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Abbreviations and symbols

2-D 2-Dimensional

3-D 3-Dimensional

BoW Bag-of-Words

BoF Bag-of-Features

BRIEF Binary Robust Independent Elementary Features

CAD Computer-aided Design

DLT Direct Linear Transform

DoG Di�erence-of-Gaussian

FAST Features from Accelerated Segment Test

GMM Gaussian Mixture Models

HMM Hidden Markov Models

HOG Histogram of Oriented Gradients

LBP Local Binary Patterns

LoG Laplacian-of-Gaussian

MSER Maximally Stable Extremal Regions

NIST National Institute of Standards and Technology

ORB Oriented BRIEF

PCA Principal Component Analysis

RANSAC Random-Sample-Concensus

rBRIEF Rotated Binary Robust Independent Elementary Features

RGB Red-Green-Blue Color Space

RMS Root mean square

SIFT Scale-Invariant Feature Transform

SLAM Simultaneous Localization and Mapping

SURF Speeded-Up Robust Features

SVM Support Vector Machine

TRECVid TREC Video Retrieval Evaluation

UI User Interface

VOC Visual Object Categorization

VSLAM Visual Simultaneous Localization and Mapping

σ Gaussian kernel size

λ1 Eigenvalue calculated from M



λ2 Eigenvalue calculated from M

α A balancing constant in Harris detector

τ threshold value

τ(x, y) Binary test in BRIEF/ORB

∈0 Overlap error

θ(x, y) The gradient orientation

deye Distance used in the face detection

D Approximation of gaussian derivatives

D(x, σ) Di�erence-of-Gaussian image of I(x) in scale-space

Dx(x) Partial derivative in x direction of D(x, σ)

Dy(x) Partial derivative in y direction of D(x, σ)

Dxx(x) Second-order partial derivative in x direction of Dx(x)

Dxy(x) Second-order partial derivative in y direction of Dx(x)

Dyy(x) Second-order partial derivative in y direction of Dy(x)

DN×Mi Distance Matrix of N feature candidates

gn(p, σ) Steered BRIEF/ORB de�nition for patch p

G(x, y, σ) Gaussian kernel

H Hessian matrix

I(x) Image intensity function

Ix(x) Partial derivative in x direction of I(x)

Iy(x) Partial derivative in y direction of I(x)

Ixx(x) Second-order partial derivative in x direction of Ix(x)

Ixy(x) Second-order partial derivative in y direction of Ix(x)

Iyy(x) Second-order partial derivative in y direction of Iy(x)

M Second moment matrix

Iyy(x) Second-order partial derivative in y direction of Iy(x)

k Separation factor in DoG scale-space

K Number of best matches in alignment

L Image convoluted by a Gaussian kernel

Lb Number of landmarks in alignment

m(x, y) The gradient magnitude

n Number of points selected in FAST algorithm

N Number of correct matches in Coverage-N measurement

p Patch in BRIEF/ORB

p Candidate points in FAST algorithm



R Number of random iterations in RANSAC as part of alignment

Rµ Detected regions

sN Score vector

S Patch size in BRIEF/ORB

t Thresholding value in FAST algorithm

v SURF feature vector
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Chapter I

Introduction

The usage of digital content, such as video clips and images, has dramatically increased
during the last decade. This is due to the increasing popularity of camera-ready cell-
phones which are able of producing high-quality images and video content. As the digital
images increase in resolution and size, they produce even larger amounts of data to pro-
cess. Digital photography itself has taken steps forward by introducing new high-speed
cameras and large digital storages for the consumer market. A single image can have over
ten million pixels and require over ten megabytes of memory even while being aggressively
compressed.

Not only the capabities and digital capacity have increased, but also the networking is
many times more e�cient. Online services such as Flickr, contains billions of images
and Youtube has billions hours of video submitted by its users. People watch 6 billion
hours of video at Youtube every month. Even more images are stored on users' home
computers and are not uploaded to the online services. Not only is there a lot of data
but the data is also of a very high resolution when taken with the latest consumer-level
devices.

There is a serious problem for presenting and processing an enormous amount of image
data. Many services provide basic search tools for �nding visual content based on the
data given by the user, such as title and description. Recently, there have been some
advancements in the search tools to utilize image content information to some extent.
For example, as seen in Fig 1.1, sites such as Google Image Search and DeviantArt utilize
the combination of metadata and image information, such as color histograms, to �nd
similar images a user is currently viewing.

The local image features, which are studied in this thesis, have been applied to popular
image services such as Google Image Search. It is common for the local feature based
applications to perform very well with near identical images, but to have problems with
drawn images and with insu�cient text-based metadata such as title and description. It
is possible for the metadata to be incorrect and cause declining performance. However,
it is possible to improve the quality of visual content driven approaches. This thesis is

11



12 1. Introduction

(a) DeviantArt (b) Google Image Search

Figure 1.1: Examples of the existing content aware systems a) DevianArt related
images and b) Google Image Search for similar images.

about improving the object detection aspect of local features and identifying problems
with the current approaches.

1.1 Objectives

The goal of this thesis is to study the properties of local features in image and video
processing tasks: Object alignment, video skimming and shot boundary detection. The
object alignment is an important aspect of many computer vision tasks such as object
detection and recognition. However, it usually requires manual annotation of the images.
E�ectively, the questions are answered in this thesis:

• "How to align the selected images automatically using local features?"

• "How to apply local features in video shot boundary detection e�ectively?"

• "How to create sensible video skims using local feature based method?"

• "How well the local features perform in evaluation which targets object detection?"

The topics discussed in this thesis are evaluated against the state-of-the-art methods if
freely available. The datasets are widely used and accepted by the scienti�c community.
The only exception being the video skim generation for which no quantitative evaluation
can be easily conducted.

1.2 Contribution and publications

This thesis studies applications of local features, which is a topic of a wide range of
di�erent appliable methods. In this thesis, methods in question are object alignment,
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video skimming and video shot boundary detection. Many publications here mention the
term �object class images� which refers to images which contain the same object of the
same class such as Cars or faces. A list of the contributions of this thesis is as follows:

Local feature detector and descriptor comparison for object categorization
The �rst contribution introduces an expansion for the existing local feature detec-
tor and descriptor evaluation framework. It is shown that when using object-class
images, the results for the local features are di�erent from the wide baseline match-
ing based evaluation framework. In this work, the results show that in object-class
image categorization, the number of possible feature match candidates is an im-
portant factor. The results were published in [61].

Local feature based alignment of object-class images
The second contribution is a novel local feature based alignment method for im-
ages containing object-class image examples. The algorithm is based on the stan-
dard visual object categorization (VOC) tools: local feature detectors and descrip-
tors, correspondence based homography estimation, and random sample consensus
(RANSAC) based spatial validation of local features. The experiments compare
di�erent local feature detectors and descriptors for local feature based alignment
and select the best performing detector-descriptor pair with optimal parameter
values. The experiments show state-of-the-art results compared to the pixel-based
congealing methods. The results of this research were published in [59]. Moreover,
the alignment procedure is utilized in a novel way in spatial feature matching in [54]
and in color normalization [95].

Video shot boundary detection using visual Bag-of-Words
In the third contribution, the problem of shot boundary detection is solved by
using a popular image analysis (object detection) approach: visual Bag-of-Words
(BoW). The baseline approach for the shot boundary detection has been colour
histogram and it is at the core of many top methods in the �eld, but our BoW
method of similar complexity in the terms of parameters clearly outperforms color
histograms. Interestingly, an �AND-combination� of color and BoW histogram
detection is clearly superior indicating that color and local features provide com-
plimentary information for video analysis. The results were published in [60].

Hierarchical video summarization for home videos
Video skimming methods are often tied to a single application. As such, they
usually focus on features which they deem important for the application. Here,
after exploring the shot boundary detection, hierarchical Bag-of-Features frame
di�erence data is used to produce high-quality video summarizations. The results
demonstrate the properties of the shot-based skimming approach and show that the
shots, as used in many works on the �eld, bring not only the relevant video data
but also notable amount of redundant material. It was shown that the redundant
material can be reduced by providing more sub-shots to the user. Additionally an
online application was developed as a part of this work. This work and results are
under preparation for submission.

In addition to the published results, the source code and documentation related to these
topics will be made available online.
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1.3 Outline of the thesis

Chapter 2 is an introduction to di�erent popular interest point detectors used in the
area of object detection, revealing how and why they work. In this chapter, the evaluation
framework for object detection is presented which is the base for Chapter 3 and Chapter 4.

In Chapter 3, the comparison of the local feature detectors and descriptors are made
between in-class images. This evaluation work is to extend the original work [83] to take
this important aspect of VOC into account.

A novel unsupervised object alignment method is presented in Chapter 4. The chap-
ter shortly introduces homography transformations and the Random spatial sampling
method which are an integral part of the method. Experimental results on object align-
ment are shown.

Chapter 5 introduces the core concepts of the video processing work related to shot
detection and summary generation. This chapter also represents the state-of-the art
methods, data and benchmarks in the �eld. The topics of this chapter are the base for
the following Chapter 6.

The local feature based video processing framework for shot detection is introduced in
Chapter 6. This chapter demonstrates the usage of the Visual Bag-of-Words in this
context and presents results while utilizing a codebook of di�erent sizes and of di�erent
input data. Additionally, in this chapter the hierarchical video summarization method
is presented which is a direct continuation of the presented shot detection method. This
chapter presents the application and gathered results of the proposed summarizations.

Finally, Chapter 7 discusses what was achieved in this thesis and using the methods it
presented. In this chapter, the strengths and weaknesses of the proposed methods are
discussed, and ways to bring them to the next level in future work are explored.



Chapter II

Local Feature Detectors and Descriptors

This topics of this thesis are based on local feature detectors and descriptors. The popu-
lar local feature detectors and descriptors are presented with detail in this chapter. For
the terminology, in the literature local features are also referred to as interest points,
interest regions and keypoints. Although all the mentioned terms are correct, the term
local feature is used to unify the meaning of di�erent detector implementations as points
or regions are not necessarily found for all feature detectors. For descriptors the termi-
nology is more straightforward as most of the publications use local feature description
or descriptor. The term �local feature descriptors� will be used througout the thesis.

The use of local features has become very popular during the past years in wide-baseline
stereo vision and object detection. The increased computational facilities makes the
use of these relatively complicated methods even more useful in practical applications.
In Fig. 2.1, the extraction and matching of local features are demonstrated. The local
features are areas detected from the images by using �good guesses�, e.g. edges or borders.
The areas are then converted into a vector presentation called �local feature descriptor�
which can be compared against other similarly extracted descriptors by simply calculating
the distance between the descriptors. The local features were originally used for 3D
reconstuction, namely wide-baseline stereo matching for �nding correspondency points
between images of the same scene. As such, the features were required to be tolerant
against perspective change, blur and visual noise produced by cameras. For the wide-
baseline stereo matching, the local features need to be accurate and produce a minimum
number of outliers. Less outliers provide better matches between images and ultimately
depth maps with less error.

Another interesting application for the local features is object detection, a method at-
tempting to determine if a speci�c object appears in an image. These methods sometimes
accompany a part-based method utilizing the local features for recognition. The main
advantage of the part-based approaches is that the whole object is not required to be
visible to be detected. While object detection approaches detect the object in image, the
visual object categorization (VOC) is de�ning the type of the object. In VOC, the prob-
lem is to �nd categories for a given image set based on the visual content of the images.

15



16 2. Local Feature Detectors and Descriptors

Figure 2.1: Feature extraction example: extracting the local features (SIFT)
from both images and matching.

The methods can be supervised or unsupervised if the system is given examples for how
to categorize the content. One of the supervised methods is visual bag-of-words (BoW)
which is more closely studied in Chapter 6. New local features are presented from time
to time to address the shortcomings of the existing approaches e.g. speed or accuracy. To
evaluate new local features, a popular evaluation framework from Mikolajczyk et al . [82]
is used, which is introduced in this chapter.

2.1 Local feature detectors

Here, the most commonly used detectors are brie�y described. The presented local
features are selected due to the historical impact or due to unconventional approaches.
The feature detectors can be used to complement each other in order to produce more
complete detections (such as in [14]). Various feature detectors are showcased in Fig. 2.2.

The local feature detectors which are discussed here are algorithms which provide a set
of areas from which the local feature descriptors can be computed. The overall procedure
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Figure 2.2: The local feature detectors discussed in this chapter. From left to
right and from top to bottom: reference, DoG (SIFT), SURF, MSER, Hessian-
A�ne and oriented FAST

for the local feature detection can be described as follows:

1. Find a set of distinctive, stable local features

2. For each local feature, de�ne a region with scale or a�ne invariance

3. Provide region content for the descriptor generator

In many cases, the local feature detection and description are procedures tightly cou-
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pled together. The local descriptor generation requires extra information from the local
feature detector. For example, the SIFT local feature descriptor requires not only the
local feature region, but the region must also provide orientation and scale. Likewise,
MSER local feature descriptors can be generated from the oriented ellipse regions but are
designed to handle arbitrary regions. Luckily, most of the local feature detectors provide
oriented ellipses which are applicable in the majority of the local feature descriptors.
Sometimes the descriptor generation utilizes the processing data from the local feature
detection e.g. in SIFT the DoG octaves need to be calculated only once for the detector
and the descriptor.

2.1.1 Hessian-based detectors

The �rst local feature detector discussed here are the Hessian-based detectors: the origi-
nal Hessian keypoint detector, Hessian-Laplace, and Hessian-A�ne. The original Hessian
detector was introduced by Beaudet et al . [6] in 1978 and is used to search image loca-
tions with strong derivatives in two orthogonal direction. The Hessian detector is based
on the Hessian matrix H:

H =

[
Ixx(x) Ixy(x)
Ixy(x) Iyy(x)

]
. (2.1)

Where the terms Ixx, Ixy and Iyy denote the second-order partial derivatives of I(x)
at location x = (x, y). The second-order partial derivatives can be computed from the
image gradient of the input image (image intensity function I(x)). For example, Ixx is
calculated from the image gradient in x direction. To �nd the keypoints, the determinant
of the Hessian is computed:

det(H) = IxxIyy − I2xy (2.2)

The determinant of the Hessian is then computed for every pixel in the input image.
Now, a 3 × 3 window is is used for every pixel and the determinant values around it
are checked. If the pixel under inspection has the largest determinant compared to the
neighboring values, it is stored. After �ltering, all values that are higher than the pre-
de�ned threshold τh are selected as keypoints.

However, this approach is not scale nor a�ne invariant as the extracted keypoints are
computed from a single scale. With scale invariance, the regions from the same image,
but with di�erent scale (focal length) would cover the same region/object size-wise. The
scale invariant local features are traditionally obtained by searching stable features in the
scale space presentation [126]. The scale space presentation is produced from responses
of a local kernel with varying scale parameter σh. Lindeberg [67] demonstrated how the
scale space presentation can be used to �nd the characteristic scale for a local feature. He
showed that the Gaussian kernel is the only operator that is able to ful�ll the requirements
of the scale space presentation. As such, Lindeberg proposed the Laplacian-of-Gaussian
(LoG) detector:

L(x, y, σ) = σ2
h(Ixx + Iyy) (2.3)
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Where σ2 is the factor used to normalize LoG across scales and making the measurements
comparable. The �characteristic scale� which de�nes the scale of the local feature is found
using the local maximum of the Laplacian. The local maxima is checked for point x by
3×3 window from the scales above and below. Additionally, the pixels around the current
point are checked. The LoG detected points can be used for feature detection as-is or they
can be bundled together with more discriminative detectors, such as the Hessian detector.
For Hessian-Laplace, the separate scale spaces are de�ned for the Hessian function and
for the Laplacian. The candidate points are computed by the Hessian detector for each
scale level. Then, the points for which the Laplacian is at local maxima are selected.

However, the scale invariant Hessian-Laplace detector is unable to tolerate changing
viewpoint and is not a�ne invariant. The a�ne invariant features can be constructed
by utilizing the properties of the second moment matrix [80, 81, 113]. By utilizing the
second moment matrix M (see 2.1.2) and its eigenvalues, the a�ne shape of the region
is estimated. The a�ne shape is then normalized into the circural presentation and
another detection is made in the normalized image. If the eigenvalues of the second
moment matrix M are not equal with the previous detection, the a�ne shape is re-
evaluated. This is repeated until the a�ne shape is found or a given number of iterations
are exceeded. In the end, a set of elliptical regions is obtained, which is tolerant against
deformations caused by viewpoint change.

Overall, Hessian detectors provide regions with high texture variation. Additionally,
updated versions of the detectors (Hessian-Laplace and Hessian-A�nen) are provided by
Mikolajczyk et al . [81].

2.1.2 Harris-based detectors

Here, the following Harris-based detectors are described: the original Harris detector,
Harris-Laplace and Harris-A�ne. The Harris corner detector was proposed by Harris
and Stephens [44]. The basic assumption of the Harris detector is that at a corner,
the intensity of an image will change in multiple orthogonal directions. The detector is
based on the second moment matrix M that describes the intensity change in the local
neighborhood at location x = (x, y).

M = G(σ)

[
I2x(x) IxIy(x)
IxIy(x) I2y (x)

]
(2.4)

Ix(x) =
∂

∂x
I(x) (2.5)

Iy(x) =
∂

∂y
I(x) (2.6)

G(σ) =
1

2πσ2
e−

x2+y2

2σ2 . (2.7)

Where the derivatives Ix(x) and Ix(x) are computed in x and y directions. Finally, the
derivatives are smoothed using Gaussian window G(σ) of size σ. Practically, it sums
over the pixels around point x and weights them based on the distance to the center
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point. The corners can be found in an image where the signal change is signi�cant in
both directions, i.e. the points where both eigenvalues are large. The eigenvalues λ1 and
λ2 are calculated from M. Harris proposed the cornerness measure R, that describes
the cornerness of the local neighborhood of a point. R is computed using the trace and
determinant of the matrix M:

tr(M) = λ1 + λ2 (2.8)

det(M) = λ1λ2. (2.9)

The cornerness can then be derived into:

R = det(M)− α tr2(M) (2.10)

Here, the need of computing exact eigenvalues is avoided and the constant α is used
for balancing the terms in the equation. Typical values for α are in the range of 0.04−
0.06 [113]. If only one of the eigenvalues is signi�cantly larger than zero, an edge is found.
A corner is considered to be found only if both eigenvalues are signi�cantly larger than
zero. Eventually, local maxima of R above the given threshold are considered as found
Harris corners and thus, detected local features.

By default, Harris detector is not scale nor a�ne invariant. Most of the limitations are
solved by Mikolajczyk et al . [80, 81] by introducing Harris-Laplace detector which is scale
invariant and Harris-A�ne which is also an a�ne invariant detector. The scale invariant
local features are obtained by searching stable features in scale space presentation [126].
The overall procedure for Harris-Laplace is same as for Hessian-Laplace (see 2.1.1).
Similarly, for Harris-Laplace, the separate scale spaces for the Harris function and for the
Laplacian are evaluated. The candidate points are computed by the Harris detector for
each scale level. Then, the points for which the Laplacian is at local maxima are selected.
The Harris-A�ne uses the same iterative approach as Hessian-A�ne by evaluating the
eigenvalues of transformed circles until no di�erence is detected or the maximum number
of iterations are reached. Overall, Harris provides features which are, not surpisingly,
very speci�c to corners in images.

2.1.3 Di�erence-of-Gaussian (DoG)

Scale Invariant Feature Transform (SIFT) was originally introduced by Lowe in 1999
[69]. It is regarded as distictive and relatively fast compared to the methods presented at
the time. SIFT uses a Di�erence-of-Gaussian (DoG) �lter for detection, which is a direct
improvement to Laplacian-of-Gaussian (LoG) method [67]. The main improvement to
LoG is that DoG is faster to compute and is an adequate approximation of the original
Laplacian-of-Gaussian detector. The main reason is faster than LoG is the way the scale
space is formed. The �rst step in DoG is to build a pyramid of �ltered images for the
scale-space analysis. The pyramid consists of octaves which are images subsampled by
the factor of 2. Instead of directly subsampling the original image, a Gaussian kernel is
used. Basically, an octave consists of images convolved with the Gaussian kernel using
increasing values of σn which are separated by a factor of kn. Layers of a scale-space are
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Figure 2.3: The scale-space pyramid with the Di�erence-of-Gaussian.

illustrated in Fig. 2.3. The edges, which are used for the detection, are found in images
by subtracting images with di�erent gaussian blur of scale kσ and (k−1)σ. The pyramid
of �ltered images is shown in Fig. 2.3. The approximation of Laplacian-of-Gaussian can
be written as

G(x, y, kσ)−G(x, y, σ) ≈ (k − 1)σ2∇2G (2.11)

where k =
√

2 when there are 2 intervals in scale space pyramid. The edges can be
identi�ed as local maxima in the scale-space D(x, y, σ):

D(x, y, σ) = (G(x, y, kσ)−G(x, y, σ)) ∗ I(x) (2.12)

After constructing the scale space pyramid, the local maxima are found by pixel com-
parisons. Each pixel in each DoG-layer is compared to 9 surrounding pixels on the layer
above, 8 pixels on the same layer and 9 neighboring pixels on the layer below. If the pixel
has higher value than any of its neighbors, it is selected as a local maximum. By default,
the di�erence-of-Gaussian function has a strong response on edges, making it unstable
in the presence of noise. DoG is made tolerant against noise by applying 2 × 2 Hessian
matrix H to the Gaussians at location x = (x, y):

H =

[
Dxx(x) Dxy(x)
Dxy(x) Dyy(x)

]
. (2.13)

Where the derivatives are estimated by using the di�erences of neighboring sample points.
To �lter out the keypoints which do not follow the principal curvatures of D, the eigen-
values are estimated in same fashion as with Harris detector (see 2.1.2). As with Harris
detector, with DoG, the threshold parameter needs to be selected. The �nal step for DoG
method presented by Lowe, is to apply rotation invariance by detecting the most stable
orientation. This is achieved by utilizing the �rst derivative image (Gaussian blurred
image) L with the characteristic scale. For each point L(x, y) the gradien magnitude m
and orientation θ can be computed by pixel di�erences:

m(x, y) =
√

(Lx+1,y − Lx−1,y)2 + (Lx,y+1 − Lx,y−1)2 (2.14)



22 2. Local Feature Detectors and Descriptors

θ(x, y) = tan−1(Lx,y+1 − Lx,y−1)/Lx+1,y − Lx−1,y)) (2.15)

An orientation histogram containing 36 bins is formed to cover gradient directions and
magnitudes in sectors surrounding a feature. The whole 360 degrees around a feature is
covered, using 10 degrees for each bin. Gradient samples are weighted by their distance to
the origin using Gaussian-weighted circular window with σ = 1.5 and by their magnitude
m. Each of the 36 bins contains a measurement of intensity change in one direction. The
highest of those measurements is selected as dominant orientation of the region. If other
peaks with a value over 80% of the highest are found, they are considered additional
regions and corresponding dominant orientation is used for detecting another region at
the same location.

Although the algorithm is straight-forward, the SIFT detector has a multitude of param-
eters which can be set. The default values for DoG algorithm change a lot depending on
the implementation. The parameters such as the number of octaves and thresholds for
local maxima detection. In Chapter 3, three di�erent implementations of SIFT detector
were evaluated. To demonstrate the di�erence between these detectors' default output,
see Fig. 2.4. It is not de�ned how an image should be preprosessed before the SIFT
detector.

Figure 2.4: The di�erence of di�erent implementations of the SIFT detector.
From left-to-right: Original, VLFeat, Vireo, Featurespace

2.1.4 Maximally Stable Extremal Regions (MSER)

Maximally Stable Extremal Regions (MSER), was introduced by Matas et al . [75]. Un-
like the approaches such as LoG and DoG, MSER does not start by selecting keypoints.
Instead, MSER is fundamentally a segmentation algorithm applied for local feature de-
tection. The algorithm �nds areas where intensity change is minimal, i.e. areas that are
constantly brighter or darker than an outer boundary of a region. The algorithm utilizes
sequential thresholding of the image with all possible values, i.e. S = {0, ..., 255} for an
8-bit gray-scale image. The regions selected by the algorithm are the regions with the
least amount of change (in pixels) over as many di�erent thresholds as possible.

The computational complexity of the original algorithm is O(n log(log(n))). A more
e�cient version with the worst-case complexity of O(n) was proposed by Nister and
Stewenius [87]. The interesting aspect of MSER is the potential complexity of found
regions. Typically, found regions are converted to ellipses and information about shapes
is lost as seen Fig. 2.5. In the example pair it is visible that some of the regions can be
represented correctly using ellipses and some can not. However, in the matching task,
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Figure 2.5: MSER �nds areas of minimal intensity change. From left to right:
a) MSER regions, b) estimated ellipses (only 10% of ellipses are shown here for
clarity).

the most important property is spatial stability of the �t, i.e. the ellipse description
should be invariant to a�ne transformation.

2.1.5 Speeded-Up Robust Features (SURF)

Speeded-Up Robust Features (SURF) was introduced by Bay et al . [5]. The SURF
detector was designed to be very fast, but still not sacri�ce any detector and descriptor
performance. SURF uses integral images, presented by Viola et al . [122], which results in
a notable performance boost. The integral images provide a way to calculate responses
for box-type �lters in constant time. After building the structure, the response for any
box�lter of any size inside the image can be built in constant time by only four operations
inside any rectangular image. SURF utilizes an approximation of the Hessian matrix for
detection (�Fast-Hessian Detector�):

det(Happrox) = DxxDyy − (wDxy)2. (2.16)

Where Dxx, Dyy, Dxy are approximations for Gaussian second order derivatives with the
lowest scale (similar to SIFT in section 2.1.3). The Gaussian derivatives are approxi-
mated by the simple box �lters (9× 9), illustrated in Fig. 2.6.
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Figure 2.6: From left to right: the discretized second-order Gaussian derivatives
Lyy and Lxy and SURF approximations for Lyy and Lxy. [5]

SURF detector also provides scale invariance by utilizing scale space presentation. Like
with the DoG detector, the octaves are images with increasing Gaussian kernel size. This
way, the �lter is fast to calculate as the box �lter is scaled instead of the image. The scale
space can be constructed in parallel, although the original publication did not utilize it.
Finally, the local features are selected as local maxima in 3× 3× 3 neighborhood in the
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scale-space. A fast method for non-maximum suppression proposed by Neubeck and Van
Gool is used to locate these extrema points [86] and thus the keypoints are found for
SURF descriptor generation.

2.1.6 Center Surround Extremas (CenSurE)

Center Surround Extremas (CenSurE) features were introduced by Agrawal et al . [2].
The main emphasis in CenSurE is to provide computationally feasible scale invariant
local features by replacing the scale-space pyramid (e.g. in SIFT and SURF) with Center-
Surround bi-level �lters. In CenSurE detector, the Center-Surround �lters are calculated
at all locations and all scales. The original publication lists a few di�erent options
for �lters, for boxes being the simplest. The �lter shape de�nes how well the detector
captures the rotation invariance. The �lter shape used for performance was octagon
(CenSurE-OCT) with seven di�erent block size n.

The non-maximal suppression works in similar fashion as with SURF: 3 × 3 × 3 neigh-
bourhood is used. The �lter magnitude indicates the strength of the feature and the
weak features are omitted by a threshold. As with SIFT, there is need for �ltering the
features along the edges as they are not stable. With CenSurE the second moment ma-
trix described in equation 2.4 is used to �lter out the responses along the edges. The
integral images are used to speed up the �lter responce calculation as with the SURF
detector.

The descriptor used with CenSurE is slightly modi�ed SURF descriptor called Modi�ed
Upright SURF (MU-SURF) which is described in descriptor section.

2.1.7 Features from Accelerated Segment Test (FAST)

Features from Accelerated Segment Test (FAST) were originally developed by Rosten et
al . [97] to enable local feature detection for real-time applications. The FAST detector
is actually a combination of a corner detector and a machine learning algorithm. The
�rst step is to do the segment test for all corner candidates p.

Figure 2.7: The detected corner and the tested pixels in FAST.[97]
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The segment test criterion is a circle of sixteen pixels around the candidate point illus-
trated in Fig 2.7. There are two requirements for this candidate point to be a corner.

1. a set of continuous pixels on the edge of the circular area are all brighter than the
intensity of the candidate point: I(p) + t, where t is a threshold for detection.

2. a set of continuous points that are darker: I(p)− t.

If the previous requirements are true, the corner is detected. In the high-speed test only
4 pixels are tested at �rst so a large amount of non-corners can be �ltered out. The
second step for the FAST detector is to utilize the machine learning approach to address
several problems in the FAST algorithm. The algorithm does not scale well with criterian
smaller than n = 12, where n is the number of bright pixels on the edge of the circular
area.

Additionally, the choice and ordering of the test pixels in the high-speed test makes strong
assumptions of the location of the pixels and might not be optimal. To address these
problems, they utilized a decision tree algorithm which was trained with the candidate
points with the full circle test. The generated decision tree is then converted into C-code
with a long string of nested if-else-statements. As this is a result of a learning algorithm,
it is not precisely the same as the original segment test detector.

The FAST detector was further improved by the authors of the ORB descriptor [98] by
introducing multi-scaling and orientation. The introduced FAST detector was presented
as oFAST (FAST Keypoint Orientation). They employed a scale space pyramid of the
image, and produced FAST features at each level of the pyramid. They also solved the
orientation by evaluating the corner orientation through intensity centroid (similarly to
the DoG detector).

2.2 Local feature descriptors

Local feature description is the backbone of many computer vision applications, such
as object recognition and 3D reconstruction. The regions found by the local feature
detectors described in the previous section, need to be encoded into mathematical pre-
sentation for matching purposes. With the local feature descriptors, the similar visual
parts of two separate images can be found. The majority of the applications utilizing
local features are reliant on the fact that the extracted features can actually be reliably
matched between images. An ideal local feature descriptor has several properties:

• Distinctiveness: Low probability of mismatch

• E�ciency: Must be e�cient to compute

• Invariance to common deformations: Matches should be found even if several of
the common deformations are present: image noise, changes in illumination, scale,
rotation, and skew.
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Distinctiveness is important for local features, as mismaches (matching features which
are not visually similar) cause unwanted error especially with wide-baseline matching
applications. Most of the local feature detectors (see 2.1) are resistant against most of
the common deformations (such as a�nity, scale and noise). However, the descriptor
properties, especially how the detected regions are encoded, may a�ect the invariance.
In this section, the most common descriptors are presented. The discussed descriptor
generators assume that the regions have been already found by a local feature detector.

2.2.1 Scale-Invariant Feature Transform (SIFT) descriptor

The original SIFT algorithm by Lowe [68] utilized DoG detector (see 2.1.3) to detect
scale level, rotation and location of local features. In DoG, the detected feature belongs
to some level σ of the scale space pyramid and to a pixel location (x, y) of the scale space
D(x, y, σ).

Figure 2.8: An illustration of SIFT descriptor construction.[68]

The descriptor construction is illustrated in Fig. 2.8. The arrows in the �rst part of
the image represent the gradient magnitudes and orientations calculated earlier. They
are later rotated according to the dominant orientation. The circle around the local
pixel neighborhood illustrates the Gaussian weighting of gradients to make the nearby
gradients more signi�cant. In the middle of the �gure, a 2× 2 SIFT descriptor is shown.
Each of the four cells contains accumulated gradients to 8 directions calculated from a
4 × 4 sample array. Although other sizes can be used, 4 × 4 sample arrays are usually
used with SIFT, as they are reported to give the best results [68]. A SIFT descriptor is
a vector with 128 dimensions. All vector components are normalized into 8-bit unsigned
integers, i.e. range of values S = {0, ..., 255}.

2.2.2 Speeded-Up Robust Features (SURF) descriptor

The SURF descriptor is a rotation and scale invariant local feature descriptor by Bay et
al . [5]. The rotation invariance is achieved by �nding reproducible orientation for the
local neighborhood of a keypoint. When the scale of a detected keypoint is s, the Haar
wavelet responses in both x and y direction are calculated in the circular neighbordhood
of size 6s. After calculating the �lter responses, the local neighborhood is weighted with
a Gaussian with σ = 2 to make the nearest intensity changes the most signi�cant. In
practice, the calculated wavelet responses are handled as points in 2-D space, X and
Y axes represent responses in horizontal and vertical directions, respectively. A sliding
�orientation window� (a sector) of size π

3 is used around the keypoint surroundings to
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calculate the sum of horizontal and vertical responses. Sums of responses are then used
to calculate a local orientation vector for each direction. The longest such vector is �nally
selected to represent the dominant orientation of a descriptor.

Also, the responses of Haar wavelets are used in building the actual local feature de-
scriptor. The �rst step is to select an area around the keypoint (detected in scale s)
of size 20s. The region is split up into 4 × 4 sub-regions and for each sub-region, Haar
wavelet responses are calculated for 5× 5 blocks from the grid of sample points. In prac-
tice, to decrease computational complexity, the wavelet responses are calculated using an
unrotated image and then approximated with the rotated box �lters for various descrip-
tor orientations as needed. The responses around the keypoint are Gaussian-weighted
(σ = 3.3s) to increase robustness towards geometric deformations and localization errors.
Each of the 4× 4 sub-regions contains 2× 2 smaller regions where response strengths are
summed. A feature vector v calculated from these response strength sums of sub-regions
is then:

v = (
∑

dx,
∑

dy,
∑
|dx|,

∑
|dy|). (2.17)

Where dx, dy are the wavelet responces in horizontal and vertical directions. When the
16 vectors are combined, 16× 4 = 64 dimensional vector is formed. By de�nition, SURF
sums are invariant to illumination changes. To be invariant to contrast (scaling factor),
a feature vector is turned into a unit vector, i.e. the vector is divided by its length:

v̂ =
v

‖v‖
. (2.18)

The integral images are exploited in descriptor building to boost the calculation of �lter
responses. Additionally, the original paper by Bay et al . [5] reports results for di�erent
sizes of SURF descriptor, showing that the SURF descriptor is 5× 5 faster to calculate
and provides a more than 10% better recognition rate than the SIFT descriptor.

2.2.3 E�cient Dense Descriptor (DAISY)

DAISY is a local feature descriptor presented by Tola et al . [108]. It is designed to
be e�cient to compute densely especially for wide-baseline tasks. Instead of calculating
the descriptor at separate detected interest points, the descriptor calculation is formed so
that it can be calculated for every pixel. To achieve this, the descriptor uses convolutions
of the gradients instead of weighted sums as with SIFT descriptor. They found out that
this gives similar invariant characteristics as with SIFT but was much faster to compute
densely.

First, the orientation maps are computed. Orientation maps are image gradient norms
at location (u, v) for each direction iH. The orientation maps are then convolved with
Gaussian kernels of di�erent Σ values. This produces convolved orientation maps which
are used to produce the �nal descriptor. The descriptor itself is calcuated from a �xed
shape arrangement with di�erent values for Σ and normalized to unit form. The DAISY
descriptor is produced of the Σ-convolved normalized orientation maps with di�erent
distances from the original origin point (u, v). The parameters for the method were
chosen empirically using wide-baseline testing procedure.
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The performance evaluation was made with dense sampling comparison between DAISY,
SIFT, SURF, NCC and direct pixel di�erence. The presented results show notable im-
provements over previous methods and the method is advertised to be able to handle
lower resolution video frames easily with a proper GPU implementation.

2.2.4 Binary Robust Independent Elementary Features (BRIEF/ORB) De-
scriptor

The binary descriptors discussed here are Binary Robust Independent Elementary Fea-
tures (BRIEF) and Rotated BRIEF (rBRIEF or ORB). The BRIEF descriptor was orig-
inally introduced by Calonder et al. [12] to compete against the SURF descriptor in
both speed and storage. One practical di�erence between the binary descriptors and the
other descriptors presented in this chapter, is that with the binary descriptors, the fea-
ture matching requires distance calculation bitwise instead of the traditional Euclidean
distance over real numbers.

The original BRIEF descriptor is a bit string description of a detected image patch. The
bit string is de�ned by a set of binary tests on a smoothed image patch with Gaussian
kernel of size σ. The binary test τ on patch p of size S × S can be de�ned as:

τ(x, y) :=

{
1 if p(x) < p(y)
0 otherwise

where p(x) is the pixel intensity in a smoothed version of image patch, p at point x. The
descriptor itself is de�ned as a vector of n binary tests:

fn(p) =
∑

1≤i≤n

2i−1τ(x, y) (2.19)

where n = 256 with the traditional 32 bytes long BRIEF descriptor. The spatial ar-
rangement of the test pairs (xi, yi) was examined by Calonder et al . [12]. It was found
that the test pairs sampled from an isotropic Gaussian distribution produced the best
results (Gaussian(0, 1/25S2), where S was the size of the image patch). They also pre-
sented performance results against the popular SURF descriptor. The construction of
the BRIEF descriptor was 37 times faster than SURF and the matching the features
was 6 times faster with BRIEF. Howerer, it is evident that the BRIEF descriptor does
not support any a�ne invariance, which was noted by the authors. Rublee et al . [98]
presented rBRIEF, the rotation invariant version of BRIEF to improve this aspect of the
descriptor.

Instead of computing the BRIEF descriptor multiple times with di�erent rotations and
scales, they steered the BRIEF operator according the orientation of keypoints, i.e. rotate
the binary tests. The matrix Sσ is the list of binary tests with corresponding rotation σ:

Sσ = Rσ

[
xi ... xn
yi ... yn

]
(2.20)

Now, the steered BRIEF can be de�ned as:
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gn(p, σ) := fn(p)|(xi, yi) ∈ Sσ (2.21)

The angle σ is discretized to increments of 2π/30. It was noticed that the steered version
did not have high variance in terms of how each test contributed to the descriptor. The
low variance causes the descriptor to become undiscriminative. To recover the loss in
variance, they utilized a learning method for selecting a good set of binary tests. They
computed keypoints drawn from PASCAL image set [30] and enumerated every possible
binary test. The tests are sorted by their distance from a mean 0.5. Now, they greedily
select the best 256 binary tests which are as �diverse� as possible. These selected binary
tests are then used to create the binary vector forming the rBRIEF descriptor (ORB).

2.2.5 Local Intensity Order Pattern for Feature Description (LIOP)

The increased usage of binary based descriptors has brought up interesting alternatives.
Local Intensity Order Pattern for Feature Description (LIOP) by Wang et al . [132]. The
proposed descriptor was designed to encode both local and overall intensity informa-
tion to provide improvements over the existing state-or-the-art. LIOP descriptor divides
the detected region into subregions called ordinal bins. For each ordinal bin, the LIOP
descriptor is constructed by comparing the intensities of the center point with the N
neighbouring sample points. The �nal LIOP descriptor is then constructed by accumu-
lating the LIOPs of points in each ordinal bin and concatenating them.

For experiments they used Harris-A�ne, Hessian-A�ne, MSER, EBR and IBR region de-
tectors. The presented results show that LIOP descriptor outperforms SIFT and DAISY
descriptors especially with the illumination changes.

2.3 Summary

This chapter discussed the previous work on the popular local feature detectors and de-
scriptors. The local features presented in this chapter contain very di�erent chracteristics
both in detection and in descriptor generation. These detectors and descriptors can be
easily evaluated with the presented approaches, which translate well to the problems,
such as wide-baseline matching [111, 115].

A good descriptor needs to be able to tolerate a wide range of di�erent geometric and
photo-metric anomalies such as zoom, blur, rotation and illumination changes. Many
of these problems are usually averted by making sure the environment minimizes the
problems with imaging (e.g. by providing su�cient lighting).

The local feature detector LoG, used by the popular SIFT descriptor, was originally
designed to provide accurate matches between images. However, many detectors and
descriptors presented later has been criticizing the computation speed of feature detection
and the large storage size of the descriptor. Di�erent authors have tried to improve the
computational speed by providing faster and simpler detectors and descriptors. The latest
binary descriptors show that applications such as SLAM [39] can be done e�ectively in
real-time with local features which perform as well as SIFT, but are many times faster
to compute.



Chapter III

Detector and Descriptor Evaluation

for Visual Object Classes

The popular local features were presented in the previous chapter and now the evaluation
frameworks by Mikolajczyk et al . [83, 82] will be introduced and extended. It is important
that standard ways to evaluate the local feature detectors and descriptors are established
so that fair comparisons can be made between them. The standard ways to evaluate
detectors and descriptors are already well established [83, 82], but the evaluation strongly
re�ects its origins in the wide-baseline matching [115] and applications which use images
of the same scene, such as robot localization [101] and image stitching for panoramic
views [11]. In these, correspondences are sought between di�erent views of a same scene
and the results in [83, 82] help to select the most suitable method. The color properties of
the common local feature variants have been evaluated by Sande et al . [117]. Noteworthy,
they evaluated the local features with the popular object detection data sets and showed
the best results with a color sensitive variant of SIFT.

It is not evident how the detectors and descriptors behave when the target application
is object detection, which does not deal with images of a scene but with images of one
object class. It is already shown that the local features work very well in this category
as shown in the results of annual PASCAL VOC Challenge [30].

Here, the detectors were evaluated by their repeatability rates and the total number
of correspondences for di�erent view points of several views and with various imaging
distortions. The descriptors were evaluated by their matching rates for the same scenes.
In this chapter, the state-of-the-art detectors and descriptors are evaluated in the visual
object categorisation context. The detector repeatability evaluation procedure in [83]
for object categories is extended so that the intra-class number of correspondences and
repeatability rates are reported as performance numbers. The evaluation method also
extends the descriptor matching evaluation in [82] for object categories. The intra-class
match counts/rates are shown in the experiments section of this chapter.

It is fair to believe that the evaluation principles in [82, 83] also hold in the visual object
categorisation context:

1. The local feature detectors which return the same object regions for category ex-
amples are good detectors. This means detection repeatability.

2. The local feature descriptors which match the same object regions between category
examples are good descriptors. This leads to matching score for descriptors.

30
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Success in the �nal task, categorisation, is important for the �nal application, and there-
fore, Zhang et al. [130] compared di�erent detectors and descriptors using a baseline
bag-of-features (BoF) method. In the baseline method, codebooks are constructed from
the raw descriptors and then images are categorised according to their codebook his-
tograms.

For the feature detection evaluation in object recognition, Mikolajczyket al . [79] were
more speci�c by measuring average precision of the feature clusters to represent a single
class. Therefore, they measured the entropy of the spatial location distribution produced
by a single cluster (ideally compact) and the complementarity of di�erent detectors.
Furthermore, in [79] the authors did not �nd any evidence for any detector or descriptor
being more suitable for one particular category of objects, which is not true for the
experiments presented in this chapter.

Both of these evaluations, the cluster entropy and the complementarity are biased by the
�xed approach of visual Bag-of-Words. Furthermore, they adopt the original evaluation
principles and thus obtain quantitative performance in the general and intuitive terms
used in the original works, and are not tied to any speci�c approach.

3.1 Previous work

The evaluation method presented in this chapter is basically an extension on the eval-
uation framework by Mikolajczyk et al . [82]. The framework presented a fair way to
evaluate a large set of di�erent local features as it allowed di�erent blob detectors to be
added to the evaluation. This evaluation framework evaluates the overlap of the detected
areas of interest (detector test) as well as how well these regions actually match (descrip-
tors). They also provide the evaluation framework source code, images and ground-truth
data for making any other evaluations in the future.

The dataset for the evaluation framework uses a small set of real images with di�erent
photometric and geometric transformations. In total, six image transformations are
evaluated: rotation, scale, viewpoint, blur, compression, and illumination. The real
images chosen contain homogenous regions with distinctive edges such as buildings and
gra�ti. The set also contains repeated textures of di�erent forms to comfort structured
versus textured scene situations.

The real images taken with a camera have di�erent scale (×1−×4) and blur by changing
zoom and focus respectively. The viewpoint is evaluated by di�erent fronto-parallel views
and views with strong foreshortening (60 degrees) to the camera. The rotation is acquired
by simply rotating the camera around the center of the view. The JPEG compression
test is done by applying di�erent compression parameters (from 40 to 2 percent) with xv
program1. All the images are approximately 800× 640 pixels and there are six images in
each test sequence.

The ground-truth for the plane projective transformations is acquired by doing a homog-
raphy estimation between the roughly aligned image pairs. The rough approximation of
the transformation is acquired by annotating the images with correspondent points. This
approximation is further improved by baseline homography estimation which includes

1http://www.trilon.com/xv/

http://www.trilon.com/xv/
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hundreds of automatically detected interest points. This gives an accurate homography
between the reference image and the other image.

3.1.1 Local feature detector evaluation

To evaluate local feature detectors, the overlap comparison was presented. The overlap
metric introduces the repeatability and the accuracy of localization. The repeatability is
the average number of the correspondent image regions detected between the reference
image and the other image (after geometric and photometric transformations). When
local feature regions from two images are compared, an exhaustive search is done to �nd
the overlapping regions (ellipses). The two regions are matching if the overlap error is
su�ciently small. The overlap error is estimated as:

1−
Rµa ∩R(HTµbH)

(Rµa ∪RHTµbH)
<∈0 (3.1)

Where Rµ are the detected regions and H is the homography relating the two images.
Mikolajczyk et al . [82] set 40% overlap error. In overlap measurement, the sizes of ellipses
have an e�ect on results. The bigger the ellipses are, the smaller is the overlap error in
the measurement. For that reason, all the ellipses are normalized to a radius of 30 pixels
before calculating the overlap error. When the number of correspondences is known, the
repeatability rate can be written as:

repeatability rate =
# of correspondences

min(# of reg in img A,# of reg in img B)
· 100%. (3.2)

Only regions present in both images A and B are included. The known homography is
used to project the ellipses from the reference image to the transformed image. This
causes some of the features to not necessarily be present in both images and a�ect the
overall rating score.

3.1.2 Local feature descriptor evaluation

As stated in Chapter 2, it is preferred for a local feature descriptor to provide good
matches. Thus, the evaluation on local feature descriptor is basically local feature match-
ing estimation. In the matching estimation, the found correspondences between regions
are used as ground-truth for the descriptor evaluation. The descriptor matches are sought
by using a few di�erent distance metrics.

Mikolajczyk et al . [82] tested three di�erent selection rules. The �rst, simple threshold
approach, calculated the distances between descriptors of two images. If the distance
was less than the speci�ed threshold, a match was registered. In the second, the nearest-
neighbor approach, only the shortest descriptor distance with a distance less than the
decided threshold was registered as a match. However, the task of choosing a good
threshold value is very di�cult or even impossible because the distances between de-
scriptors contain a lot of variation. This problem was addressed by Lowe et al . [68] for
SIFT descriptor matching. They solved it by utilizing a relative threshold using the ratio
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of distances between the nearest and the second nearest neighbors. For every descriptor,
distances to all descriptors from the other image are calculated and sorted. If the distance
to the nearest descriptor is smaller than 1.5 times the distance to the second-nearest, a
match is not accepted.

The matching score is calculated as the ratio between the number of correct matches
and the number of detected regions: Here, if the source features (ellipses) of matching
descriptors overlap, a match is considered to be correct. In case the regions do not
overlap, the match is not detected.

3.2 Data and ground-truth

The experiments for both detector and descriptor evaluation were conducted using the
popular Caltech-101 dataset [33]. The selected dataset is widely used for benchmarking
purposes in object categorization. For compactness and clarity, the results are reported
for the following ten categories which represent the overall performance variation well:
watch, stop_sign, star�sh, revolver, euphonium, dollar_bill, car_side, airplanes, Motor-
bikes and Faces_easy. Caltech-101 provided information for segmenting objects from
the background and this information was used to mask out local features detected in the
backgrounds.

A�ne correspondences between the examples were established by manually annotating
at least 5 object landmarks and by estimating the pair-wise transformations with the
direct linear transform [45]. Example images with landmarks are shown in Fig. 3.1. For
the experiments, 25 random pairs of images were used from each category, resulting in
the total of 500 images. The standard deviations of the projection errors are reported.
The error is evaluated by calculating the standard deviation for each landmark in pixels
and normalizing the pixel error with image diagonal.

3.3 Comparison of local feature detectors

A good detector should detect local points or regions at the same relative locations,
�object landmarks�, on every class example. This criterion di�ers from the evaluation by
Mikolajczyk et al . [83] in the sense that here the detectors are evaluated over di�erent
instances instead of di�erent views of the same instance. For this reason, the variation
of visual appearance is expected to be much larger.

3.3.1 Selected detectors

The comparison includes nine publicly available and popular detectors, which were in-
troduced in Chapter 2. The majority of these detectors have been evaluated in earlier
studies, e.g. Mikolajczyk et al . [83]. The selected detectors and the implementations
are described in Table 3.1. In total, there are three implementations of Hessian-a�ne,
two implementations of Di�erence-of-Gaussian (DoG), one implementation for SURF,
Laplacian-of-Gaussian and Harris-Laplace and MSER each. The Hessian-a�ne detector
presented in [80] performed well in the comparison by Mikolajczyk et al . [83]. For this
reason, the Mikolajczyk's original (hesa�-alt) and a more recent implementation (hesa� )
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Figure 3.1: Selected object classes with annotated landmarks and their �canon-
ical spaces� where all landmark tuples are projected onto the �rst example (de-
noted by the yellow tags). The two standard deviations of the image diagonal
normalised projection errors are (from left to right and top to bottom): 0.0158,
0.0297, 0.1701, 0.0460, 0.0304, 0.0373, 0.0194, 0.0641, 0.0486, and 0.0177.

were selected [78]. An alternative implementation by Zhao [131] (hesslap-vireo) with a
slightly di�erent algorithm and di�erent default parameters was also selected.

The set of �fast detectors� consisted of Di�erence-of-Gaussian (DoG) by Lowe [68] (sift),
Zhao's implementation of DoG (dog-vireo) and speeded-up robust features (SURF) by
Bay et al . [5] (surf ). In addition, Zhao's implementation of Laplacian-of-Gaussian
(LoG) (log-vireo), Harris-Laplace (harlap-vireo) and Maximally Stable Extremal Regions
(MSER) by Matas et al . [75, 119] (mser) were included.

There are many more detectors, but the aforementioned are the ones that performed best
in earlier studies and the ones that performed well in the preliminary tests. Moreover,
all experiments were conducted using the available implementations and their default
parameters. The implementations made by Zhao are an exception to this rule as all
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Table 3.1: The detectors selected for the evaluation.

Name Method Implementation
hesslap-vireo Hessian-A�ne FeatureSpace [78]
hesa�-alt Hessian-A�ne robots.ox.ac.uk [123]
hesa� Hessian-A�ne FeatureSpace [78]
sift Di�erence-of-Gaussian VLFeat [119]
dog-vireo Di�erence-of-Gaussian Vireo [131]
harlap-vireo Harris-A�ne FeatureSpace [78]
log-vireo Laplacian-of-Gaussian Vireo [131]
mser MSER VLFeat [119]
surf SURF ETH [5]

detectors are con�gured to enable a�nity detection by default, i.e. all detectors are
a�ne invariant.

3.3.2 Performance measures and evaluation

For the detector performance evaluation, the test protocol is similar to the approach
presented in Section 3.1.. In the same fashion, the interest points and/or regions are �rst
extracted from images. Only points with their centroid in the object area (Caltech-101
foreground) are selected for the evaluation procedure. The evaluation procedure is in
Alg. 3.1.

Algorithm 3.1 The detector evaluation procedure

1: Extract local feature regions from all images
2: Filter out local features in the background
3: for all image pairs (indexed with i) do
4: Estimate 2D homography H from the �rst image to the second image
5: Transform all detected regions onto the second image using H
6: for all regions do
7: if Overlap is more than threshold t then
8: Increment the correspondency score ci
9: end if
10: end for
11: end for
12: Return the correspondency result c

For each image pair, points from the �rst image are projected onto the second image.
The projection is an a�ne transformation estimated using the annotated landmarks. The
landmarks projected on the �rst example of each category are demonstrated in Fig. 3.1
with the two standard deviations corresponding to the 95% error distributions.

As explained in Section 3.1., the 40% overlap threshold and normalisation of the ellipses
to the radius of 30 pixels is used. Similarly, the reported performance numbers are the
average number of corresponding regions between image pairs and the repeatability rate,
i.e. the ratio between the corresponding regions and the total number of detected regions.
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3.3.3 Results

Results are gathered in Fig. 3.2 with the numerical results being in Table 3.2. There
are signi�cant di�erences between the di�erent categories. Dollar_bill and stop_sign
are generally the easiest, as expected due to lower variability in their visual appearance,
while the airplanes, car_side views and revolvers are the most di�cult. For the airplanes
this can be explained by the fact that one of the landmarks is on the wing resulting in
3D pose changes instead of 2D a�nity. The numbers for all categories are by order of
magnitude smaller than for the �xed scenes in [83], being tens of correspondences instead
of hundreds of them.

(a) (b)

(c)

Figure 3.2: Detector evaluation: (a) average number of corresponding regions,
(b) average repeatability rate, and (c) colour coding of the method names.

The following three methods have good repeatability ratio: hesslap-vireo, dog-vireo and
surf. They frequently detect regions from the same relative positions in all examples. On
the other hand, VOC methods require a su�cient number of correspondences to form
a discriminative description. In this sense, hesslap-vireo (≈ hessa�), is very good. Its
repeatability rate is the third best (30%) and it provides more correspondences (57) on
average. Dog-vireo (≈ sift) has the best repeatability (33%), but its average number of
correspondences (16) can be too low for categorisation tasks.

Surf detector has the second best repeatability (32%) and it provides 27 correspondences
on average. Since the repeatability rates for the three best methods are very similar,
the selection is based on the preferred number of correspondences. Surprisingly, the
MSER detector (mser), which was among the top performers in the original study, was
now clearly the worst. It is furthermore interesting, that Zhao's recent implementations
provide better results than the original methods (hesslap-vireo↔ hessa�/hessa�-alt and
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Table 3.2: Detector evaluation: The overall results in numerical form. Top-3
performers are written in bold.

Method Avg # of corr. rep. rate
dog-vireo 16.0 33.7%
hesslap-vireo 57.4 30.6%
harlap-vireo 34.2 20.3%
log-vireo 46.5 26.3%
hesa� 47.8 25.3%
hesa�-alt 25.0 23.4%
sift 16.2 21.5%
mser 11.7 13.8%
surf 27.9 32.0%

dog-vireo ↔ sift).

In summary, the recent implementations, hesslap-vireo, hessa� and log-vireo perform
best, ≈ 50 corresponding regions on average with repeatability rate of 25-30%.

3.4 Comparison of local feature descriptors

A good region descriptor for the problems in the area of VOC should be discriminative to
match only correct regions, but also tolerate small appearance variation between category
examples. These requirements are general for feature extraction in computer vision and
image processing.

The original method for evaluating the local feature descriptors was presented in Sec-
tion 3.1. In the case of visual object categorization, the descriptor matches are expected
to be weaker due to increased variance in regions' visual appearance. For example, scoot-
ers and roadbikes both belong to the Caltech-101 motorbikes category, but their pair-wise
similarity is much weaker than that of two scooters or two roadbikes. Moreover, there is
natural variation in the spatial con�gurations of the regions (constellation deformation).
Therefore, the original evaluation method was tailored to cope with these two sources of
variation. This comparison also proposes an alternative measure, coverage, which mea-
sures the number of images �covered� with at least the given number of correspondences
N (coverage-N).

3.4.1 Selected descriptors

Out of the many available descriptors, the most frequently used and best performing were
selected for evaluation. The selected descriptors and the implementations are described
in Table 3.1. In the original comparison [82], the SIFT descriptor by Lowe [68] and its
extension, the gradient location and orientation histogram (GLOH) [82], obtained the
best results. SIFT was selected for this comparison.

As with detectors, descriptors for this evaluation were selected using the existing knowl-
edge and preliminary tests on their performance. As the chosen detector also has impact



38 3. Detector and Descriptor Evaluation

on the performance of the descriptor, some descriptors occur in the descriptor evaluation
more than once combined with various detectors.

A more recent descriptor SURF, in addition to being very fast detector, is a robust
descriptor and conceivably more tolerant to at least moderate amount of noise than
SIFT [5]. In most works, the descriptors used are chosen from these three.

In addition, the in-house implementation of one �traditional� descriptor Gabor, namely
response vector of oriented linear �lters, which was included in the original work [82] but
did not place among the best performers, was included in the evaluation because in the
VOC context, the better generalisation and weaker speci�city could be advantageous.

Table 3.3: The descriptors selected for evaluation.

Name Method Implementation
gabor Gabor MVPR
sift SIFT VLFeat [119]
sift-vireo SIFT Vireo [131]
surf SURF ETH [5]

For the SIFT descriptor, two implementations were selected: the close approximation (by
VLFeat) of the original by Lowe [68] (sift) and a more recent by Zhao [131] (sift-vireo).
The oriented linear �lter descriptor (gabor) was an in-house implementation. For SURF,
the implementation by its original authors [5] (surf ) was used. Ideally, we should combine
these descriptors with all three best detectors, but the following best combinations were
selected according to our preliminary tests:

1. hesslap-vireo+sift-vireo (≈ hesa�+sift),
2. dog-vireo+sift-vireo (≈ sift+sift),
3. hesa�+sift,
4. surf+surf,
5. hesa�+gabor and
6. sift+sift.

It should be noted that the available executables do not allow arbitrary combinations,
thus forcing the evaluation to use the implementation of the descriptor by the same
author as the detector.

3.4.2 Performance measures and evaluation

The main work �ow is similar to the original work described in Section 3.1. Similarly,
descriptors are computed for all detected regions (foreground only). Images are processed
pair-wise and best matches for the regions sought by computing one-to-all distances and
selecting the closest match. It is noteworthy that the rule proposed in [68] for discarding
�bad regions� (distance between the �rst and the second best is less than 1.5×) must
not be used in VOC. This rule is default in many implementations, but it causes the
matching performance to collapse. The reason is that matches are rarely as good as in
the wide-baseline matching case. The evaluation procedure is shown in Alg. 3.2.
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Algorithm 3.2 The descriptor evaluation procedure

1: Extract local feature regions for all images
2: Filter out local feature regions in the background
3: for all image pairs (indexed with i) do
4: Estimate 2D homography T from the �rst image to the second image
5: Transform all detected regions onto the second image using T
6: for all regions do
7: Find the N closest descriptors associated with the region
8: if Any of the N closest descriptors is closer than threshold t then
9: Increase the number of matches for mdi

10: end if// Alternatively:
11: if Any of the N closest descriptors with region has overlap more than threshold t then
12: Increase the number of matches for moi

13: end if
14: end for
15: end for
16: Return the coverage value c for N closest matches

The spatial veri�cation stage di�ers from [82] by being less strict since the original rule
provides only a few matches for the most pairs. In the original rule, the regions were
described by ellipses, and for the spatial veri�cation the ellipses were projected onto each
other using the estimated a�ne transformation. If a su�cient overlap occurred for the
ellipses, the match was accepted. The results using the original overlap rule are presented
in Section 3.4.5.

Furthermore, in this case, the categories have natural variation in their spatial structure.
This natural variation cannot be exactly encoded into a�ne transformation, and there-
fore, the matches are not exact even for the ground truth landmarks as demonstrated
in Fig. 3.1. The two standard deviations vary between 0.0158 (Faces_easy) and 0.0641
(euphonium). The airplanes category is an outlier due to the one non-2D landmark on
the wing tip (0.1701). However, for ellipse overlap computation, even a small di�erence
in the ellipse centroid may have an enormous e�ect on the overlap area [83] as will be
seen in the results in Section 3.4.5.

For VOC evaluation we needed to replace the ellipse overlap rule with a distance threshold
between the ellipse centroids. For resolution independence, the distances were normalised
with the image diagonal, and in the evaluation, the matches were discarded if the distance
was greater than threshold value t = 0.05. This threshold covers the two standard
deviations of the ground truth landmarks and over 95% of the landmarks are within this
distance.

The presented performance numbers are the average number of matches and median
number of matches. The median is used to suppress the e�ect of several too well matching
pairs (a same person, two very similar stop signs, etc.) It is also important to know how
many matches are guaranteed to be found. This can vary between images and is not
uniform if the di�erence between the average and the median is large.
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Table 3.4: Descriptor evaluation overall results table. The number of matches
can be larger than the number of correctly detected regions due to the new match-
ing criterion not using the ellipse overlap rule (see Sec. 3.4.2 for details).

Method Avg # Med #
hesa�+gabor 58.9 39.0
hessa�+sift 66.1 46.0
dog-vireo+sift-vireo 18.7 15.0
surf+surf 12.3 9.0
sift+sift 9.5 6.0
hesslap-vireo+sift-vireo 30.9 22.0

3.4.3 Coverage-N performance

In this work, an additional measure is introduced: coverage-N. For some applications, it
is important to know how many matching features are guaranteed to be found. Thus,
the term �coverage� to show in how many of the image pairs descriptor matches were
found. Coverage-N then shows the pairs where N or more matches are found. It can
reveal some properties of descriptors as some are able to obtain a few matches even in
very challenging image pairs in which no matches can be found using most descriptors.
It is important to note that the detector used a�ects this as it determines the spatial
locations in the image that descriptors are calculated for.

3.4.4 Results using the distance rule

The major di�erence from the original descriptor evaluation approach presented in Sec-
tion 3.1 was the spatial veri�cation stage. Here, the regions are only presented as
coordinates with Euclidean distance instead of ellipse overlap. The distance approach
is less strict as it does not require matched features to have the same shape as long as
the descriptors match. The data for this experiment were the same as for the detector
comparison. The average and median number of matches are shown in Fig. 3.3 with
the numerical results being in Table 3.4. The results verify the �ndings in the earlier
works: the Hessian-A�ne and SIFT detector-descriptor-pair leads to the largest number
of matches. Overall, these results also seem to verify the important �nding by Nowak et
al . [88] that detector-descriptor combinations with a detector providing a larger number
of correspondence candidates perform well. hessa� and hesslap based methods clearly
outperform those using sift (dog) and surf (see also Fig. 3.2(d)). The weaker performance
of hesslap-vireo+hesslap-sift can be explained by the fact that the vireo code does not
do full a�ne normalisation (only one iteration), which seems to degrade matching with
the SIFT descriptor.

It is noteworthy, however, that in the VOC context even the more traditional descriptors,
such as our gabor descriptor, are almost equal to the SIFT when paired with the Hessian-
a�ne detector. This was not the case in the original work in the context of wide-baseline
stereo matching.
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(a) (b)

(c)

Figure 3.3: Descriptor evaluation results with distance rule: (a) average number
of matches per class, (b) median, and (c) colour coding of the method names.

3.4.5 Results using the overlap rule

If the original ellipse overlap rule (with 40% overlap requirement) is applied with the
proposed method, the results drop drastically. The results can be seen in Fig 3.4.

It is evident that the local features, when matching, might not be visually same. This is
strongly visible when there are a lot of features, but with many di�erent scales. Even-
though there is a high amount of overlapping regions presented in detector evaluation, it
is shown here that most descriptors are unable to match the potential regions. However,
the overall results compared to the distance based metric did not change. Hessian-A�ne
coupled with any descriptor was the best performer, followed by SURF and SIFT respec-
tively.

3.5 Discussion

Based on the results in the Sections 3.4.4 and 3.4.5, it seems straightforward to claim
that the best detector-descriptor-combination for VOC is the Hessian-a�ne detector with
the SIFT descriptor (or with Gabors). However, if the matching ratio of the matches
are plotted with respect to all detected regions, shown in Fig. 3.5, it is clear that this
combination is not much better than any other. The high number of matches is due
merely to a larger number of possible candidates. It is evident that there is a clear
correlation between the number of detected feature regions and the performance in the
object-class descriptor evaluation. This leads to the question how to decrease the number
of regions without sacri�cing the matching performance.
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(a) (b)

(c)

Figure 3.4: Descriptor evaluation results with overlap rule: (a) average number
of matches per class, (b) median, and (c) colour coding of the method names.

Intuitively, the best matches are not always correct between two object class images,
and thus, not only the best, but a few best matches can be used. This hypothesis was
tested by counting matches as correct if they were within the K best and located within
the normalised distance (dn < 0.05). The matching ratios for K = 5 are shown in
Fig. 3.5. The number of matches increases for all methods, but the e�ect is stronger for
the detectors with a good detection ratio performance, SURF, in particular.

(a) (b)

Figure 3.5: The matching ratio for (a) the original experiment with the best
match only (K = 1) and (c) for K = 5 best matches. Uses same labels as Fig. 3.3.
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Hessian-a�ne results, on the other hand, become proportionally weaker compared to
other methods. This means that whatever the heuristics for selecting interesting regions
in the methods providing fewer candidates are, the same matches are more likely found in
other class examples. This hypothesis can be further veri�ed by measuring the coverage-
N instead of the average or median number of matches or their ratio. The coverage-N
measures the number of images for which at least N correct matches have been found.
Coverage-5 and coverage-15 for K = 1 and K = 5 are shown in Fig. 3.6. By selecting
K = 5 best candidates there is practically no di�erence between the detector-descriptor
pairs.

(a) (b)

(c) (d)

Figure 3.6: (a) coverage-5 for K = 1; (b) coverage-15 for K = 1; (c) coverage-5
for K = 5; (d) coverage-15 for K = 5. For �all� the value must be multiplied by
10 (25 pairs for ten classes). Uses same labels as Fig. 3.3.

3.6 Summary

In this chapter, the well accepted and intuitive interest point detector and descriptor per-
formance measures by Mikolajczyk et al . [83, 82], repeatability and number of matches,
were extended to measure intra-class performance with visual object categories. The most
popular state-of-the-art detectors and descriptors were compared using the Caltech-101
data set. This work was motivated by the fact that the original performances were
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computed in a wide baseline setting, but the most popular use of the detectors and
descriptors is in visual class detection and categorisation, which are tasks with clearly
distinct requirements.

The detector experiment was yet another veri�cation of the fact that SIFT and SURF
are the most reliable in the terms of repeatability rate even on category level, but their
marginal to the Hessian-a�ne is not signi�cant and the Hessian-a�ne has the comple-
mentary feature of providing many more interest points (48 vs. 16 for the SIFT and
28 for the SURF, on the average). However, the most interesting result was spotted
in the descriptor experiments. At �rst, the experiments showed that any descriptor
paired with the Hessian-a�ne detector performs well, and that the recent implementa-
tion of Hessian-A�ne+SIFT by Mikolajczyk et al . [79] is especially good. It was assumed
that this veri�es the �nding by Nowak et al . [88] that the VOC performance gradually
improves with more and more features � �the more the better�. The matching ratio,
however, goes down with this approach and �nally most of the detected regions are just
false alarms.

To avoid this problem, an alternative approach was presented to that of Nowak's: instead
of having more features, we allowed multiple matches � �less is more�. By accounting only
K = 5 best matches, the matching approach turned out to be equally successful with the
results of higher amount of features. Furthermore, by introducing a new performance
measure, coverage-N, it was shown that all methods performed equally well for K = 5
best matches, thus giving preference to the methods generally producing less features.

The results justify two alternative directions for local feature based VOC methods. The
�rst one is justi�ed by Nowak et al . [88]: VOC performance increases by adding more
and more patches and larger codebooks. This is the mainstream as dense sampling
has replaced the interest point detectors in the top performing methods in the annual
VOC challenge [30] and also �dense interest points� [110] have been proposed. The
improvements, however, have not been that signi�cant and with many features and large
codebooks the methods start to over�t. The second direction, which is justi�ed by
the results in this work, is to have less detected regions, but assign each local feature
to multiple best matches or codes. Several attempts of this approach, such as soft-
assignment [1, 114], have been proposed. The soft-assignment, however, does not solve
the problem properly as it does not consider multiple alternative assignments, but just
embeds all into one, which magni�es noise.



Chapter IV

Local Feature Based Alignment of Object Class Images

As already mentioned in the previous chapters, one of the prominent uses of the local
features is object recognition and detection. Object detection has strong emphasis on
learning object classes from a set of images. The most in�uential approach has been
visual bag-of-words (BoW) [103, 24] where image content is encoded into a histogram of
local feature codes. The methods using spatial arrangement of the features in addition
to BoW methods have been even more successful [34, 58]. A predominant problem in
learning such part-based object models is that object poses vary. In 2D, this means
changes in rotation, translation and scaling, and in 3D also rotations in depth.

The original BoW approach tolerates 2D variation and moderate 3D variation since it is a
global descriptor, but lately it has been shown that class speci�c spatial con�gurations of
the local features are a very important cue for detection [3, 15]. E�cient learning of the
computational models for object detection would bene�t from automatic alignment of
training images. Virtually all proposed methods rely on manually annotated metadata,
such as bounding boxes [48, 18] or object speci�c landmarks [76, 57].

Bounding boxes have become the de-facto ground truth format in the popular image
datasets, such as Caltech-101 and ImageNet. Usually, the bounding boxes are su�cient
for image alignment, such as bounding boxes in Caltech-101, but in more recent datasets
the bounding boxes do not guarantee good alignment. From the Fig. 4.1 it is evident
that when the objects are strongly rotated, alignment with bounding boxes fails.

It is clear that the learning of visual object classes would bene�t from a method for
unsupervised alignment of object-class examples: The learning method could use the
aligned images to learn features from the same position in each image. In this chapter,
the image alignment problem is introduced and the published solution presented [59].
The main contributions in this alignment work are:

• Proposing a novel local feature based congealing method for the problem of unsu-
pervised image alignment. The method is experimentally shown to be suitable for
unsupervised alignment of images containing object category examples.

45
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Figure 4.1: Average images of class examples without alignment (top) and
aligned using bounding boxes (bottom). From left to right: Caltech-101 [32],
r-Caltech-101 [53] and ImageNet [28]. Caltech-101 classes are recognisable from
the average of the original images, for r-Caltech-101 bounding boxes are needed,
but the ImageNet class still remains unknown (the class is revealed in Fig. 4.10).

• Comparing di�erent local feature detectors and descriptors for local feature based
congealing and selecting the best performing detector-descriptor pair.

• Seaching good default values for the parameters of our method to make it parameter-
free and thus facilitate its usage in applications.

• Reporting qualitative and quantitative results for realistic and di�cult images in
the r-Caltech-101 data set.

Both qualitative (average images with and without aligning) and quantitative (alignment
errors of manually annotated landmarks) performances are reported in Section 4.5. The
experiments were conducted using the widely used Caltech-101 dataset, its randomised
version r-Caltech-101 by Kinnunen et al . [53].

4.1 Previous work

The image alignment problem has been recognised in many works [7, 8, 57, 18, 107,
48], but none of them explicitly de�nes an alignment method nor reports quantitative
performance of alignment or e�ect to overall performance. The alignment problem is
illustrated in Fig. 4.2. Top level images are unaligned images with arbitrary position and
rotation. The bottom level images are aligned. The images can be �stacked� to form an
average image on the right. The unsupervised alignment has also been recognised as its
own problem referred to as �spatial image congealing� [64].

A number of congealing methods have been proposed by various authors [37, 64, 120, 46,
22, 23]. These methods are mainly seminal work to Learned-Miller [84, 64] extending
and improving the original algorithm. The main drawback of the congealing approach
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Figure 4.2: An illustration of automatic image alignment

is that its iterative optimisation on pixel-level requires at least moderately good initial
alignment to converge.

There is another branch by Frey and Jojic [36, 37], but their approach is also similar to
the works of Learned-Miller. The algorithms are iterative optimisation or search methods
directly adjusting transformation parameters to maximise congealing quality measured
by pixel-based errors. Huang et al . [46] extended the standard binary algorithm to gray-
level images by replacing binary pixels with soft assignments to �codes� generated by
clustering SIFT descriptors. However, all these methods share the same main limitations:

1. slow convergence (limiting the size of an ensemble)

2. limited tolerance to imaging e�ects (background, illumination, occlusion, etc.)

3. parameter drift (error functions prefer transformations vanishing objects away)

4. sensitivity to initialisation

The fundamental drift problem has been solved by heuristic correction terms in the error
function or by re-formulation of the target function [120]. The slow convergence of the
original algorithm was addressed by Cox et al . [22] who re-formulated the entropy-based
error function. The tolerance to illumination changes was addressed in [46] where the
pixel-based measure was changed to a soft SIFT codebook. E�orts are continuously made
to improve and extend the original algorithm [23], but there is space for new approaches
as well.

The algorithm presented in this chapter deviates from the congealing works by the fact
that the algorithm presented in this chapter utilises the well established local features
instead of pixel level processing. This �feature-based congealing� is similar to the spatial
scoring procedures used in speci�c object search [91, 20], but, in this work, the alignment
algorithm is explicitly de�ned and measured. Additionally, the feature-based approach is
known to overcome problems with occlusion and background clutter and is more robust to
imaging variations. The �feature-based congealing� of n images requires an estimation of
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n−1 transformations to a single randomly selected �seed image� which �xes the canonical
pose. Instead of parameterising the transformation [64], the alignment is treated as a
homography estimation problem based on point correspondences between object class
speci�c local features.

4.2 Landmark selection

The presented alignment algorithm, �feature-based congealing�, assumes that there are
certain category speci�c local features, whose saliency triggers interest point detectors
at same locations and which appear su�ciently similar to match their descriptors be-
tween images. Manual or automatic identi�cation of these local features enables joint-
alignment (registration) of category images and, therefore, they are referred to as �object
landmarks�. Furthermore, it can be assumed that the alignment transformations are
su�ciently rigid to be represented by 2D homography.

Under these assumptions, it is possible to de�ne an interest point based algorithm for
unsupervised alignment of category images. The algorithm is based on the following
principle: if there exists a transformation T which transforms a set of object landmarks
P ′i from an image I ′i into spatial correspondence with the corresponding landmarks P ′′i
in an image I ′′i , then the transformation T is a spatial alignment operator between I ′i
and I ′′i . Congealing algorithms estimate the transformations Ti for all images Ii. The
algorithm is based on automatically found local features. The algorithm selects a single
�seed� image, identi�es landmarks within the set of found features, and then, estimates
the operators Ti from other images to the seed.

The initial step is to �nd putative matches for N local features Fs extracted from a
seed image Is. From another image Ii total of Mi local features Fi are extracted.
Using the computed descriptor distances, distance matrices DN×Mi

between the seed
and i = 1, . . . , I other images are computed. Here, not only the best matches for each
seed feature are found but also all distances are computed. This is justi�ed since local
appearance variation makes even the best matches not perfect and thus a small number
of the K best matches needs to be retained (the correct match is expected to be among
the K closest matches).

4.3 Image alignment using feature scoring

The basic idea is to select the seed features which match the similarly detected features
in other images well. Overall performance can be computed using, for example, the SIFT
descriptor distances. The simplest solution is to sum the seed feature distances and select
the ones with the K smallest sums.

That solution, however, is not robust to missing or occluded landmarks and a single
image may have an undesirably strong e�ect on the sum. Therefore, we replace the
sum with a ranking-based accumulation: our algorithm accumulates scores of the K best
matches per image. Hypothetically, the best landmarks should �nally appear as the top
scoring seed features. The algorithm is given in Alg. 4.1.

The next step in the image alignment is to �nd the transformations between the images.
This can be achieved by using the spatial scoring approach instead of simple closest
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Algorithm 4.1 Landmark selection by feature scoring.

1: Select the seed image and remove it from the image set.
2: Extract seed interest points and form their descriptors (tot. of N).
3: Initialise score vector sN for N candidates.
4: for all images (indexed with i) do
5: Extract interest points and form their descriptors (tot. of Mi).
6: Compute distance from each seed point to each image point: distance matrix DN×Mi .
7: Increment scores for the K best matching seed features in sN .
8: end for
9: Return coordinates and descriptors of the K best scoring seed interest points.

Figure 4.3: Twenty best landmarks found for di�erent categories using Algo-
rithm 4.1.

neighbor detection for the landmarks which are required by the alignment method. The
straightforward approach would use the distance matrices {DN×Mi} directly to select
the best seed features, for example, by accumulating scores for the K closest matches
over all images. However, this approach leads to a selection of general image features
representing strong frequency components, such as corners and edges, and not class
speci�c landmarks. This e�ect can be seen in Fig. 4.3.

4.4 Image alignment using spatial scoring

The main problem in the feature match approach is that it does not use spatial con�g-
uration of local features. That contradicts the proposed correspondence principle. The
spatial dimension can be introduced by scoring points which match under the selected
homography: isometry, similarity, a�nity or projectivity. Isometric transformation pre-
servers the distance between the transformed points. Similarity is a transformation that
preserves the distance and also adds a scaling factor. A�nity adds skewing and projec-
tivity allows projective transformations. Between point correspondences a homography
can be estimated using the standard linear methods: Umeyama [116] for isometry and
similarity and a restricted version of the DLT for a�nity (the standard DLT accounts
for projectivity [45]).

The algorithm used in this work is as follows: Over R iterations the minimum number
of correspondences are randomly selected, the minimum being two for similarity and
three for projectivity. In every iteration, the algorithm estimates a homography trans-
formation and transforms all image points to the seed image and accumulates scores of
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putative features within a pre-set distance threshold τ . The procedure is similar to the
Random Sample Consensus (RANSAC) [35] robust estimation, except that in this case,
the algorithm does not seek for a single solution, but accumulates scores over a number
of random iterations. The pseudo code of this approach is given in Alg. 4.2. The main
computational factor is the number of random iterations R. The other parameters are
the match threshold τ , the number of best matches K, and the total number of best
features selected Lb (class landmarks).

Algorithm 4.2 Class speci�c landmark selection by spatial scoring.

1: Pick a seed image and remove it from the image ensemble.
2: Extract seed interest points and form their descriptors (tot. of N).
3: Initialise score vector si×N of N seed feature candidates.
4: for all images (indexed with i) do
5: Extract Mi interest points and form their descriptors.
6: Compute the distance matrix DN×Mi .
7: Initialise image-wise score vector v ← 0.
8: for R random iterations do
9: Select two random seed features.
10: Select random correspondences within the K best matches in DN×Mi .
11: Estimate 2D homography from the image i to the seed space (Umeyama [116]).
12: Transform all image features to the seed space.
13: for all seed features j (excluding the selected two) do
14: if the seed feature j has matches closer than τ within the K best in DN×Mi then
15: Increment the seed feature score: v(j)← v(j) + 1.
16: end if
17: end for
18: end for
19: Sort v and increment the Lb highest seed scores in sN . // All images have equal contri-

bution.
20: end for
21: Return coordinates and descriptors of the Lb best scoring seed interest points.

The spatial scoring algorithm outputs the best Lb landmarks based on the top scores.
The top scoring seed features represent parts which have been independently veri�ed by
other features in a similar con�guration in other images. The found seed features using
the spatial scoring algorithm are illustrated in Fig. 4.4. The selected features represent
landmarks inside the object area and thus encode object class speci�c local parts and
their con�guration.

With the best scoring landmarks s1, . . . , sLb the alignment procedure itself is straight-
forward. For a number of random iterations, the minimum number of seed landmarks
are selected, then homography is estimated to randomly selected correspondence points
within the best matches, and �nally, the transformation that produces the highest num-
ber of inliers is selected and the transformation re-estimated using all inliers. This stage
is very similar to stereo and baseline matching, except that instead of a single best
match, a few best matches must be used for robustness. The alignment is demonstrated
in Fig. 4.5.
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Figure 4.4: The results with the di�erent landmark selection approaches. The
top row: watch, Faces, star�sh and motorbikes with the feature scoring (Alg. 4.1).
The bottom row: landmarks selected utilizing the spatial scoring (Alg. 4.2).

Figure 4.5: Image alignment by �nding the best sub-set of landmark matches.

4.5 Performance evaluation

The experiments were conducted using classes from Caltech-101 [32], r-Caltech-101 [53]
and ImageNet [28] datasets. The used performance measures were average images (qual-
itative) and a quantitative measure from Cox et al . [22]. The results are also compared
to a state-of-the-art congealing method for natural images by Huang et al. [46]. The
various popular interest point detectors and descriptors presented in Chapter 2 were
tested. Additionally, the dense sampling was included in tests which does SIFT feature
detection on a regular grid. The dense sampling has gained momentum in the recent
works of object class detection [31].

The object detection methods which use metadata or implicit alignment [7, 8, 57, 18,
107, 48] only report detection performance and no analysis on the alignment or its e�ect
are given. The congealing works [37, 64, 120, 46, 22, 23] report results for simple or
arti�cial images, such as binary images of digits, for which averages of aligned images are
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reported as qualitative results. As an exception, Cox et al . [22] used face images in the
MultiPIE dataset that contains manually annotated landmarks. They measured errors
between true and congealed landmarks and plotted a cumulative RMS point error graph
as the quantitative performance. We adopt their performance measure, but normalise
pixel errors by the image diagonal to make it resolution independent.

Here, the main focus is on the natural visual classes and, thus, we selected the Caltech-
101 [32] dataset which has been a popular benchmark for visual object class detection.
Caltech-101 contains object classes with natural visual appearance variation and with
varying background. For object detection, Caltech-101 is considered outdated since the
objects are mainly in the image centre, pose variation is very limited, and backgrounds
provide unrealistically strong cues for detection [92]. However, for unsupervised align-
ment, the dataset still provides a challenging test bench. To make the problem even more
challenging, experiments are made with the recent �randomised� Caltech-101 (r-Caltech-
101) [53], where the backgrounds have been replaced with random Google landscape
images and the objects are transformed to random poses (scale, translation, rotation).

For all classes for which the quantitative results are reported, 5-12 landmarks (see
Fig. 3.1) were manually annotated.

Alignment results using classes from Caltech-101

In Fig. 4.6, the average images of selected classes are shown with and without alignment.
Quantitative results for the same classes are shown in Fig. 4.8. The y-axis in the cu-
mulative RMS error graphs illustrates how many of 50 random images were aligned to
the given precision in x-axis. The normalised distance corresponds roughly to the deye
distance used in the face detection where 0.05 is considered excellent localisation, 0.10
as good and ≥ 0.25 as failure [42]. With the regular Caltech-101 dataset, the images
are already well aligned, and thus, the proposed method does not show as signi�cant
improvement as with other datasets. The di�erences between various datasets can be
seen in Fig. 4.3. The average images show that r-Caltech-101 is a much more challenging
dataset than the original Caltech-101.

For r-Caltech-101, the results are shown in Fig. 4.7 (The average images of selected classes
and without alignment). Quantitative results for the same classes are shown in Fig. 4.8.
The method proposed by Huang et al . [46] completely failed with r-Caltech-101 since it
requires good initial alignment to converge properly. Note that signi�cant improvements
for our method are reported in the next sections where the parameters are optimized.

4.6 Selecting method Parameters

It is clear that the feature-based alignment uses a few parameters which can dramatically
a�ect the performance of the alignment. From the computational point of view, it is
justi�ed to seek good default values for the parameters. During the experiments in
Section 4.5, the initial set of parameter values were found and the values were selected at
value ranges around them. The selections are shown in Table 4.1. The method was run
using all possible parameter combinations. The results for 6 classes are shown in Fig. 4.9:
Airplanes, Dollar_bill, Faces, Motorbikes, car_side and stop_sign. To tune the method
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Figure 4.6: Top: avg. images of Caltech-101 classes. Bottom: our method.
The class di�culty increases from left to right (stop signs: 84% aligned to 0.05
normalised Euclidean distance accuracy, airplanes: 10%; for 0.10 the numbers
were 100% and 36%, respectively).

Figure 4.7: Top: avg. images of r-Caltech-101 classes. Middle: Huang et al. [46].
Bottom: our method. Class di�culty increases from left to right (stop signs: 94%
aligned to 0.05 normalised Euclidean distance accuracy, airplanes: 26%; for 0.10
the numbers were 100% and 54%, respectively).

parameters, 50 randomly selected images from ten di�erent classes in Caltech-101 image
set were used. The selected images were then used as seeds in turn and the alignment
method is applied to the selected images. This procedure was repeated with all chosen
parameter combinations.
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(a) Motorbikes
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(b) Faces_easy
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(c) Dollar_bill
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(d) Airplanes

Figure 4.8: Quantitative results for the alignments in Fig. 4.7 (stop signs omit-
ted). Graphs represent cumulative error curves for ideal (red), Huang et al. [46]
(blue), feature-based alignment (green) and the feature-based alignment for the
original Caltech-101 (cyan).

It is important that the number of regions selected from a seed image and other images is
not exhaustive and there are many correct matches within these regions. That depends
solely on the used local feature detector and descriptor. The widely used detectors and
descriptors were introduced in Chapter 2 and an evaluation of the local features was
provided in Chapter 3. As shown in local feature evaluation, the frequently cited evalu-
ations of detectors [83] and descriptors [82] by Mikolajczyk et al . evaluate only the case
of wide baseline matching, where scenes remain the same while in this case, the �scene�
(object category) varies and thus the validity of their results is unclear. To �nd the best
detector for this alignment method, the following popular and well performing detectors
were tested: Hessian-A�ne (fs_hessa�) [82] (Mikolajczyk's recent implementation at
FeatureSpace), maximally stable extremal regions (fs_mser) [74] (FeatureSpace imple-
mentation), SIFT detector (vl_sift) [68] (VLFeat implementation) and two versions of
dense sampling (vl_dense and vl_densems). The dense sampling was included because
it is very popular within the recent top performing visual object categorisation meth-
ods [31]. The two versions of dense sampling are: single scale of radii 10 patches spaced
by 10 pixels (vl_dense) and multiple scales of radii 12, 24 and 36 spaced 12, 24 and 36,
respectively (vl_densems).
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The results for the selected detectors and the SIFT descriptor are given in Fig. 4.9. It is
clear that there are two detectors that perform moderately well for all classes: Hessian-
A�ne and dense sampling. The �ve best parameter combinations for the Hessian-a�ne
and multi-scale dense detectors and the best common setting for both Caltech-101 and
r-Caltech-101 datasets are shown in Table 4.2. In general, dense sampling outperforms
Hessian-a�ne, but needs more landmarks and less strict thresholds. This can be ex-
plained by the fact that with a �xed grid, the object landmark locations are not accurate
and a�ect both to the matching distance (τ) and to the required number of landmarks
(L). The best common parameter settings for the two datasets are (K = 2, τ = 0.02,
L = 20) for the Hessian-a�ne detector and (K = 5, τ = 0.04, L = 80) for multi-scale
dense sampling.

Table 4.1: Parameter selection experiment: tested values for the method param-
eters. Used for both spatial scoring and candidate selection.

Number of best matches1 K: 1 2 5 10
Spatial match threshold τ : 0.01 0.02 0.04 0.08
Number of landmarks L: 20 40 80 160

Table 4.2: Five best parameter settings for the two best detectors and the both
datasets (including the best common setting). The last line refers to the bounding
box based pre-processing.

Caltech-101 r-Caltech-101

K τ L avg# K τ L avg#
(0.05,0.10,0.25)

fs_hessa� 2 0.01 40 (34,36,48) 1 0.02 80 (31,33,47)
2 0.02 20 (33,36,48) 2 0.02 20 (31,33,45)
2 0.02 40 (33,36,48) 2 0.02 40 (30,33,47)
5 0.02 40 (32,35,48) 2 0.02 80 (30,32,46)
2 0.01 80 (32,35,47) 1 0.02 160 (29,31,47)

fs_densems 10 0.04 160 (41,46,49) 5 0.04 80 (36,41,48)
2 0.04 160 (41,45,49) 2 0.04 80 (34,40,47)
1 0.01 160 (41,43,48) 10 0.04 80 (34,41,49)
5 0.04 160 (40,45,49) 10 0.04 40 (34,40,49)
5 0.08 40 (40,45,49) 5 0.02 160 (34,40,47)

(12th) 5 0.04 80 (39,44,49) - - - (36,41,48)

densems+BB 5 0.04 80 (44,47,49) n/a n/a n/a n/a

Automatic seed selection (ImageNet)

The automatic seed selection is the main drawback of this method. To obtain the best
possible alignment the seed image which best represents the class needs to be found.
The basic solution is to try all images in turn and select the one which provides the best
average image (qualitative evaluation). This is a supervised approach. However, by a
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Figure 4.9: Alignment performance bars (numbers of correctly aligned images
within normalised landmark distances ≤ 0.05) for Caltech-101 (left) and ran-
domised Caltech-101 (right).

proper seed selection procedure, the method would be completely unsupervised requiring
only a set of images to be aligned. A partial solution would be utilising bounding boxes.
The object detection rule was used in the Pascal VOC competition (see, e.g., [31]),
which computes the detected region (bounding box) overlap and the image with the best
average overlap would be chosen as the seed image.

Using this technique, it was possible to reveal the true class of the ImageNet example in
Fig. 4.1 (see Fig. 4.10) in a completely unsupervised manner (multi-scale dense grid and
the default parameters for the approach).

4.7 Summary

In this chapter, the problem of aligning images in arbitrary poses was addressed. The
previous work on the subject was based on the pixel level optimization approach which
did not perform particularly well with images of arbitrary poses in r-Caltech-101. The
problem was solved by introducing a local feature based method for image alignment.
The presented method was shown to be relatively simple, utilizing the well established
methods widely used in wide-baseline stereo approaches, such as RANSAC and local
features. The alignment was done using the �seed image� which is used to de�ne the
space in which all other images are aligned. The landmarks used for the alignment
task were selected by applying a voting method with RANSAC. For each feature, a
spatial score is calculated and the features which gained the highest score were used for
alignment.

The experiments showed that the multiscale dense SIFT features provided the best av-
erage performance. However, with r-Caltech-101, the performance dropped as class ex-
amples were in arbitrary orientations, since a dense grid and �xed orientation do not
provide invariance to rotation changes. Furthermore, the method uses a single global
seed based on which all other images are aligned. However, it may happen that no single
seed works well (especially in the case of sub-classes within examples) and seed selection
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Figure 4.10: Automatically aligned ImageNet examples (see Fig. 4.1) with (left)
and without bounding boxes (right) (for both the optimal seed was selected using
the overlap criterion, the average bounding box overlap is 51%).

may be problematic or at least ad-hoc. This can be improved by using a local approach
instead of a global seed, for example, an �alignment tree� built from pair-wise matches,
so that all images are aligned using a single �root� via pair-wise alignment paths. A
similar approach was successfully used in [85] for the detection of common landmarks.
In conclusion, this approach clearly outperformed a state-of-the-art congealing method.
The visual object class learning and detection methods can bene�t from a method which
automatically aligns class examples making the learning procedure more straightforward.



Chapter V

Shot Detection and Video Summarization

In this chapter, the local features are introduced in the domain of video summarization,
which is one of the important topics of this thesis. In addition to the video summarization,
which will be explained shortly, the area of shot boundary detection is discussed. The shot
boundary detection is considered a preprosessing step for the video summarization and is
also closely examined in this chapter. In the following chapter a novel local feature based
shot boundary detection is presented. In addition, a video summarization application is
introduced, using the presented local feature based shot boundary detection method.

In Fig. 5.1, the overall hierarchy of frames, shots and scenes is illustrated. Video is,
by de�nition, a set of consecutive images (frames) which, when displayed rapidly, form
illusion of motion in human brains. Videos add a temporal dimension which can be
utilised. Frames can be combined together to form a logical set of consecutive frames
without any visually abrupt moments called a shot. A set of shots is usually taken in
the same environment, thus forming a scene, in which the content is �lmed. The whole
video, such as a feature �lm, is built from the di�erent scenes, which together form a
semantically coherent story.

In many applications, such as in video summarization [109] and content based retrieval [103],
video shot boundary detection is the �rst step before higher level processing. For analy-
sis, the shots are usually considered the basic units and thus the success of the boundary
detection a�ects the whole processing pipeline. Shot detection has been studied within
speci�c applications as its own problem and a wide variety of proposed methods exist.

5.1 Shot boundary detection

Shot boundary detection, as the name suggests, is a research �eld attempting to �nd the
boundaries between two di�erent shots. These shots are usually generated by pausing
the camera or made afterwards by editing the video to a coherent show or movie. A
half an hour of video, in a television show for example, may contain hundreds of shots,
depending how the show was recorded and edited.

58



5.1 Shot boundary detection 59

Figure 5.1: The hierarchy of video segments.

Usually, the shot boundary methods compare consecutive frames by using a distance
metric. The baseline method for comparing the frames is considered to be histograms.
The histogram-based methods utilise some distance-metric between the histograms of
two consecutive frames which measures how content has changed. For example, high dif-
ference peaks on the time-line may denote hard cuts and sequences of smaller consecutive
changes may denote fade-outs. The colour histogram based shot boundary detectors are
fast and accurate when accompanied by heuristics for all transitions types [106, 49, 73].

In 1996, Boreczky et al . [9] compared di�erent shot boundary detection techniques, such
as full image pixel di�erence, color histograms, edge tracking and motion vectors from
MPEG compressed video sequences. The pixel di�erence approaches compared pixel
values directly between the consecutive frames by counting the number of pixels that
change in value more than some threshold. Another threshold was used to determine if
the shot boundary was found. The direct pixel di�erences are usually accompanied by
a �ltering step to reduce the error rate. The histogram based approaches use exactly
same approach, but instead of direct pixel di�erences the histogram of choice is used
as data and histogram di�erence distance funtion is applied to determine the di�erence
between the frames. In edge tracking the percentage of edges that enter and exit between
the consecutive frames was computed. This was found to be e�ective with transitions.
Due to the computational restrictions the features in MPEG compression have been
successfully used. The block motion vectors can be directly extracted from the MPEG
data. The region-based pixel di�erence calculation is another way to obtain the motion
vectors. Boreczky et al . [9] showed that, in general, simpler methods outperformed the
more complicated algorithms. In tests, the more complex methods were sensitive to the
threshold and parameter settings.

Furthermore, some of the techniques are evaluated by Gargi et al . [40] in 2000. They
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showed that the threshold selection for histogram-based methods (such as [49, 73]) is
critical and the performance changes signi�cantly depending on the selected color space.
The Munsell (MTM) space, RGB, HSV, XYZ, LAB, LUV and OPP were evaluated.

The most block-motion matching algorithms were found to be slow and did not per-
form well in the evaluation. However, MPEG-based methods showed to be fast but did
not perform as well as the color histogram based methods. It is noteworthy that the
MPEG-based methods are reliant on the encoder output, thus causing variation in the
performance (based on the bitrate they were encoded with). The histogram intersection
method in the Munsell color space (MTM) was the best performer [40]. A more recent
study by Smeaton et al . [104] shows that, based on the results of the latest TRECVid ac-
tivity, simple methods such as color histograms are accompanied by modern higher level
machine learning algorithms such as GMM (Gaussian Mixture Models) [50] or HMM
(Hidden Markov Models) [94]. There are also methods to detect pauses in speech to
specify shot boundaries, dividing video sequences into event and non-event segments and
evaluating dominant image motion.

Local features have been used in video shot boundary detection. Li et al . [66] presented
a local feature based (SIFT) shot boundary detection algorithm which utilized SVM
to decide the frame similarities. Another approach was presented by Luo et al . [71],
which used the SIFT Flow algorithm coupled with clustering and Kernel PCA to pro-
duce video summarizations. An accumulation algorithm similar to the shot boundary
algorithm what will be presented in next chapter, is used and presented by many au-
thors [70, 124, 106] for MPEG videos. They, however, had a lot of additional processing
to reduce many artifacts in the old �lming techniques, such as gamma correction and
motion compensation due to the nature of the accumulation algorithm.

5.1.1 Scene detection

The scene detection algorithms are approaches which usually utilize shot detection as a
pre-processing step. As such, they often contain ideas which can be applied in both shot
detection and scene detection. Here, some previous work on the subject is discussed and
important �ndings and ideas are presented.

One way to do scene detection is to apply graph-based presentation [100] or use the sub-
image correlation approaches [133]. These methods rely heavily on clustering. Another
approach is to use audio cues to detect scene changes. Velivelli et al . [121] combined
audio cue score with the visual score to improve the performance of the scene detections
in documentaries. Similarly, Chen et al . [17] used the sampled audio data to identify
�silent frames� and overall changes in the audio features such as volume, power and
spectrum. It has been shown that the audio based approaches considerably improve the
scene/shot detection performance. However, combining the visual and audio features
has been shown to be tricky, e.g. Velivelli et al . minimized a cost function to de�ne the
correct weights for both types of features (0.7 for audio, 0.3 for visual). Additionally,
Chen et al . considered the audio features to be complementary and added the values
equally, still gaining over 0.9 in both precision and recall.
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5.1.2 TREC Video Retrieval Evaluation (TRECVid)

The shot boundary task was included in TRECVid (TREC Video Retrieval Evaluation)1

as an intruductory problem from which the results are commonly used for more high-
level tasks such as video summarization. TRECVid itself is a large-scale, worldwide
benchmarking activity, concentrating on research related to content-based retrieval on
digital video. The competition is running annually just like the Pascal VOC [29] for the
visual object categorization and was started in 2003. TRECVid contains very thorough
evaluation procedure for evaluating the performance of various shot boundary detection
tasks. TRECVid provides the participants a large-scale video collection for testing and
means to evaluate the results. Furthermore, a forum is available for the organizations
for comparing results and for submitting the results of the experiments back to the
coordinator, the National Institute of Standards and Technology (NIST). NIST collects
all the submitted result for automatic evaluation and eventually the overall results are
made publicly available on the TRECVid webpage. Later, the detailed performance
�gures are sent to the participants for further analysis.

The data provided for this competition (by NIST), has increased over years to increase
the di�culty of the common tasks, i.e. shot detection. Smeaton et al . stated that the
origins and the genre of the data has changed a lot since 2001, as editing styles and thus
the shot sizes and transition types change over time. The shot boundary test data set
has been always 6 hours of video material, e.g. in TRECVid 2007 the length of the data
set was 6 hours with 17 di�erent videos. Furthermore, the data used in TRECVid 2007
stands out from the previous data sets for its longer shot durations and lack of gradual
transitions. A few frames from three di�erent videos are presented in Fig. 5.2. The
ground-truth for the shot boundary data was done by an anonymous researcher at NIST
by manually annotating the shot boundaries with a freely available tool, VirtualDub.
The annotations contained the shot boundaries as frame number as well as the transition
type such as hard cut or dissolve. The same annotator was used over the years (2001-
2007) to make sure the annotations had the least amount of inconsistency possible. As
such, there is no annotator-oriented analysis such as annotator variation.

The TRECVid shot boundary task is to �nd each shot boundaries in the video data col-
lection and identify it correctly as abrupt (hard cut) or gradual transition. The di�erent
gradual transitions between the successive shots include dissolve, fade-in/out, and wipe.
The test data used in TRECVid 2007 [104] contained six hours of video material, most
of which was from di�erent documentaries, news and educational material. The sub-
missions were compared to the reference data using a slightly modi�ed test protocol by
Ruiloba et al . [99]. The NIST evaluation software calculates: inserted transition count,
deleted transition count, correction rate, deletion rate, insertion rate, error rate, quality
index, correction probability, recall, and precision. Of these the recall and precision are
the primary measures for TRECVid. In addition, F-measure was also introduced, which
combines the recall and precision measures:

F =
2×Recall × Precision
(Recall + Precision)

(5.1)

1http://trecvid.nist.gov/

http://trecvid.nist.gov/
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Figure 5.2: Examples of the video data provided by NIST for TRECVid. Top:
BG_2408, Middle: BG_11362, Bottom: BG_37822.

Furthermore, the detection criteria required only a single overlapping frame between
the estimation and ground-truth transition, as it was important to make the detection
independent of the accuracy of the detected boundaries. This means that hard cuts
are supposed to provide not only the last frame before the cut, but also the �rst one
after the cut. To accomodate the di�erences in frame numbering by di�erent decoders,
the cuts were also expanded by �ve frames before matching. Additionally, the shot
boundaries with gradual transition shorter than �ve frames were considered as hard cuts
in evaluation.

5.2 Video summarization pipeline

Video summarization/skimming is a research area which has been actively investigated
for over a decade. In the most simple case the video skims can be fast-forwarded versions
or uniformly subsampled versions of the video. These approaches are not usually good
for having a coherent understanding of the original video. Thus, the majority of video
skims retain the same frame rate as the original and only use selected parts of the video
in the �nal video summary. There are many applications for video skims/summaries such
as news, sports, surveillance, overall visualization and so on.

Truong et al . [109] detected the most important attributes which a�ect on how the skim
is generated: skim length, perspective, mechanism, the used features, data domain and the
overall generation process. In this chapter, the main emphasis is on the skim generation
process and on the mechanisms used to generate the video summaries. The skim length
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has two possible alternatives: the length of the skim is known as a priori or is unknown
and given as a posteriori. When the length of a skim is known, the underlying shortening
mechanism is modi�ed so that the result will retain as much information as it can due
to the time limitation. If the skim length is unknown, the shortening process decides
the length by maximizing information while minimizing the time presenting it. The
data domain represents the �topic� of the video data. The majority of the techniques
used in skim generation are domain dependent. Thus, di�erent videos, such as sports,
documentaries and home videos are processed with di�erent approaches or by using
di�erent parameters. The selected features are information extracted from the input
data. Features can be visual, such as local features or histograms presented in the
previous chapters. Features such as edges and textures with their spatial con�gurations
are important for detecting the desired situations in video data such as closeups. The
audio track and the extracted audio cues such as tempo are also usable features. Some
methods utilize text extracted from the subtitles or from the audio track to evaluate the
redundancy [43]. The general camera motion, if known, can be used to improve the
quality of the generated skim [26]. Furthermore, even 3-D depth maps have been used to
extract additional information from the scenes. In turn, the skim generation algorithm
itself is a�ected by the persperctive, which de�nes the general goal of the video skim:

• Information coverage / maximization: The video skim should contain as much
information as possible.

• Important events / highlights: The skim should seek for the interesting moments
based on the engineered �built-in� detector.

• Query context: The skim is generated by the user preferences e.g. preferred features
such as loud noise

After identifying the target domain of the skim generation, a suitable method is selected.
The state-of-the-art methods combine multiple features to achieve the best performance
and avoid certain video anomalies such as �ash detection. On a conceptual level a method
has a mechanism which it uses during the skim generation process. The mechanisms are
tightly coupled with the selected perspective, such as highlight detection and redundancy
elimination.

Truong et al . [109] presented four di�erent steps for skim generation process utilizing
excerpts:

• Excerpt segmentation (the video is divided into processable units)
• Excerpt selection (the units are selected)
• Excerpt shortening (the units are used to shorten the video material)
• Skim assembly (assemble the video after the shortening step)

It is possible to generate skims without excerpts and the whole process is done in the skim
assembly. In the following sections a short description of each step is given in addition
to references to the di�erent approaches to solve the problem.

5.2.1 Excerpt segmentation

In segmentation, the whole video sequence is divided into separate units, some of which
will be included in the skim. These units are usually shots taken from the original
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video, but because this is not always true, a more general term excerpt is used. The
segmentation step is required, but is not always considered as part of the actual skim
generation. Segmentation is done in various di�erent ways either utilizing the audio,
video or other metadata such as captions or timestamps. For example, Rui et al . [99]
consider segmentation as dividing the input video into event and nonevent segments.

The shot boundaries are a commonly used type of excerpt. Most of the detection al-
gorithms are developed to be used in video retrieval methods and they are not directly
meant for skim generation. However, they provide useful excerpts to be selected in skim
generation. [109]

5.2.2 Excerpt selection

In the selection step, we need to select the excerpts which are included in the skim. This
step has the highest in�uence to the coverage of the skim and can be applied in many
ways. This step is sometimes included into the shortening step [109]. Some methods
utilize shot clustering or selecting only the most relevant events for the skim (similar to
the scene detection). Usually the skim length and other priori information needs to be
taken into account when selecting excerpts for the skim. The graph-based algorithms
(e.g. [19]) usually operate in this step. This is because the graph-based algorithms only
select those excerpts from the graph which ful�l the requirements of the skim (such as
the total length).

5.2.3 Excerpt shortening

In shortening, one of the methods to shorten the excerpts is applied. Shortening usually
tries to maximize information coverage while preserving certain viewpoint. Shortened
excerpts need to be done so that no inappropriate cut points are generated such as cutting
in the middle of speech. The simplest way to achieve this is to pick prede�ned portion of
each excerpt to generate a skim. Some more sophisticated methods utilize similarity of
video, selecting only those parts from excerpts that are similar (and may ignore temporal
order of the shots). Other methods include attention models, usage of metadata or other
higher level features (e.g. faces). The sound information can also be utilized as one can
detect e.g. music or speech and some methods remove silent shots as they most likely do
not contain any information. This step can also be ignored if the generated excerpts are
short enough or the skim length is not de�ned a priori. [109]

5.2.4 Excerpt assembly

In Assembly, the excerpts are brought together and assembled into a skim. Here, video
summary can have asynchronous and synchronous integration of video and audio infor-
mation. When the video and the audio are synchronized, the video corresponds to what
we hear. It's also possible to use an asynchronous method when the audio might not
directly correspond to what we see (such as documentaries). The simpliest way for asse-
bling excerpts into a skim is simply join them in their temporal order. In addition, one
can apply a gradual transition to the shortened excerpts. [109]
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5.3 Video summarization approaches

Truong et al . [109] identi�ed three major underlying approaches for skim generation:

• Redundancy elimination

• Event or highlight detection

• Skimming curve formulation

The approaches are brie�y discussed in this section of the thesis.

5.3.1 Redundancy elimination

Redundancy elimination is strongly associated with the excerpt shortening step as the
goal in redundancy elimination is to retain data enough for comprehension. Cooper et
al . [21] presented a matrix factorization method to remove redundancy by selecting only
the continuous frames with the least di�erence to the entire video sequence. Ma et al . [72]
performed redundancy elimination in the exactly opposite fashion by selecting the most
interesting parts of video, i.e. the ones containing the most frame-by-frame di�erence.
Clustering is also widely applied to detect redundancy by selecting the maximum of
one shot from a cluster of visually similar shots [19, 41]. Some methods use audio to
remove redundancy by removing parts of video which contain noise or silence. Ngo et
al . [19] proposed a method where only the most relevant scenes are selected through
graph modeling. The graph modeling of the detected shots in video content aim to
represent the shots as a temporal graph. The temporal graph is an interpretation of how
the scenes change and reappear in the video. The illustration of a temporal graph is
shown in Fig. 5.3. Each state (A-D) are states for shots and B1, B2, B3 are subshots of
a scene.

A B1 C

B2 B3

D

C1

Figure 5.3: An example of a temporal graph of a video.

Many approaches can be used in redundancy elimination as the model allows selecting the
parts of the video which are the most important for information coverage. Additionally,
the motion attention model makes it appliable in highlight detection, which is another
popular approach used in summarization. There is also progress in the �eld of stereo
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vision. Fu et al . [38] presented the �rst multi-view video summarization approach to
improve results over graph and user attention models. Machine learning is also applied
in video summarization by several authors [4]. Here, the machine vision system learns
the underlying skimming approach by using the original videos and the user-provided
skims for the original videos. The learned model for cutting videos is then used for
future videos to provide high-quality skims.

5.3.2 Highlight detection

To preserve certain events in video skim, the highlight detection is applied. Traditionally,
this approach concentrates heavily on the segmentation and selection steps, as the algo-
rithms are required to detect certain events from the excerpts. Highlight detection should
be applied if the application and the skim target domain can be accurately de�ned. The
methods which fall in this category are generally application oriented. Chang et al . [16]
used the Hidden-Markov Model to detect the di�erent events in videos, thus requiring
classi�cation of video excerpts. Other approaches use the audio track, shot templates or
temporal logic to detect the interesting events in videos. Many of the approaches try to
detect certain highlights, such as:

• Replays in sports [55, 56, 125]
• Applauses, cheering [128]
• Excited speech (especially in sports) [26]
• Dominant camera motion [26, 72]
• The most viewed patterns [129]

Furthermore, the replay detection in sports has also a general framework presented by
Han et al . [43], which can be applied for all types of sports. Another interesting ap-
proach is to produce fusions of the video data. Pritch et al . [93] created synopsis of the
surveillance videos by detecting moving objects and their movement �tubes� in the scene.
The overall skim is then produced by the objects moving along these tubes and thus,
compressing the action in the scene. The approach only works with inactive surveillance
videos, but is a novel way to visualize interesting moments in the video data.

5.3.3 Skimming curve formulation

The curve formulation is an approach that computes a score that directly associates an
excerpt to be included in the skim to the selected perspective. The curve is a set of scores
calculated from the excerpts. Finally, the video skim is generated by thresholding this
curve and selecting those parts of the original video which have a score higher than the
threshold as seen in Fig. 5.4.

The curve formulation is de�ned upon the decided base unit. The base unit is a primitive
and modal-dependent. It can be, for example, color histogram di�erence between the
consecutive frames. Visual summaries use frame or shot based approaches as video skims
based on audio are usually dependant on the length of the base unit. The base units in
skimming curve formulation are often resolved in segmentation and may contain higher
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Figure 5.4: The curve formulation with an e�ective thresholding and selected
shots from the original video.

level features to improve the quality of the skim (such as ignoring shots to be cut in the
middle of a sentence).

After deciding the base units, the appropriate way to produce the score curve with the
base units is de�ned. Especially, if there are multiple base units, it is time consuming
to �nd the correct weight for the each unit. Mei et al . [77] identi�ed many aspects of
the camera work done in the video and produced multiple analysis which are eventually
brought together with SVM approach and turned into a score curve. Furthermore, in
highlight detection, the user needs to decide a thresholding value to use with the skim
generation, which is usually problematic.

5.4 Evaluation of video summarization

Evaluating video skimming is di�cult due to the lack of an objective ground-truth. It is
also di�cult for humans to decide if one video skim is better than another. Additionally,
skims are usually application dependent, thus having di�erent metrics for evaluation.
Most of the publications evaluate the skimming results by using user studies. Some
objective metrics has been used but they are easily biased towards a certain kind of
skimming result. Truong et al . [109] address most of the problems in their survey and
propose ways to evaluate the summarization methods. They propose recommendations
for video summarization evaluation by creating ground-truth/common dataset and set-
ting application-dependent evaluation perspectives.

One popular way to evaluate the summaries is through user studies and through user
attention model. Ngo et al . [19] evaluated the skims by two criteria: informativeness
and enjoyability presented by the user attention model by Ma et al . [72]. The evaluation
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was done by showing a group of people summaries of di�erent length and then the orig-
inal video. Afterwards, the users were required to give informativeness and enjoyability
ratings (from 0 to 100) for each summary and also for the original video. They reported
encouraging results of dropping 75% of content and only losing 20% of informativeness
and enjoyability as a result with various types of videos.

A human driven experience model was proposed by Peng et al . [90]. They followed the
viewer's eye movement and other behaviour to automatically evaluate user experience
and created a video summarization system based on the collected data. Smeaton et
al . [105] gave an introduction to the information retrieval (IR) evaluation from both
the user and the system point of view. They presented TRECVid as an example of a
system for evaluation benchmark. TRECVid had a video summarization evaluation task
called �Rushes summarization� which contained raw �lm material from BBC which was
used to create the �nished product. The data contained a lot of stock footage where
the actors are only sometimes present. The summaries were evaluated by how well the
information in the videos was presented with as few frames as possible. Furthermore, the
participants were allowed to use some creativity in the way summaries represented the
original video, e.g. have picture-in-picture and split screen. Over et al . [89] demonstrated
the evaluation process used in the TRECVid 2008 BBC Rushes summarization task.
They had three human judges to evaluate the performance of the summarization in
addition to the objective measures: length, processing time, and evaluation time (by
human).

5.5 Summary

In this chapter, the basic tools for video analysis in the context of video shot boundary
detection and video summarization, were presented. Although many authors have tried
utilizing more complicated approaches for shot boundary detection, it has been always
found that the simple color histogram-based method was fast and easy to parameterize.
Many of the complicated methods were deemed to be slow to compute and performed
poorly in the evaluations. The results presented in the TRECVid competition show that
the best performing methods almost always used color histogram as the key component
upon which the rest of the system was built. These systems frequently used di�erent
machine learning systems (e.g. SVM) to decide on the shot boundary type. Evidently, the
shot detection is considered as a solved problem with over 80 percent accuracy with both
hard and transitional cuts. The skimming has shown to be a much more di�cult problem
as there is no good general solution. Most of the approaches are strongly application
driven with emphasis on speed and accuracy.

Skim generation is often built so that the output of the shot detection is used as a basic
element for shortening. The shots, or more generally, the excerpts, are selected after
the detection. The target of the selection step is to �nd the excerpts which most likely
contain important content. The selection is done using the application speci�c appoach
after which the shortening is applied to acquire the �nal excerpts. The shortening is very
often associated with redundancy elimination which maximises the �interesting� content
in videos.

Finally, the skim is assembled by using the shortened excerpts. Interestingly, the eval-
uation of the skims is problematic. There is no established evaluation framework and
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most of the evaluation is done through user studies. Even online monitoring of the users
has been used to detect the important parts of the video. The TRECVid competition
has partial tools for evaluating video summarizations and annotated data by several vol-
unteers by NIST organization. The participant submitted summaries were compared
against the ground-truth summaries, which is problematic as the summarization process,
when conducted by humans, is a subjective topic at best. To migitate this problem, the
submitted summaries were also subjected to a standard human evaluation.



Chapter VI

Video Shot Boundary Detection

Using Bag of Features

The problem setting in image and video analysis problems are almost equivalent, but
the adopted approaches have been divergent due to per frame processing required in
many video processing tasks, such as in video shot boundary detection. For example,
one hour of video contains approximately 100,000 frames, and the processing time of one
second per frame would take 27 hours in total. In these kinds of tasks, �fast to compute
features�, such as colour histograms, have typically been used. On the other hand,
benchmark databases for image analysis have also become very large. For example, there
are nearly 15 million annotated images in the ImageNet1. This has set new demands
on approaches, and development has not only produced new techniques, but also more
e�cient implementations of the existing ones.

In this thesis, the state-of-the-art BoWmethod is adopted for processing massive amounts
of images: dense SIFT for feature detection and representation, k-means clustering for
codebook generation, L1-normalisation of codebook histograms, and the Euclidean dis-
tance for code matching. Our main contribution is to apply this method to shot bound-
ary detection. In addition, we compare video speci�c codebooks, generated from the
local features extracted from an input video to a �general codebook� generated from the
ImageNet descriptors used in [27]. Moreover, the e�ect of varying the codebook sizes is
studied, which is the most important parameter of BoW. The experiments are performed
using the TRECVid 2007 shot boundary detection competition data.

In Chapter 5, the commonly used shot boundary detection methods were presented. The
presented approach is compared against the frame windows method [106] which was
among the top performers in [104] and can be considered the baseline method for shot
boundary detection.

6.1 Visual Bag-of-Words

The seminal works of the visual bag-of-words (BoW) are [103] and [24]. The codebook
generation and utilization with the visual Bag-of-Words in VOC case can be seen in
Figure 6.1. In BoW, the salient local image features (interest points) are extracted with
a special detector (e.g. SIFT) or �xed size patches are selected using dense sampling

1http://www.image-net.org/
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on a regular grid. Then, these �keypoints� are described with a descriptor, the SIFT
descriptor being the most popular. In the training phase, a codebook is generated by
clustering the descriptors into a �xed number of codes. In the matching phase, the best
matching code is assigned for each descriptor.

An image feature is generated by computing the histogram of the codes appearing in the
image. Matching can be performed by histogram similarity between two images (frames).

Local 
feature
detection

Local 
feature
description

Codebook
generation

Codebook 
histogram
generation

Object
category
discovery

Figure 6.1: The Process with the Visual Bag-of-Words. [52]

The shot boundary detection methods using local features are only a few. Li et al . [66]
computed SIFT regions and descriptors, but did not utilise a codebook. They searched
for SIFT matches directly between consecutive frames. A similar approach for content
analysis was proposed by Sivic and Zisserman [103] who used a codebook. Both of these
techniques, however, are extremely slow due to random sampling based matching. Sivic
and Zisserman run the matching only for key frames of every shot as their application
was content retrieval and Li et al . [66] did not report the computation times for their
method. To the authors best knowledge, this work is the �rst to propose the bag-of-words
approach to video shot boundary detection.

6.1.1 Selection of local features

As for the local features, the descriptor of choice is SIFT, the codebook is generated using
the k-means clustering and the feature histograms are L1-norm normalised. Additionally,
it was decided to use the color histogram presented in [106].

6.1.2 Codebook generation

There is a huge number of variants and extensions of the baseline BoW method (e.g.,
[63, 65, 13]), but often the basic method performs the best [112] and for large scale
problems the most e�cient discriminative methods are no longer feasible [27]. The
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recent implementation in [27] was selected for the method presented here. For feature
detection, the method uses dense sampling on a regular grid, which has lately replaced
the interest point detection methods in most visual object classi�cation methods [31].
The grid size for the dense feature detection was 20 × 20 pixels and the radius of the
circular SIFT features was 10 pixels.

The codebook was generated by �rst extracting 100,000 features from the frame data
extracted from the TRECVid 2007 shot boundary data set. The �general� codebook was
created from the randomly selected 100,000 ImageNet images. The k-means clustering
was applied to the extracted features. The implementation of the k-means was provided
by the widely used OpenCV library. The k-means was run with varying sizes of codebook:
K = 10, 100, 1,000 and 10,000.

6.2 Shot boundary detection

The main parts of the Bag-of-Words implementation are similar to the approach pre-
sented by Deng et al . [27]. This is particularly the case with a general codebook generated
from two million features extracted from ImageNet. It is interesting to study how well
the general codebook performs as compared to a speci�c codebook, which is re-generated
for every input video. Speci�c codebooks are generated using features extracted from
selected frames (one frame per second in the implementation) and using the k-means
clustering method. Next, the shot boundary detection algorithm is given in Alg. 6.1.
It is noteworthy, that the only parameter for the method is the detection threshold τ
which is equivalent to the colour histogram detection threshold. The other inputs are
video and a pre-computed codebook.

Algorithm 6.1 Video shot boundary detection (BoW).

1: Load codebook cb.
2: for all Frames i in video do
3: Init v(i)← 0.
4: Extract dense interest points and form their descriptors.
5: Search the best matches in the codebook cb for every extracted descriptor using

the fast KD-tree search.
6: Form the code histogram h using the codes.
7: L1-norm normalise the histogram and compute the Euclidean distance dcurr to the

previous frame histogram.
8: Calculate the distance di�erence (derivative) d′ = dcurr − dprev.
9: If d′ ≥ τ , then mark a shot boundary to the current frame: v(i)← 1.
10: Set dprev = dcurr
11: end for
12: Return the vector of shot boundaries v.

6.3 Experiments

The experiments were conducted with the TRECVid 2007 Shot Boundary data set which
contains over 6 hours of human annotated videos, 637,805 frames with 2317 transitions.
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In the evaluation, the TRECVid evaluation protocol was used with the provided data and
ground-truth. The operating point is set by the di�erence threshold τ . Low values result
in high recall, but low precision, and vice versa. The precision-recall evaluation curves
were computed by iteratively testing all possible values of the threshold τ . The imple-
mentation was programmed by using C++ and OpenCV [10] with fast K-NN descriptor
matching [102] provided by the library.

6.3.1 Optimal codebook size

The size of the codebook (the number of clusters in k-means) is one of the computational
bottlenecks. In object classi�cation, the codebook sizes vary between 1,000 and 100,000,
but in this case a codebook as small as possible is preferred as it would lower the compu-
tational requirements. The precision-recall curves for the method here and with varying
codebook sizes are shown in Fig. 6.2. It is evident that the boundary detection is a low
level task which requires only moderate discrimination power from the codebook.

Already 100 codes performed very well and increasing the size did not improve the results.
The method started to collapse with codebooks smaller than 10.
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Figure 6.2: TRECVid Shot boundary detection precision-recall curves using the
BoW method and di�erent codebook sizes.

6.3.2 General vs. speci�c codebook

Based on the previous experiment, a generated codebook of size 100 performs well in shot
boundary detection. That does not produce signi�cant computational burden since the
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local features need to be extracted anyway. However, this could be improved if a general
codebook would perform well, since the codebook generation step could be completely
omitted. A general codebook was generated using the two million ImageNet features used
in [27]. The shot boundary detection results and a comparison to a speci�c codebook
(k = 100) are shown in Fig. 6.3. The results provide clear evidence that the general
codebook does not perform well in this application and changing the codebook size does
not help the situation. This result is quite surprising from object class detection point
of view, but for shot boundary detection, video speci�c codebooks should be used.
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Figure 6.3: TRECVid precision-recall curves. a) general and speci�c codebooks,
b) general codebook results with varying size.

6.3.3 Baseline comparison

In the last experiment, the method was compared to the tailored RGB colour histogram
method in [106]. The complementarity of the colour histograms and BoW histograms
were also studied. This was achieved by �rst running both methods and then combining
the output binary vectors (1's denoting a cut and 0's no cut). For combining, the logical
AND and OR rules were tested. The AND rule should mainly improve the precision and
the OR rule the recall. The results are shown in Fig. 6.4.

All the possible combinations of the thresholds τBoW and τRGB were tested and the
highest precision for each recall point was selected. The BoWmethod clearly outperforms
the baseline method using RGB colour histograms. However, it is evident that combining
the two still improves detection performance remarkably.

The most problematic situations are presented in Figs. 6.5 and 6.6. Although most of
the TRECVid test material performed well in practice, there were a few videos with a few
serious misclassi�cations. The missed real cuts in Fig. 6.5 show similar scenes with a lot
of similar features. In a) The bewel area causes major similarities between frames so that
the contents are ignored, in b) the similar features such as text, person and background.
In c) and d) the majority of the features are located on the borders and thus cause a
missed cut.
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Figure 6.4: TRECVid comparison with the baseline method and with the hybrid
of the two methods.

The outliers (detected cuts which are not really cuts) shown in Fig. 6.6 for the shot
boundary detector are mostly found in dark or exceptional scenes. In a) and b) the false
positive detection was caused by the slow gradual transition. In c) there was a �ashing
logo on black background which was causing strong di�erences between frames. In d)
the lack of features in a dark scene caused the small increase of non-dark elements to
register as a cut.

Some of these problems were not a�ected by the RGB histogram approach due to the
global nature of the feature. The RGB histograms were tolerant to local instability such
as dark scenes and static backgrounds. However, the RGB approach produces a lot of
outliers and lacks precision. As shown, combining the approaches improves the detection
results remarkably.

6.4 Application: supervised video summarisation using bag of
features

As explained in Chapter 5, the purpose of the video summarization is to provide a com-
pact and informative representation of the original video. In this work, the main interest
is in home videos. The algorithm presented is a hierarchical redundancy elimination
method, where the redundancy is de�ned as short shots and major camera motion. In
other words, the shortening algorithm avoids fast camera motion which usually means
fast moving camera in home videos. It is presumed that the least motion means that
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(a) (b)

(c) (d)

Figure 6.5: Some missed cuts with the proposed method for the hardest videos:
BG_14213 and BG_36628.

(a) (b)

(c) (d)

Figure 6.6: Outlier cuts with the proposed method for the hardest videos:
BG_14213 and BG_36628.

something important is �lmed. As such, the method does not work as well with profes-
sional and stable video material. The work is strongly application-oriented, by providing
an online application to generate video skims. The subjectivity of the topic has been
shown to be very challenging to be evaluated by many authors and usually the works
are evaluated by lengthy user studies. The user studies help to verify and improve the
algorithm, but do not work for comparisons against other methods in the �eld. Also,
it is di�cult to obtain a statistically large enough interviewing group. Due to the time
limitation, only minimal subjective evaluation is presented in skimming results.
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6.4.1 Overall work�ow

The main skimming procedure presented follows the work of Cooper et al . [21] as the
method proposed here is de�ning a similar redundancy minimization algorithm. However,
the higher level de�nition di�ers and it is similar to the graph-based works by Ngo et
al . [19]. Similar hierarchical works are done by Kang et al . [51], where a hierarchical
model was applied, but they utilized GMM for learning the type of the camera motion.

The �rst step in the work�ow is to acquire a set of useful features for making the decisions
upon importance of di�erent parts (shots) of the video. The features considered impor-
tant in method are the parts with the least camera movement. This is due to the nature
of home videos as people usually keep the camera steady while �lming the important
scenes. Here, the camera movement is estimated by comparing the feature histograms
between frames. The presented method utilizes the output of the Bag-of-Words (BoW)
based shot detection algorithm presented in Chapter 6. The method uses local features
from each frame to determine the similarity between consecutive frames, detecting the
abrupt changes and thus, the shot boundaries. The rationale behind the usage of local
features in skimming is that local features, or more precisely, the BoW approaches are
shown to be e�cient in image classi�cation and detection tasks. This is also important
for future extensions, as local features can be utilized in many higher level image pro-
cessing tasks, as face detection and recognition. The local features have been utilized
in video summarization context by many authors [71, 25]. However, most of the work
concentrates on the usage of low level color histograms [47, 127], edge detection [127],
some form of motion information [47], or any combination of these features [127, 47].

The most similar approach to the method presented here is made by Cunha et al . [25].
They utilized three di�erent methods to generate the initial summaries and �nally com-
bined them to create a summary which minimizes redundant information. The three
methods were: BoW with SIFT, BoW with Hue-SIFT [118] and STIP [62]. However,
they approached the redundancy elimination from a di�erent perspective by selecting the
relevant segments using the representative groups from k-means clustering.

6.4.2 Shot hierarchy

The presented method uses a hierarchical structure extracted from the local feature based
shot detection algorithm. The approach for hierarchical skim generation is presented in
Alg. 6.2. First, the BoW shot detection method is used to construct a hierarchical model.
The di�erent levels of the hierarchy are acquired by decreasing the threshold tj . The
shots are selected by thresholding the di�erence curve presented in Fig. 6.7.

The intervals between the highest peaks de�ne the shots which are inserted into the
hierarchy. The thresholding starts at the top which produces the least shots (minimum
2). The treshold levels are adjusted automatically by selecting the next threshold which
produces two times fewer shots than the previous threshold. The top level is one shot,
which is further divided until there is at least tn shots to accommodate the required total
length of the skim τl. Next, the shots are generated for all threshold levels in t and the
hierarchical skim model is generated. The model generation is shown in Fig. 6.8.

After the generation of the hierarchical model, the overall process is simple. The �rst
step is to �nd an appropriate set of shots from which the user can select the relevant
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Algorithm 6.2 The hierarchical skim generation.

1: Load frame distances d using Alg. 6.1
2: Initialize the hierarchy vector rit.
3: for all Thresholds t do
4: for all Distances d do
5: if di ≥ t then
6: Store the shot into rit.
7: end if
8: end for
9: end for
10: Initialize the selected shots set s
11: Initialize number of shots ns
12: Initialize thresholds: length τl and shots τs
13: Acquire the user input: weights w for shots
14: Select the highest threshold t
15: while length s ≤ τl and τs ≤ ns do
16: Set weighted shot: writ = length(ri)× wi
17: Select the longest weighted shot max(writ)
18: if the total length of skim is over τl then
19: Next hierarchy level t = t+ 1
20: Select the next highest threshold max(rit)
21: end if
22: end while
23: Generate the �nal skim by using the set of shots from s

Figure 6.7: The di�erence curve for Pro�essor's day video (78000 frames in
total).
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Figure 6.8: The hierarchical model used by the summarization method. The
selected threshold level is highlighted.

shots to be included in the skimming process. This is achived by �nding a threshold
level which produces the required amount of shots. For example, in Fig. 6.8 the selected
threshold level is shown with gray background. The threshold level of the hierarchical
model is found by breadth-�rst search, limited by the depth of the model. Next, the
shots are entered into the skimming process to check if the selected shots are short
enough to generate the skim. If not, then the shot with the longest length is divided by
the hierarchical model so that the next longest sub-shot can be selected. This process
will be continued as long as there is a sub set which is shorter than the total length of
skim τl.

When the selection of shots is �nished, the summarization process is brought to the last
step - rendering. The selected shots are rendered together using a user-speci�ed transition
such as fade-in/out. Other user-controlled options include di�erent color modi�cation
schemes, similar to the popular online image service instagram 2.

6.4.3 Examples

The examples section contains experiments with the proposed home video video summa-
rization method. Most of the topics discussed in this section are very subjective in nature.
The experiments were conducted on a typical home video: unplanned and shaky �lming,
low-quality imaging (strong interlacing), large amount of transitions with a few spots of
important content for the user. The visual overview of the Professor's Day video can be
seen in Fig. 6.9. The video contains situations from the morning until the end of the day,
�lmed by Joni Kämäräinen from Lappeenranta University of Technology. Another video
selected for the experiments was Wedding material produced by Kymenlaakso University
of Applied Sciences. The wedding video material does not have any problems with shaky
camera movement, but has a lot of dark scenes with �ashing lights which are problematic.

2http://instagram.com

http://instagram.com
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Table 6.1: The numerical representation of the contents of Proferssor's Day
video.

Type of material Number of frames Percentage
Ignored/junk 27169 34.8%
Transitions/�ller 22516 28.9%
Relevant/zoomed-in 28223 36.3%

The visual overview of the Wedding video can be seen in Fig. 6.10. The video contains
basically three scenes: inside the church, outside the church and the reception.

For quantitative measurement, the videos were annotated manually. The annotation
was made by utilizing the publicly available open-source video software Avidemux 3 and
Kino 4. The annotation is a list of frame ranges with a score on how relevant this moment
is for the topic of the video.

The numerical representation can be seen in Table 6.1. The Professor's Day home video
has 1/3 of redundant information which is not desired to be included in skims. The
majority of the video material was transitions: walking/driving between places or content
is relevant to the topic of the video: �A day in a professor's life�. The relevant video
material is not automatically an indication of �enjoyable� viewing experience: the relevant
video material contains a lot of �still moments� such as watching the computer screen.

Figure 6.9: Overview of the contents of the professor's day video.

The proposed method uses the shots detected with the Visual Bag-of-Words as a starting
point for the skim generation. The ideal situation for the skim generation is to have all
relevant information within the skim. As such, the user needs to be able to select all shots
containing important information. However, every shot selected for the skim generation

3http://fixounet.free.fr/avidemux/
4http://kinodv.org/

http://fixounet.free.fr/avidemux/
http://kinodv.org/
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Figure 6.10: Overview of the contents of the wedding video.

is bound to have some redundant video material. An experiment with annotated data
was made to estimate how many shots would be enough to provide as much relevant
frames as possible. In Fig. 6.11, the ratio between the shots and redundant frames for
the annotated Professor's Day video is shown. It can be seen from the �gure, if the
user is given 200 shots to select from and the user selects all shots containing relevant
information for him, the user will receive all frames of interest, but also 10,000 redundant
frames (12%). Interestingly, there is not much di�erence when selecting only relevant
data or relevant data with transitions.

From the application point of view, the number of primary shots presented to the user
is not allowed to be too high. Already 100 UI (User Interface) items is considered to
be a cluttered view in UI design [96]. However, it is unlikely that the end-user wants
every frame annotated as relevant, and thus, the resulting skim is forced to have some
amount of irrelevant frames. This is visible in Fig. 6.11, as the number of frames with
irrelevant data is never zero. Naturally, if 300 shots were provided for users it would be
possible to select much better set of shots, but the user experice would su�er. Although
justi�ed, the presented numbers do not translate very well to real life situations, as they
only present a subjective evaluation. During the practical evaluation, it was found out
that 20 shots provide adequate results. This �nding showed that the irrelevant content
is seen as appropriate in many cases.

The video summarization produced by the method is illustrated in Fig. 6.12, with the
parts removed from the video in Fig. 6.13. The 52-min long video was processed into
a 60 seconds long summarization by providing the user 20 shots to select from. After
processing the selected shots, the generated video summary contained: 41% relevant
frames, 45% transitions and 14% unwanted frames. Another example, the Wedding
video, was also processed into a 60 second long summarization. The original length of
the Wedding video was 59 minutes and it contains 89151 frames. A subset of the frames
included is shown in Fig. 6.14. The frames removed from the video are shown in Fig. 6.15.
By providing more shots to select from, the quality of summarization can be improved.
In addition, the users found that lowering the speed of the skim (about half-speed) and
adding slow music produced the best result.
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(a) (b)

Figure 6.11: Irrelevant frame ratio. The data has a) all transitions and ��ller�
b) only ��ller�.

Figure 6.12: Example summary produced by the summarization method.

Figure 6.13: Samples of content which the method classi�es as redundant.

Figure 6.14: Example summary produced by the summarization method.

Figure 6.15: Samples of content which the method classi�es as redundant.
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6.4.4 Online application

To demonstrate the method, an online application was developed. The online application
utilizes HTML5 document de�nition with Javascript language to communicate with the
server software. The server software is a RESTful Web Service written in PHP5, which
takes care of user logins and skim generation process. The application is shown in
Fig. 6.16. The application allows users to upload videos to the server and run the
proposed summarization method. After the upload, the shot detection algorithm is
automatically run on the provided video. The overall process of the online application
is:

1. Login to the service

2. Upload video

3. Select the shots which are included into the video skim

4. Select the background music or the length of the video skim

5. The video skim generation process

6. Viewing the generated video (and possible rating)

The users are allowed to select the way the skim is generated: by selecting the shots,
providing the background music or length of the video skim. By selecting any provided
music track, the length is �xed and can not be changed. Some people have used the
system for visualization purposes as it gives a good overview of the video content in the
shot selection phase. The overall processing time for one hour of video is approximately
1.5 hours. The results are satisfactory but can be improved with higher level processing:
e.g. object or face detection and color normalization.

6.5 Summary

In this chapter, a novel Bag-of-Words based approach for shot boundary detection was
introduced. The well established TRECVid evaluation framework with over 6 hours of
annotated videos was used for the experiments and the results showed improved results
over the baseline color histogram approach.

The more interesting result arose from the fact that the local feature based approach
(BoW) was complementary with the results by the global description, namely the color
histogram. The best results were achieved by combining the local and global description
by AND rule. This means that the high number of outlier results by color histogram
method were �veri�ed� by the SIFT features which had high precision but low recall
rates. Further, the codebook related reseults are noteworthy as it is evident that using a
codebook size higher than 100 is not recommended with just 6 hours of video. Further-
more, the results with the general codebook showed low performance rates, leading to
the assumption that codes generated with random images are not enough to di�erentiate
small changes between frames.
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(a)

(b)

Figure 6.16: The online application. a) starting screen, b) shot selection phase.

The strong point of using local features is that the large amount of computer vision
methods such as face and object recognition can help detect higher level features. As
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such, it is a feasible future work of this method.

Additionally, in this chapter, a general video summarization method was introduced. The
method uses shot boundary detection algorithm based on the visual Bag-of-Words and
generates video summaries by hierarchical approach. The hierarchy is utilized to generate
a skim from the shots selected by the user. The number of shots given to the user is
�xed by a given threshold level in the hierarchy. In the examples, the number of given
shots was 20. The skim generation process uses the user selected shots to generate the
video summarization. The algorithm selects the most �tting shot from the hierarchical
model given the required time.

Based on the examples selected in this chapter, the resulting skims are forced to contain
some redundant video material. The reason is that, the method uses shots as a basic
unit in the skim generation and shots themselves are forced to contain some amount of
redundant information. Based on the annotations made by a volunteer, the threshold
level which produces 300 shots should proved the best results. This is problematic from
the practical point of view, as the user studies and UI proposals suggested that selecting
relevant moments in videos becomes cumbersome with more than 100 shots. It is impor-
tant to mention that the numbers presented here are highly subjective and re�ect the
nature of the video. The video summarizations created with only 20 shots presented to
users already provided satisfactory results.

Future work should concentrate more on user-surveys based on the enjoyability of the
resulting videos. The initial work towards this goal has already been done as an easily
accessible online application has been created. The resulting feedback is then used to
further evaluate and improve the proposed method. Another interesting goal for future
work is the utilization of local features. The method only uses local features for skim
generation in the shot generation phase, but local features could be easily applied in
face or object detection and recognition. The current method is able to detect the scene
change, enabling scene related processing such as white balancing.



Chapter VII

Discussion

In this thesis local features and their various applications were investigated. Four ma-
jor contributions were made: 1) evaluation of the local features, 2) image alignment, 3)
shot detection and 4) skim generation. The commonly used local feature detectors and
descriptors were presented in Chapter 2 and it was shown how the common local fea-
ture detectors and descriptors have evolved over the last decade. The current emphasis
is in improving computational performance of the existing methods by applying GPU
techniques and introducing low-lever binary features. In Chapter 3, previous work was
presented and it was shown that there is a strong emphasis on the evaluation of the local
features in wide baseline stereo applications. The evaluation framework in the object
categorization context and the important �ndings regarding the evaluation are the �rst
major contribution of this thesis. With the presented Coverage-N metric, important
results were presented: not only the local features seem to perform better with more
detected features, the local feature descriptors also have interesting properties. This
direction is already seen in the mainstream VOC approaches as the methods use dense
sampling. Also, the importance of the multiple assignment of features was demonstrated
in the results - an aspect which is not widely utilized in the mainstream object detection
approaches. Therefore, based on the �ndings in this thesis, the better matching local
features (less false positives) or higher number of local features should be utilized and
examined in the object detection tasks.

The second important contribution was the image alignment method presented in Chap-
ter 4 utilizing the local features and the multiple assignment of the features. The rel-
atively simple algorithm was able to align images based on the common local features
found over a set of object-class images. Not only does the presented method provide good
alignments, the general idea can also be utilized in other applications, such as improving
the object detection approaches. The results show that the local feature based approach
clearly outperforms the pixel-based method for being �exible with objects in arbitrary
alignments. Future work on the local feature based alignment should concentrate on lim-
iting the available transformations or improving the matching performance of the local
features. By limiting the transformations, the overall precision should increase as the
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false positive feature matches would be ignored. Naturally, by increasing the quality of
the features, the results of the automatic alignment would improve as the feature maches
are more often correct.

In Chapter 6, the local features were applied to the temporal space of videos. In terms of
computing power, the problems posed by videos are very di�erent from those posed by
images. In particular, with over 90,000 frames of image data to process, the performance
of the selected method is important. The video shot boundary detection using the Visual
Bag-of-Words was the third major contribution of this thesis. The Visual Bag-of-Words
method, which is a widely utilized approach in object detection, was examined in shot
boundary detection. Not only did the Visual Bag-of-Words provide notably improved
results against the baseline color histogram based approach, but it also showed insight
into the BoW method in this context: The experiments showed that a small codebook of
just 100 features was enough although the mainstream object detection uses codebooks
of size 1000 or larger. Another important result was the di�erence between a codebook
generated using random images and the codebook generated using the video frames.
The performance dropped dramatically when using the �general� codebook. The results
showed that the small di�erences between the consecutive frames are impossible to detect
with a general codebook. Another important �nding was the complementary nature of
the BoW and RBG histogram features in shot detection. The complementarity itself
suggests possibilities of combining the global and the local image features to improve the
precision of the existing object detection and classi�cation methods.

Another important contribution, the skim generation, was presented as a part of Chapter
6. The presented method builds upon the BoW shot detection method introduced in
Chapter 6 by utilizing the produced shots in a hierarchical manner. The method was
supervised by the user to produce relevant summaries of the source material. The user
has the possibility to ignore the shots containing too much redundant material and
thus produce a higher quality skim. Eventhough the video frames included in the �nal
skim are all relevant, the overall viewing experience might still be unpleasant. This
aspect of the evaluation requires user studies and professional evaluation to be con�rmed
and it is the one lacking quality in the current evaluation practices. Nevertheless, the
proposed method and the available online application can lower the threshold for creating
summaries for home videos and the results have been con�rmed by users even if the results
are not perfect. The possible improvements for the skim generation algorithm contain
many of the existing approaches which utilize the local features: e.g. motion detection
and face/object detection/recognition. The usage of the audio is another important
aspect of the skim generation which was only slightly explored during the implementation.

In conclusion, this thesis veri�ed local features as a powerful tool in many applications.
The most intriguing future work would be the improvement of the local features: Every
main contribution in this thesis would bene�t from higher quality local features for object
detection. Another limiting aspect of the local image features shown in this thesis is the
speed: the local features in video processing are slow to compute, which is unacceptable
in consumer-level applications.
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