fur-

thermore, it shows that the optimal value of the constant γ differs between various datasets.

• The correlation coefficients for the proposed method are high for most of the datasets.
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Table 4.20: Rank order correlation coefficients (ρ) for the experiment on real data.

Comp. 1 Comp. 2 Comp. 3 Comp. 4 Prop.
Bolt 0.27 0.26 ?? 0.67 ? 0.45 ? ? ? 0.69

Kerry ?? 0.70 0.20 ? 0.40 0.35 ? ? ? 1.00
Klaus 0.08 0.10 ? 0.46 ?? 0.55 ? ? ? 0.67
Lagos -0.12 -0.38 ? 0.26 ?? 0.27 ? ? ? 0.43

Russell 0.16 ? 0.33 ? ? ? 0.55 -0.18 ?? 0.47

In summary, Tables 4.19 and 4.20 show that the results of the proposed method correlate with

the subjective estimates better than any of the comparative methods. More specifically, the proposed

method significantly outperforms comparative method 3: 28 vs. 18 stars. Therefore, the proposed

method realizes more effective authenticity degree estimation than the comparative methods.

Table 4.21: Correlation coefficients of the average evaluation score to the individual evaluation score
vs. the proposed method.

Subjective Proposed
Dataset r̄ ρ̄ r ρ

Bolt 0.66 0.64 0.74 0.69
Kerry 0.77 0.77 0.97 1.00
Klaus 0.74 0.74 0.68 0.67
Lagos 0.71 0.72 0.43 0.43

Russell 0.74 0.54 0.72 0.47

Finally, Table 4.21 shows the correlation coefficients of the average evaluation score to the indi-

vidual evaluation score, and compares them to the proposed method. More specifically, r̄ for each

dataset was calculated as follows: first, calculate the mean subjective visual quality for each video

in the dataset; then, calculate the sample correlation coefficient of each individual subject’s response

with the mean subjective visual quality, yielding a total of 20 coefficients; and finally calculate the

mean of the 20 coefficients. The value for ρ̄ was calculated in a similar fashion, replacing the sample

correlation coefficient with the rank order correlation coefficient. The coefficients for the proposed

method are taken directly from Tables 4.19 and 4.20. This table shows that while the correlation co-

efficients obtained by the proposed method are not very high, they are comparable to the performance

of an average human viewer.
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4.6 Conclusion

This chapter proposed a new method for estimating the amount of information remaining from the par-

ent video: the authenticity degree. The novelty of this proposed method consists of four parts: (a) in

the absence of the parent video, we estimate its content by comparing edited copies of it; (b) we reduce

the difference between the video signals of edited videos before performing a visual quality compari-

son, thereby enabling the application of conventional NRQA algorithms; (c) we collaboratively utilize

the outputs of the NRQA algorithms to determine the visual quality of the parent video; and (d) we

enable the comparison of NRQA algorithm outputs for visually different shots. To the best of our

knowledge, we are the first to apply such algorithms to videos that have significantly different signals,

and the first to utilize video quality to determine the authenticity of a Web video. Experimental results

have shown that while conventional NRQA algorithms are closely related to a video’s authenticity,

they are insufficient where the video signals are significantly different due to editing. Furthermore,

the results have shown that the proposed method outperforms conventional NRQA algorithms and

other comparative methods. Finally, the results show that the effectiveness of the proposed method is

similar to that of an average human viewer. The proposed method has applications in video retrieval:

for example, it can be used to sort search results by their authenticity.

The proposed method has several limitations. First, partial shot removal is not penalized: as long

as the shot identifiers match, the video containing that shot is not penalized. Next, shot insertion is

not penalized at all. Finally, the order of the shots is not considered. Overcoming these limitations is

the subject of future work.
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Chapter 5

Conclusion

This thesis proposed a method for estimating video authenticity of a video via the analysis visual

quality and video structure.

The contents of the thesis are summarized below.

Chapter 1 established the relationship of this thesis to existing relevant research.

Chapter 2 introduced the field of quality assessment in greater detail. The chapter reviews several

conventional NRQA algorithms and compares their performance empirically. Finally, it demonstrates

the limitations of existing algorithms when applied to videos of differing visual content.

Chapter 3 described shot identification, an important pre-processing step for the method proposed

in this thesis. It introduced algorithms for practical and automatic shot identification, and evaluates

their effectiveness empirically.

Chapter 4 described the proposed method for estimating the video authenticity. It offers a formal

definition of “video authenticity” and a shot-based information model for its estimation. The effec-

tiveness of the proposed method was verified through a large volume of experiments on both artificial

and real-world data.

Much remains to be done in the future. More specifically, the proposed method needs to be

improved to detect and penalize shot removal, and to consider shot order.
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