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(k) Face detected (1) No face reported

Figure 3.2: Examples of face detection with false alarm elimination.

marks as a face of the related shot.

Figure 3.2 shows two face detections, and how false alarms are eliminated in
detail. Red rectangles are candidate (unstable) detections, while green ones are
stable faces. Successive frames from different video clips (a-e and f-j) are shown
in this figure. (k) and (1) are the spatial locations of detected faces over 5 frames
for each clip. Since candidate faces are spatio-temporally stable during (k), we
extract the last candidate face (e). However, in the second example, candidate
faces are not consecutive and spatially stable. Therefore, no face is extracted

from this sequence of video.
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(a) (b) (c) (@
(e) (f) (&) (h)

Figure 3.3: Point-spread functions designed with difference of offset Gaussians.
All the parameters of Gaussian functions are adapted from [62]. (a) and (b)
are the spot filters, linear combinations of two circular concentric Gaussian func-
tions. (c-h) are the bar filters with different orientations, designed with linearly
combining three offset-identical Gaussian functions.

3.2.3 Improving the Accuracy of Facial Shot Detection

We have extracted all the facial shots with extended body regions from our ref-
erence videos. For testing purposes, 1000 faces are randomly selected from facial
shots, manually labeled as face or non-face. 75.5% of the extracted faces were

real faces with body regions, the rest were false alarms.

For increasing the accuracy of facial shot detection, we classified these images
according to their responses to spot and bar filters in different orientations (see
Figure 3.3) proposed in [62]. Each facial region is divided into 4 patches, and
then the mean and variance of each filter response is calculated for each patch.
A 64-d feature vector is computed using the responses of 8 filters (4 patches x 8

filters x 2 values).

Each feature vector is normalized. Among a number of classifiers experi-
mented (i.e., k-nearest neighbor, decision tree, SVM, Naive Bayes); the Nearest
Neighbor (NN) classifier gives the best accuracy. To evaluate the performance
of NN on this dataset, we tested with 10-folds cross-validation. 81.3% of the
instances were correctly classified. As a result of this classification, we increased
the accuracy of facial shot detection from 75.5% to 86.2% (see Table 3.1).
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Table 3.1: The confusion matrix of the NN classification of facial and non-facial
images using bar and spot filter responses.

Classified as
Face Non-face

Class Face 676 79
Non-face 108 137

3.2.4 Extracting Faces from Shots

Since our aim is not recognizing faces, label persons, etc., extracting only the
faces does not seem to be an efficient way to match faces in video clips. Yet,
face matching has some well-known drawbacks, such as sensitivity to pose and
illumination changes. To overcome this problem, we employ the method proposed
by Zhai and Shah [82]. Instead of extracting visual features from the face, we
extend the detected region to cover the upper part of the body. Therefore, we can
match the shots with the same person (e.g., an anchor man or a political leader) by
considering the clothes or some background as well. Figure 3.4 displays detected

faces and their extended body regions.

3.2.5 Matching Facial Shots

After finding the facial shots from both query and reference videos, some vi-
sual features are extracted from the extended body region image of each face.
We preferred using color-based MPEG-7 descriptors (explained in detail in Sec-
tion 3.5.1). Edge-based methods are excluded because of the distortions applied
on query videos. Besides, homogeneous texture descriptor requires a minimum
of 128 x 128 image, which is not the case for most of the extracted face images.
We give detailed evaluation of the method with different visual features and their

combinations in Chapter 4.
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) Frames with detected faces

) Detected faces

1y il

(c) Extended body regions

Figure 3.4: Examples of extended body regions: first five examples are faces of
the same person in different events/scenes. Because our goal is to match shots
instead of faces, we use extended body regions (c). Solely the facial regions do
not give discriminative visual features; on the other hand, differences of clothing
help us identify the same person in different scenes.
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3.3 Subsequence Matching of Activity Time-

Series

As we mentioned earlier, spatiotemporal sequence matching is a technique robust
to many distortions caused by digitization and encoding. In addition, it provides
the precise temporal location of the matching video parts. These two features

are crucial for a video copy detection system.

In contrast with the prior works [49, 65], we preferred using the numerical
intensity averages of partitions instead of their ordinal measures. The reason is
that when the length of the query video is small (query videos used in TRECVID
are between 3 seconds to 3 minutes [4]), there might be more than one video

sequence that have very similar fingerprints.

3.3.1 Problem Definition

Here are some notions used in this section. V' = {V[0], ..., V[n — 1]} represents
a video with n frames. V[i] = {V1[i], V?[i], V3[i], V[i]} denotes i'" frame with 4
features, which are the average intensity values of 4 partitions (for top-left, top-
right, bottom-left, and bottom-right regions). Then V7 represents a sequence of
4t partition. A subvideo of video V with N frames is defined as V[p: p+ N —1],
where the first frame is V[p].

The problem of subsequence matching of time-series can be defined as follows:
Given a query video Vg with IV frames, find the matching subset of reference video
Vi with M frames, if the dissimilarity between two video clips D(Vg, Vi) is less
than a threshold e.
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Figure 3.5: Average intensity values for reference (a) and query (b) videos. Nor-
malized average intensity values for reference (c¢) and query (d) videos.
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3.3.2 Activity Subsequence Matching Method

Figure 3.5 represents a reference video with 200 frames, and a query video with
40 frames. Although they look quite different, we know that the query video Vg
is originated from subvideo Vg[81 : 140].

Due to the manipulations in query generation process (changing quality,
gamma value, contrast, etc.), average intensity values of the query frames may be
higher or lower than the original video. Therefore, we need to normalize average
intensity values for both reference and query videos (see Figure 3.5). This is done
by adjusting the mean of the values to be the middle value of gray scale. The

procedure was referred as histogram equalization in [49].

After this point, the problem becomes matching time-series (signals) with
different amplitudes. To overcome afromentioned differences in the amplitudes of
time-series, we define ax[i] as the maximum distance of a partition intensity value
to the center-point (¢ = 128) for the i frame of video Vi, and Bx[p:p+ N — 1]
as the maximum value of ax[i] for all frames of subvideo Vx[p : p+ N —1]. Then

Bx is calculated for all frames of V.

axli] = max|Vi[i] - ¢, where j € {1,2,3,4} (3.1)

J
ﬂX[p:ijN—l]:mZaX&X[i], where i € [p,p+ N — 1] (3.2)
Bx = Px[1: M] (3.3)

By using a and (8 functions, we calculate the dissimilarity between a query
video and a reference subvideo as:

SN, S VBl - Valp + ]
N

D(Vy,Verlp:p+ N —1]) = (3.4)

T Vé[i]—c
Vol = 3 e p ¥ N = 1]

+c (3.5)

Therefore, the dissimilarity between a query and a reference video can be
defined as the minimum of subvideo dissimilarities:

D(Vy,Vrlp:p+ N —1])
N

D(Vg, Vg) = mgn , where p € [1, M — N] (3.6)
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If the dissimilarity D(Vy, Vg) is less than a threshold value €, we report that
the query video Vi can be a copy of Vx starting from the frame number p with
a decision score of 1 — D(Vp, Vg). Threshold value depends on the detected
transformations applied to the video. If the query video has noise, or picture-in-
picture transformation, the dissimilarity values would be higher. Therefore, we

increase the decision threshold e in such cases.

Activity series of four query videos originated from the same reference sub-

video is shown in Figure 3.6.

3.4 Non-facial Shot Matching with Low-level

Visual Features

The third step of our proposed method consists of extracting low-level visual
features from reference and query videos, and keyframe-based matching of video
segments. If a shot is marked as facial (i.e., a face was detected in one of the frames
of this shot), facial shot matching technique handles detecting the copies. Low-
level feature matching part is complementary to facial shot matching; however,

it uses low-level color and texture information of the whole frame.

3.4.1 Visual Features and Similarity Measures
The following MPEG-7 features (three color, and two texture-based descriptors)

are extracted and compared for image-to-image similarity. MPEG-7 visual de-

scriptors are explained in detail in [9, 64].

3.4.1.1 Scalable Color Descriptor

Scalable color descriptor (SCD) is a color histogram in the HSV color space,

encoded by a Haar transform. The histogram values are extracted, normalized
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Figure 3.6: Generation of the activity sequence: frames from query videos that
correspond to the same reference video (first column), average intensity values
for 2x2 partitions (second column), spatio-temporal activities of frames (third col-
umn), and normalized spatio-temporal activities of frames (fourth column). The
first query video is very similar to the original video, except for the logo inser-
tion. The second and the third videos have gamma-change and strong re-encoding
transformations. The fourth video is recorded with a camcorder. Although the
spatio-temporal activities and average intensity values are very different, their
normalized intensity sequences are close to each other.
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and nonlinearly mapped into integer representation. This descriptor is scalable
in terms of bin numbers and bit representation accuracy. In our method, we used
the number of coefficients (histogram bins) as 128. [;-norm based matching is

used for comparing scalable color descriptors.

3.4.1.2 Color Layout Descriptor

Color layout descriptor (CLD) is a compact and resolution-invariant color fea-
ture that efficiently represents spatial distribution of colors for high-speed image
retrieval applications. Input image is divided into 8 x 8 blocks, transformed by
discrete cosine transformation (DCT), and DCT coefficients for the luminance

and the chrominance are extracted.

For matching two CLDs, {DY, DCr, DCb} and {DY’, DCr', DCV'}, the fol-

lowing distance measure is proposed in [64]:

D= \/Z w,i(DY; — DY!)2+ \/Z wyi(DCb; — DCH)*+ \/Z w,i(DCri — DOTY)?
(3.7)

3.4.1.3 Color Structure Descriptor

Color structure descriptor (CSD) is a color feature descriptor that represents
an image by both color distribution (similar to color histogram) and the local
spatial structure of the color. An 8 x 8 element is used to embed color structure
information into the descriptor. As an advantage over color histogram, CSD can
discriminate between two images, similar in terms of a given color, but different
regarding the structure of the groups of pixels having that color. CSD uses the

ly;-norm for matching as the similarity measure.
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3.4.1.4 Homogeneous Texture Descriptor

Homogeneous texture descriptor (HTD) is designed to search and browse through
large collections of similar patterns. The region texture is represented using the

mean energy and energy deviation in 30 frequency channels.

The similarity between a query image (7'Dgyery) and a reference image
(T Dyeference) is measured by summing the weighted absolute difference between

two sets of vectors:

uer k) - TDre erence(k>
D(Tune'rya TDreference E q ! O[(k’) ! (38)
k

where the recommended normalization value a(k) is the standard deviation of

all T D, eference(k) values. For intensity invariant matching, the first component

is not used in computing the dissimilarity.

3.4.1.5 Edge Histogram Descriptor

Spatial distribution of five types of edges is calculated in edge histogram descrip-
tor (EHD). The image is divided into 4 x 4 subimages, and then the edges in 16
subimages are categorized into five types: vertical, horizontal, 45° diagonal, 135°

diagonal, and non-directional edges. As a result, 80 histogram bins are required.

For matching edge histograms, edge distribution for the whole image and
some horizontal and vertical semi-global distributions are required to improve the
performance. These global and semi-global histograms can be directly calculated
from the 80 local histogram bins. We use a total of 150 bins (80 for local, 5 for

global, 65 for semi-global), and l/;-norm for similarity matching:

Z|hA |+5xZ|hg |+Z|hs ) — hig(i)] (3.9)

1=0
where h4(i) and hg(i) represent the normalized local histogram bin values, k% (4)
and h%(i) represent the normalized bin values for the global edge histograms,

and finally A% (i) and h$(i) represent semi-global-edge histograms of image A
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Figure 3.7: Edge histogram descriptor: subsets of local edge histograms to gener-
ate semi-global edge histograms (a), and overall edge histogram with 150 bins (b).

and B, respectively. Semi-global edges and the overall edge histogram are shown

in Figure 3.7.

3.4.2 Extracting Features from Query and Reference
Videos

Selecting representative frames, namely keyframes, is a common approach for re-
ducing the amont of data to store and to index for efficient content-based search.
In the preprocessing (off-line) stage, the visual features of each keyframe of ref-
erence videos are computed and stored in a structure. A keyframe is defined as

the median frame of the shot in our system.

It is important to index the low-level visual features extracted during the off-
line step in order to accelerate the similarity search. We use k-d trees to store SCD
(128-d), CSD (64-d), and EHD (150-d) descriptors. Because these descriptors use
[-norm as the similarity measure, exact and approximate nearest neighbor search
is highly efficient using ANN [3] library. The remaining descriptors (CLD and
HTD) need to be compared one-by-one.
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Extracting features from query keyframes requires a mask for picture-in-
picture transformation window (if any), and the still regions. After discarding
patterns, texts, and other inserted videos from the query keyframes, the rest of
the frame represents the original content better. The overview of low-level feature

matching part is shown in Figure 3.8.

+ Preprocessing

Reference Video 1
Reference Video 2
Reference Video 3

keyframes MPEG-7 Visual
e ——
Feature Extractor

P

QUERY N keyframes | MPEG-7 Visual | sco, cLp Approximate Weighting and
»| Nearest Neighbor > )
VIDEO Feature Extractor | csD, HTD, EHD s h Scoring
earc|

matching video segments

Figure 3.8: The overview of the low-level feature matching algorithm.

3.4.3 Variable-weighted Feature Similarity Calculation

A common approach for visual feature weighting is to assign fixed weights to
each visual feature, as used in [20]. However, in video copy detection, some
copies can be only identified by edge-based feature similarity, while another one
may better respond to color layout based similarity. This is simply a result of
various transformations applied on query videos. If noise is added to video, we
can use color structure information. If there occurs a change in the color (e.g.,
camcording, change of gamma, etc.), edge-based comparisons are likely to give
better matches. As a result, an automatic copy detection system cannot decide
which visual feature is appropriate for matching a query video. Most of the
content-based image/video retrieval systems prefer using fixed weights for visual

features, or simply take the average of the similaries of different features.

Our solution is to use a variable-weighted feature similarity calculation based



CHAPTER 3. CONTENT-BASED COPY DETECTION 48

on the success rate of the visual similarities of different features. When finding the
matches between interest points of different images for panoramic image stitching
applications, two closest matches are compared to each other. If two distances
are too close to each other, the algorithm discards the feature point. Based on
this idea, we define the success rate (weight) of a feature as the ratio of similarity
values of the most similar match to the 5 one. So the weights for each visual

feature are calculated for each query keyframe separately.

Keyframe-based similarities are calculated with variable weighted MPEG-7
visual features. Then the most similar and most voted matching reference videos

are reported as copy candidates.

3.5 Combining Results

Each method (facial shot matching, activity subsequence matching, and low-level
feature matching) returns the best matches for all the queries. When combining
the results, some of them point to the same reference video and similar temporal
locations. These candidate results are merged and reported with the rest of the
matching candidates. Consequently at most three copies are reported for each

query video.



Chapter 4

Evaluations and Experiments

4.1 TRECVID CBCD Task Dataset

4.1.1 Reference Dataset

The reference dataset consists of approximately 100 hours of Sound & Vision data
used as training and test videos for TRECVID 2007 search and HLF tasks, plus
another 100 hours of Sound & Vision data prepared for TRECVID 2008 search
and HLF tasks. In total there are 438 reference video files.

e TV 2007 Sound & Vision Development: 110 video files, 30.66GB, ~50 hours
e TV 2007 Sound & Vision Test: 109 video files, 29.27GB, ~50 hours

e TV 2008 Sound & Vision Test: 219 video files, 59.9GB, ~100 hours

4.1.2 Query Dataset

Query dataset prepared for TRECVID 2008 CBCD task is constructed using

~200 hours of reference videos (see Section 4.1.1) and videos not in the reference

49
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Figure 4.1: Generation of query videos by INRIA-IMEDIA [4]

database (to test false positive rate). The 2007 BBC rushes video was used as
non-reference data. Some of the queries are composed of a segment of reference
videos, while some may contain no reference video segments. There are three

types of queries:

e Type 1: Query video is a transformed fragment of reference data;
e Type 2: Query video contains a transformed fragment of reference data;

e Type 3: Query video is a transformed fragment of a video not in reference

database.

67 video segments are prepared for each type. By applying 10 different trans-
formations (cf. Table 1.1) to all generated videos, final query videos are generated.
The process is depicted in Figure 4.1. As a result, there are total of 2010 MPEG-1
videos (34.17GB), which is about 80 hours of video segments with various trans-
formations applied. The important events that occur in query videos are shown

in Figure 4.2.
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Figure 4.2: The important events that occur in query videos: successive frames
with frame-dropping transformation (first row), cut and dissolve transitions (sec-
ond row), fade-in transition (third row), shot-boundaries for a picture-in-picture
transformation-applied video, foreground changes at 1087, background at 1779
(fourth row), fast moving object in the scene (last row). Shot-boundaries dur-
ing cut/gradual transitions (row 2-3), and for background and foreground videos
(row 4) are detected, while dropped frames (row 1) and fast object movements
are ignored.
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4.2 Evaluation of Noise Detection

We used the query video set of TRECVID 2008 CBCD task, and extracted 1
frame per 2 seconds for each of 2010 videos. After decoding the videos, 33 478
images are manually labeled as 1 or 0, indicating that the frame is highly noisy

or not.

Median filters of different sizes are evaluated and compared in an ROC curve
(see Figure 4.3). It is shown through experiments that the setting with s = 3
and th,, = 3.51 gives an accuracy of 90.9% with a false alarm rate of 14.8%.

Most of the false alarms are caused by query videos that have noise originally,
but not as a transformation. It should be noted that frames with sea, wavy water,

or a textured background generally give high noise detection outputs.

1

0.81
0.6

041/

True Positive Rate

Median filter with 3x3 | 1
Median filter with 5x5
Median filter with 7x7

0.2

0 0.2 0.4 0.6 0.8 1
False Positive Rate

Figure 4.3: The ROC curve of the noise detection method with different median
filter settings.



CHAPTER 4. EVALUATIONS AND EXPERIMENTS 53

4.3 Evaluation of Picture-in-Picture Transfor-

mation Detection

Out of 2010 query videos, 545 of them include picture-in-picture transformation.
We obtained the scale and offset information of all picture-in-picture transforma-

tions by processing the ground-truth data used for generating query videos.

Our method has reached 86.79% of recall rate, where false alarm rate is
16.93%. Missed picture-in-picture transformations are generally caused by com-

plex transformations, i.e., (8), (9), and (10) in Table 1.1.

4.4 Evaluation of Shot-boundary Detection Al-
gorithm

We selected a set of shot-boundary detection algorithms from the literature for a
comparative evaluation of our method. The factors we considered for the selec-
tion of these algorithms are the ease of their implementation and the presence of
distinct features to be used in comparison. The source codes for most of these
algorithms are not available. For the algorithms with available source code, the
frame-dropping transformation causes many false alarms with default settings.
Therefore, we decided to create our own implementations in order have a con-
sistent and fair evaluation of the algorithms. Since many design details are un-
specified in the literature, we tried to find the optimum values for the parameters

experimentally.
The following algorithms are selected for our test:
1. Color histogram (CH): Short transitions and hard-cuts can be detected by

using simple color histogram-based methods. In this method, RGB and

L*a*b* color spaces are quantized into 27 equal subspaces. The histogram
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h,, of image I, is defined as:

_ Hplp € Lu(r,0)}|

hn(bl X bg X bg) X w

(4.1)

where p, /b = by, py/b = by, py/b = bs for RGB color space. If the histogram
difference of two successive frames exceeds a threshold value, a shot bound-

ary is found. Details of such an algorithm are provided in [26, 58, 28, 27, 22].

2. Probabilistic block intensity (PBI): Probabilistic block intensity is a statis-
tical method based on the mean and standard deviation of the pixels in
image regions. This technique is discussed in [22], and implemented in [48].
Although its tolerance to noise is a great advantage, this method tends to

generate many false alarms. In our experiments, each frame is divided into
16 blocks.

3. Edge tracking (ECR): Edge change ratio based shot-boundary detection
methods are discussed in [58, 22]. The ratio of the edges that enter and
exit between two successive frames are used to determine shot boundaries.
Edge-based methods are less sensitive to illumination changes, and they

give better results in gradual transitions.

4. Local keypoint matching (KM): Recognizing the objects and scenes through-
out the video is the basic idea of the keypoint matching-based shot-
boundary detection methods. The algorithm proposed in [40] matches the
objects between consecutive frames, and determines if there is a shot bound-
ary. We use scale invariant feature transform [61] and a simple matching

algorithm for this purpose.

Our tests with 50 query videos, which represents each transformation type
with at least 4 videos, showed that fuzzy color histogram-based shot-boundary
detection method can achieve higher accuracy values, while reducing false alarms.
Table 4.1 gives the recall and precision values for the compared algorithms. F1
scores are also provided as a measure that considers both the precision and the

recall rates.
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Table 4.1: Experimental results of shot-boundary detection algorithms.

Method Recall Precision F1

RGB CH 0.6284 0.6862 0.6560
L*a*p* CH  0.5939 0.6624 0.6263

PBI 0.3218 0.0225 0.0421
ECR 0.5862 0.3542 0.4416
KM 0.4789 0.4496 0.4638

Fuzzy CH 0.7165 0.8348 0.7711

BMRGBCH MlL*a*h*CH EPBI MECR MKM [ Fuzzy CH
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Figure 4.4: Recall values of shot-boundary detection algorithms for different
transformation types.

It should be noted that the methods selected for comparison could perform
much better for detecting shot-boundaries of videos on which none of the trans-
formations listed in Table 1.1 are applied. Our test set consists of videos ma-
nipulated with these transformations. The challenge here is to detect all shots,
including background and foreground videos for picture-in-picture transforma-
tions, without being affected by frame-dropping, noise, pattern insertion, strong

re-encoding, etc.

Methods have different accuracy values depending on the transformation type.
Figure 4.4 shows the recall values of shot-boundary detection methods for 10
types of transformations. For most of the transformations, proposed fuzzy color

histogram-based method performs better than the other techniques.
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Transformations of T2, T8, T9, and T10 (see Table 1.1), which include picture-
in-picture transformation, are the most challenging ones. We increase the overall
recall rate in these transformations from 48.74% (best among others) to 62.18%
(Fuzzy CH). Our method also achieves a lower false alarm rate with a precision

of 93.67%, whereas the precision values of the other methods could only reach up
to 53.21%.

It may be expected that the proposed fuzzy color histogram-based method will
have some drawbacks when the processed videos/frames are in grayscale. In order
to evaluate the performance of the proposed method under this circumstance, we
converted the same 50 query video into grayscale, and then run the SBD algorithm

for these videos. Results are given as a confusion matrix in Table 4.2.

Table 4.2: The confusion matrix of fuzzy color histogram-based shot-boundary
detection method using the same 50 query videos, but with grayscale frames.

Classified as
SB Non-SB

Class SB 207 (tp) 85 (fn)
Non-SB 66 (fp) ~

Experiments with grayscale videos show that the recall (70.8%) and the preci-
sion (75.8%) values are slightly affected by this change. Although our method is a
color histogram-based technique, grayscale pixels can be defuzzified into the col-
ors other than white/gray/black, depending on the results of 26 fuzzy rules. This
property provides enough flexibility for the method to detect shot-boundaries of
grayscale videos. We also observed that the increase in false-alarm rate is mostly
because of the shot-boundaries detected close to the beginning of gradual transi-

tions. Nevertheless, the proposed method still outperforms other techniques.
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4.5 Evaluation of Facial Shot Matching

The color-based MPEG-7 descriptors used in facial shot matching method are
color structure (CSD), scalable color (SCD), and color layout (CLD) descriptors.
The number of correct detections obtained by using each descriptor is listed
in Table 4.3. Note that color descriptors are generally illumination-dependent
feature vectors. We were only able to implement the similarity function of CLD

illumination-invariant by ignoring DC components of the descriptor.

Table 4.3: Number of correct detections for facial shot matching method with
different visual features. Total number of copies that can be detected for each
transformation type is 134.

Proposed Method
CSD SCD CSD+SCD CLD  CSD+SCD+CLD

T1 0 0 0 18 18
T2 25 25 34 28 36
T3 38 40 46 42 48
T4 22 28 35 41 49
T5 24 21 30 49 o4
T6 22 21 31 37 49
T7 12 14 16 47 o1
T8 28 34 36 21 40
T9 26 25 31 10 32
T10 12 12 20 22 30

Out of 9,612 query faces and 32,597 reference faces, our method successfully
retrieved a total of 407 copies, which corresponds to ~30% of the copies. We also
believe that detecting facial shots in reference videos improves the quality of a

video database and enables users to query the database with face samples.
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4.6 Evaluation of Activity Subsequence Match-

ing

Subsequence matching of activity time-series method is evaluated for the CBCD
task of TRECVID 2008. Among 2010 query videos, 1340 of them are originated
from a reference video. CBCD evaluation software generates the analysis reports
for each transformation type. The objective of the task is to detect all 134 copies

with the correct reference video and temporal locations.

Our activity matching method consists of three parts: detecting full-frame
copies, detecting copies of foreground videos generated with picture-in-picture
transformation (T2), and flip transformation (T8-T9). We present the experi-
mental results of these parts separately. Subsequence matching based on ordinal
measure is taken as the baseline for our comparison. The results in terms of the

number of correct detections for each transformation type are given in Table 4.4.

Table 4.4: Number of correct detections for activity subsequence matching
method. Ordinal measure is taken as a baseline. Total number of copies that
can be detected for each transformation type is 134.

Baseline Proposed Method
Ordinal Normal Window Flip Normal+Window+Flip

T1 52 5} 2 - 25

T2 2 2 36 - 37

T3 42 46 - 1 47

T4 74 76 = - 76

TS5 67 70 - - 70

T6 73 74 - - 74

T7 65 62 - 2 63

T8 11 17 1 22 40

T9 2 2 - 20 22

T10 14 16 4 7 27

It is seen from the results that considering the activities of picture-in-picture
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transformation windows (for T2), and matching with the mirror of each query

video (for T8 and T9) increase the accuracy of the proposed method.

4.7 Evaluation of Low-level Feature Matching

Non-facial shot matching with low-level visual features is the most successful
matching part of the system for the transformations of text/logo insertion (T3),

strong re-encoding (T4), and gamma change (T5) (see Table 4.5).

Table 4.5: Number of correct detections for low-level feature matching method.
Total number of copies that can be detected for each transformation type is 134.

TT T2 T3 T4 T5 T6 T7 T8 T9 TI10

Correct detections 51 1 97 113 114 102 o64 75 37 27

Although the matching resulted in low correct detection rates for camcording
(T1), picture-in-picture transformation (T2), and complex transformations (T9-
T10); shot matching with low-level features has a huge efficiency for detecting
video copies. We were able to represent ~200 hours of reference videos with only
87,598 keyframes. Approzrimate Nearest Neighbor search on a k-d tree structure

for this number of feature vectors runs very efficiently.

As a future work, visual features of picture-in-picture windows can be ex-
tracted and compared with reference keyframes in order to increase the accuracy
of low-level feature matching method on transformations of T2. For improving
the results for camcording transformation (T1), illumination-invariant features

or similarity measures can be selected.
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4.8 Overall Results

Number of correct detections for each method and the combined results are com-
pared in Table 4.6. Note that there are some copies detected by more than one
method. The overall correct detections are not the sum, but the union of the

correctly detected query videos.

Table 4.6: Number of correct detections for each proposed method and their
combination.

Method 1 Method 2 Method 3
Matching Activity Low-level

Facial Subsequence Feature Combined Method

Shots Matching Matching  Correct Hit Miss
T1 18 55 51 82 61.20% 38.80%
T2 36 37 1 60 44.78%  55.22%
T3 48 47 97 113 84.33% 15.67%
T4 49 76 113 126 94.03%  5.97%
T5 54 70 114 127 94.78%  5.22%
T6 49 74 102 122 91.05%  8.95%
T7 51 63 64 103 76.87% 23.13%
T8 40 40 75 103 76.87% 23.13%
T9 32 22 37 70 52.24% 47.76%
T10 30 27 27 58 43.29% 56.71%
All 407 511 681 964 71.94% 28.06%

The results given in Table 4.6 show that our video copy detection framework
achieves high correct detection rates for the transformations T3, T4, T5, and
T6, mostly because of the frame-dropping detection, mask generation, noise de-
tection, and border detection parts of the method. Similarly, a little complex

transformations like T7 and T8 have very promising results.

Detecting copies of query videos with camcording (T1) and picture-in-picture
transformation (T2) can be improved as a future work. Currently low-level fea-

ture matching method only works for the whole query frame; however, it can be
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modified in a way that visual features of the picture-in-picture transformation

window can be extracted and compared with the reference features.

The transformations of T9 and T10 are the most complex ones in this task;
yet, our framework was able to detect about half of the copies. Coordinators
of TRECVID states that “CBCD task should investigate more realistic transfor-
mations by dropping very complicated transformations that are a combination of
other transformations and found by this years result to be very difficult to detect”
in their report for TRECVID 2008 [13].

4.9 Comparisons with other groups in TRECVID
2008

We compare our results with the best 8 runs of the groups participated in
CBCD task of TRECVID 2008. Three of the best results are submitted by
INRIA-IMEDIA team [47]. Joly is a combination of dissociated dipoles fea-
tures extraction [42] in sampled keyframes, features indexing and retrieval with
distortion-based similarity search structure [44], and spatio-temporal registra-
tion of retrieved features. ViCopT performs a tracking of visual local features
and index them differently according to some labels of behaviour [56], applies
distortion-based similarity search structure directly on the local features extracted
in keyframes [44], and uses a robust voting algorithm based on labels of behav-
ior [54]. The run named Joly+ViCopT is the combination of two approaches,
which is invariant to flip, resize, strong noise, and picture-in-picture transforma-
tion. INRIA-IMEDIA group was also responsible for the query video generation
and CBCD evaluation software preparation in TRECVID 2008.

The method used by INRIA-LEAR [30] extracts SIFT features from
keyframes, and by using bag-of-features approach and Hamming Embedding they
generate image descriptors. The similarity scores between video clips are geomet-
rically verified and the scores are aggregated to generate video segment matches.

Orange Labs [34] uses visual features calculated around regions of interest, and
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an adaptive and parameter-free method for scoring the matches. Tsinghua Uni-
versity with Intel China Research Center [57] propose a CBCD system that uses
SURF descriptors [19] and ANN-based matching. Details of the CBCD systems
used by IBM T.J. Watson Research Center and Columbia University were not
published in the notebook papers of TRECVID 2008.

Our comparisons with other groups are based on the correct detection rate
(CDR), and the total query processing time (QPT) for all of the 2010 query
videos. Correct detection values of each transformation are calculated with the
CBCD evaluation software. Total QPTs are computed from the run files for other

groups.

Because we implemented each part of the method separately (for evaluation
and comparison purposes) rather than a complete copy detection system, our
query processing time is estimated. Recall that our copy detection framework
has a shot-boundary detection part (which also extracts masks for still regions,
window of picture-in-picture transformation, detects noise and frame-dropping
transformations) and three separate matching parts. In theory, while the shot-
boundaries are detected, facial-shot matching and low-level feature matching
parts can be run in parallel with the streaming outputs of shot-boundary de-
tection. Activity subsequence matching part does not depend on the shot-

boundaries; therefore, it can also work as a separate process.

To speed up the process, some techniques are applied to the methods. In
facial shot detection, the method skips to the end of the shot when a face is
detected and extracted. In activity subseqeunce matching, we employ a pruning-
like method in order to discard reference subvideos with very low similarities.
However, shot-boundary detection part should process each frame one-by-one,
and run with 100fps rate. Therefore we estimate the total QPT based on the
processing time of shot-boundary detector for 3,891,542 query frames, which can

be completed in 648 minutes.

The correct detection rates and total query processing time of each run are
compared in Table 4.7. The results of each transformation are sorted and visually

presented in Figure 4.5.



63

8%9 6G.L €69 148V 969 [ani7 L4996 | DA Le0V  LJO
%V6 1L %16'LY %LE 08 %L6'GE  %08ES %07 6.L %LE08 %c6'67  %Yr'09 "dOD
796 v9 LL0T 8V 1¢k 7901 LL0T 699 018 [eloL
8¢ 61 12 €¢ 6% L6 ¢9 6¢ 8F OTL
0L a1 6C1 61 14 Gll ¢0T 96 e 6.L
€0t 45 8¢l 9¢ Gl OTT a1t €0t 99 8.L
€0t 4 99 LT [ ¢6 9L 8T LL LL
GGl €6 g6 9¥ 86 G0t LTT 99 a1t 9IL
Lcl 43! 24} ITT acl 4! Vet 8¢l 6C1 SL
9¢1 61T L6 6¢ 911 90T 9¢1 1€ 9¢1 VL
€r1 06 6C1 86 6L €rl 6¢1 OTT qcl1 €L
09 - 6C1 91 0T 60T Ict € LT ¢L
G8 8L 66 L9 v 90T g6 a8 98 LL

pasodoxg pufpenysulsy, sqeesuel equno)d NGl YVAT-VIUNI  LAoDIA+Aer  TdopiA - Afor

CHAPTER 4. EVALUATIONS AND EXPERIMENTS

"senuru Ut awi) Sursseoold Arenb (@109 1 4P ‘@)RI UOII0919P 1991100 Y (7)) NSk} (1DID
Q0. (AIADHM.L ut paredmorjred sdnois g 1s9q 1) pue poylawl o 10J 9dA) UOryRULIOJSURI) [DRS JO UOIIIIOP JI9110)) ) 'F 9[qe],



CHAPTER 4. EVALUATIONS AND EXPERIMENTS 64

INRIA-LEAR] Orange Labs
Orange Labs| Joly + ViCopT
Joly + ViCopT]| INRIA-LEAR
INRIA-IMEDIA Joly Our Method
INRIA-IMEDIA ViCopT| INRIA-IMEDIA Joly
Our Method Columbia U
Tsinghua & Intel 1BM
Columbia U| INRIA-IMEDIA ViCopT
1BM Tsinghua & Intel

0 50 100 134 0 50 100 134

(a) T1 (camcording) (b) T2 (picture-in-picture)

Joly + ViCopT| Our Method
Orange Labs| INRIA-IMEDIA Joly
INRIA-IMEDIA Joly| Joly + ViCopT
Our Method Tsinghua & Intel
INRIA-IMEDIA ViCopT| IBM
Columbia U| INRIA-LEAR
INRIA-LEAR| Columbia U
Tsinghua & Intel Orange Labs
IBM| INRIA-IMEDIA ViCopT

0 50 100 134 0 50 100 134

(¢) T3 (insertion of patterns) (d) T4 (strong re-encoding)

Joly + ViCopT| Our Method
Orange Labs INRIA-IMEDIA Joly
INRIA-IMEDIA Joly Joly + ViCopT
Our Method Tsinghua & Intel
INRIA-IMEDIA ViCopT]| IBM
Columbia U| INRIA-LEAR
INRIA-LEAR Columbia U
Tsinghua & Intel Orange Labs
1BM INRIA-IMEDIA ViCopT

0 50 100 134 0 50 160 134

(e) T5 (change of gamma) (f) T6 (combination of 3 from A)

Our Method Orange Labs
INRIA-LEAR| Joly + ViCopT
INRIA-IMEDIA Joly| INRIA-LEAR
Joly + ViCopT| Our Method
IBM| INRIA-IMEDIA ViCopT
Orange Labs IBM
Tsinghua & Intel INRIA-IMEDIA Joly
INRIA-IMEDIA ViCopT| Columbia U
Columbia U Tsinghua & Intel

0 50 100 134 0 50 100 134

(g) T7 (combination of 5 from A) (h) T8 (combination of 3 from B)

Orange Labs INRIA-LEAR
INRIA-LEAR| Orange Labs
Joly + ViCopT| Joly + ViCopT
INRIA-IMEDIA ViCopT| Our Method
Our Method 1BM
IBM| INRIA-IMEDIA Joly
INRIA-IMEDIA Joly| INRIA-IMEDIA ViCopT
Columbia U Columbia U
Tsinghua & Intel Tsinghua & Intel

0 50 100 134 0 50 100 134

(i) T9 (combination of 3 from B) (j) T10 (combination of 5 from T1-T9)

Figure 4.5: Correct detection of each transformation type for our method and
the best 8 groups participated in TRECVID’08 CBCD task.



Chapter 5

Conclusions

In this thesis, we first propose a fuzzy color histogram-based shot-boundary de-
tection method for the videos where heavy transformations (such as cam-cording,
insertions of patterns, strong re-encoding) occur. In addition to detecting shot-
boundaries using fuzzy color histogram, we extract a mask for still regions and
the window of picture-in-picture transformation. Experimental results show that
the proposed method effectively detects shot boundaries with a small false alarm

rate as compared to the state-of-the-art shot-boundary detection algorithms.

In the second part of the thesis, a multimodal framework for content-based
copy detection and video similarity detection is presented. The proposed method
consists of three steps for video segment matching: facial-shot matching, activity
subsequence matching, and low-level feature matching. We were able to make
a fair comparison by testing the method on the query and reference dataset of
CBCD task of TRECVID 2008. Our results were compared with the results of
top-8 most successful techniques submitted to this task. Experimental results
show that the proposed method performs better than most of the state-of-the-art
techniques, in terms of both effectiveness and efficiency. It is clear that the system
already achieves high correct detection rates for the transformations of text/logo
insertion, strong re-encoding, gamma change, and noise addition; however, there
is still some potential for detecting queries with camcording and picture-in-picture

transformations.

65
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Our future extensions will focus on how to improve the effectiveness in trans-
formations like camcording, picture-in-picture, and very complex ones. The re-
sults for camcorded query videos can be improved by translating the frames with
the camera parameters calculated automatically from the video, if the video in-
cludes camcording transformation. For picture-in-picture transformations, we
may need to improve picture-in-picture window extraction method, and consider
these windows in low-level feature matching part. Moreover, we plan to give the
evaluation results with a criterion that takes both misdetections and false-alarms

into account.
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