
Interpreting Camera Operations in the Context of 
Content-based Video Indexing and Retrieval 

par 

Wei Pan 

mémoire présenté au Département d'informatique 
en vue de l'obtention du grade de maître ès sciences (M.Sc.) 

FACULTÉ DES SCIENCES 
UNIVERSITÉ DE SHERBROOKE 

Sherbrooke, Québec, Canada, avril 2006 



Le 26 avril 2006 

le jury a accepté le mémoire de Mme Wei Pan dans sa version finale. 

Membres du jury 

M. François Deschênes 
Directeur 

Département d'informatique 

M. Djemel Ziou 
Membre 

Département d'informatique 

M. François Dubeau 
Président-rapporteur 

Département de mathématiques 



ABSTRACT 

Video is a medium of increasing popularity and widely used in many areas. However, 

classifying or retrieving video data by keywords or filenames is not suffi.dent in many 

situations. Moreover, it can yield unpredictable results. For example, when people use 

"kitten" as a keyword and want to find some video sequences that include a kitten, the 

output result may include sequences of a pop band called "atomic kitten" . Hence, the 

concept of content-based video indexing and retrieval (CBVR) is introduced and becomes 

a challenging problem. Existing CBVR techniques can be classified in three classes de-

pending on what features they use: low level ( e.g. pixels level: colors, edges, etc.), mid 

level and high level (e.g. concepts). Most of the works in the literature deal with low-level 

features. Only few works try to bridge the gap between low and high level. In this work, 

we intend to go one step further in that way. More especially, our work achieves a new 

technique to index and retrieve videos based on both the apparent motion and defocus 

blur. From those low-level features, we estimate some of the extrinsic and intrinsic cam-

era parameter changes, and then deduce camera operations, such as panning/tracking, 

tilting/booming, zooming/ dollying and rolling, as well as focus changes. Finally, camera 

operations are recorded into an index which is then used for video retrieval. Experiments 

confirm that the proposed mid-level features can be accurately deduced from low-level 

features and that they can be used for indexing and retrieval purpose. 
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Chapter 1 

Introduction 

Video is an efficient medium for capturing events of the world around us. Over the last 

five decades, video has become a major source of entertainment for most of us. It has 

been proven that video is also a suitable medium to show complex and dynamic concepts 

that can not be easily explained or demonstrated using text or other media. N owadays 

the combination of video and computers has broaden the scope of information that the 

computer can process and enhanced some existing applications. For example, distance 

education uses video conferencing to teach courses online [93]; government or business 

utilize video surveillance system to improve security [18]; and video is also used into 

games [108, 100]. However, it is unfortunate that the benefits of such video materials are 

often impeded by the fundamental difficulties with information indexing and retrieval. If 

one is trying to locate specific information on a video source, fin ding it can be a process 

that is not only time consuming and tedious but also frequently unreliable. For example, 

if we type "basketball game" in the search engine of "Google Video" we may expect to 

find video segments about the basketball game. But videos of meetings, book conferences 

and interviews, which are not necessarily related to our interest, are also listed as retrieval 
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results. This is due to the fact that such a searching tool uses text ( e.g. file name, text in 

the web page) as an indexing eue. To overcome such a limitation, video retrieval systems 

are confronted with the problem of defining similarity between video data which is a 

great challenge since it depends on both the application and the user. To address this 

issue, the systems usually gather key information directly from video in order to allow 

users to make queries based on similar video features. Content-based video indexing and 

retrieval hence become a challenging and important problem as confirmed by research 

deployed in this area in the past few years (116, 81, 99]. 

Content-based Video Retrieval ( CBVR) describes the process of retrieving desired videos 

on the basis of video content and ranking results according to the level of their relevance 

to the query. It appears like a natural extension ( or merge) of both Content-based Image 

Retrieval (CBIR) and Content-based Audio Retrieval (CBAR) systems in which a number 

of factors related to the changes of content as a fonction of time are simultaneously taken 

into account. In CBVR techniques, video sequences or their key-frames are first processed 

to extract features. These features can be grouped into two types: low-level and high-

level (semantic). On the one hand, low-level features correspond to visual features such 

as color, texture, shape, etc.. On the other hand, semantic features are linked to concepts 

such as events, state, feelings, etc .. The extracted features are then represented, organized 

and stored in a database along with the video sequences. In the retrieval process, the 

system analyzes a query, extracts the associate feature vector and then performs a search 

process. The search process is carried out by computing the similarity between the feature 

vector of the query and those of the video sequences stored in the database. Finally the 

measurement of similarity is used to sort candidates and create a list of results. 

Retrieving video content using low-level features alone is not adequate to capture the 

semantics of a visual or acoustical content of video. As we know, video is not just a 

collection of images. It is an evolution of temporal relationships. However, most of the 

contributions to content-based video indexing and retrieval have been in the direction 
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of modelling visual content by using low-level features [13]. Only few researches try to 

overcome the difficulty that lies in the gap between low-level media features and high-level 

concepts [80, 89, 117, 13]. The research work presented in this paper intends to make a 

step forward in order to establish a connection between both geometric and radiometric 

deformations and the semantic characterization of them. For this purpose, two low-level 

features of video sequences are used to infer camera operations, that is mid-level features. 

One is the apparent motion and the other is defocus blur. Motion features of a video 

sequence provide access to the temporal dimension, and are hence of key significance in 

video indexing and retrieval. Defocus blur provides eue about focus changes and thus 

about possible changes of region of interest. In our approach, from those two features, we 

first estima te camera motions ( e.g. panning/tracking, tilting/booming, zooming/ dollying 

and rolling) and focus changes for every pair of frames, and then model, index and query 

video data in order to support content-based access. Specifically, each frame in the video 

is labelled with qualitative camera motions and apparent focus changes. Experimental 

results for indexing and retrieval videos show that our method is useful and feasible. 

The remaining chapters are organized as follows: chapter 2 reviews much of the related 

work that has been done regarding content-based retrieval. It emphasizes previous works 

on indexing and retrieval based on both low-level and high-level features. Chapter 3 

presents our approach. Chapter 4 lists and analyzes the results we get. Chapter 5 

concludes this thesis and discusses future work. 
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Chapter 2 

Related Work 

This chapter presents a review focused on existing techniques of content-based video 

indexing/retrieval, and more especially on the use of motion as a eue for middle and 

high-level semantic content extraction. Notice that as far as we know, none of the 

existing techniques use defocus blur as an indexing eue for video sequences. The chapter 

first presents an overview of existing retrieval techniques using low-level features ( e.g. 

color, texture, etc.). Details about techniques that use middle and high-level (semantic) 

features for video indexing and retrieval are then presented. 

2.1 CBVR Based on Low-level Features 

In content-based video retrieval systems, features related to pixel level information are 

used to represent the low-level content of the video. They are commonly grouped into 

feature vectors from which we can estimate a degree of similarity between video sequences. 

In what follows, we will first introduce some basic features that are often used in video 

indexing / retrieval. Then we give a review of existing techniques using these features. 
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2.1.1 Basic Features 

Inspired by content-based image retrieval (CBIR) techniques (e.g. [90, 97, 88, 23], etc.), 

several visual features that have frequently been adopted are color, texture and shape. 

These features can be extracted from a subset of images ( e.g. key-frames) or from all of 

the images in a shot. 

Color 

Color is an important eue for measuring the similarity between visual documents. Re-

trieval from image database using color was one of the earliest content-based retrieval 

methods [119, 90, 114, 68]. For example, the color histograms are often used to represent 

this feature. The color histograms describe the distribution of global colors in each image 

and they can be computed by first identifying all of the colors within the image and then 

counting the number of pixels of each color [63]. 

Texture 

Texture is recognized as an important property of images [123]. It is often used in 

CBIR system [90, 50, 109, 55]. Textures are usually characterized in terms of coarseness, 

contrast, directionality, linelikeness, regularity, roughness (based on psychological stud-

ies) [120]. These characteristics are often represented by co-occurrence matrices, Markov 

random field texture models, wavelets, Gabor texture features, etc. 

Shape 

Dominant objects are often represented by their shapes. Shape-based retrieval or index-

ing usually uses geometrical features ( edges, skeleton, convex hull, ... ) [104, 6]. Methods 

based on Fourier Descriptor (FD) can also be involved [132]. In general, shape repre-
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sentations can be classified into two categories: boundary-based and region-based. The 

first one describes the considered region using its external characteristics (i.e. the pixels 

along the object boundary) while the second one represents the considered region by its 

internal characteristics (i.e. the pixels contained in the region). Several shape descrip-

tors were developed in the two categories. Among those, we may cite area, compactness, 

bounding box for the region-based category, and perimeter, orientation, curvature for the 

boundary-based category. 

Temporal Variations: Motion Vector 

Temporal variation induces apparent motion, an important eue in video sequence. Ap-

parent motion corresponds to the projection of relative 3D motion between the camera 

and the objects on to the image plane. It is usually described by vectors and it is char-

acterized by position and velocity. The combination of all of the motion vectors of a 

given point intime can also be used. It is called "2D trajectory". Several methods for 

calculating motion vectors from video have been proposed [12, 14, 75]. 

2.1.2 Overview of Existing Techniques 

Approaches Based on Features Inspired by CBIR 

Smith and Chang [111] introduced an image and video search engine, WebSEEk, which 

utilizes both text-based navigation and content-based technology. The video is separated 

in segments of one second and key-frames are extracted from the segments using frame 

change detection. In this search engine, color is extracted as the indexing feature and 

distance between two color histograms are defined. During retrieval, the user initiates a 

query by choosing a subject from the available catalogue or entering a topic (i.e. textual 

query). The searching result is a list of coarse videos as animated samples of the original 
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video. The user then has the possibility of manually modifying an image/video color 

histogram before reiterating a search. 

Smith and Chang [113, 114, 115] extended WebSEEk in order to add color region fea-

tures and texture to produce a image and video retrieval system VisualSEEk for the 

web (World Wide Web). This system provides two approaches for querying by color: by 

region color and by global color (the same as WebSEEk). Querying by region color is 

based on color sets which are an alternative to color histograms [112]. For each region, 

the color set is recorded and the region area and location are measured. To represent 

texture, VisualSEEk utilizes a texture histogram that is derived from spatial-frequency 

channels (Wavelet transform) [110]. 

Alshuth et al. proposed a system called ImageMiner [6] for video retrieval. ImageM-

iner is an extension of IRIS (Image Retrieval for Information System) [5, 4, 3]. This 

system first detects the shots from the video using a histogram-based method and com-

bines the key-frames in a shot into one mosaic image. Then color, texture, contour-based 

shapes and objects are extracted from it. Each color or texture are represented by rect-

angles which give the specific region information about them. Attributes like size and 

position are assigned to these rectangles. Contour-based shapes are described by first 

connecting edge points and then computing shape parameters such as the coordinates of 

the center and the size. This system can also recognize simple abjects by comparing the 

previous generated features ( col or, texture and shape) with the do main know ledge stored 

inside a thesaurus. Finally all of the attribute values of color rectangles, texture rectan-

gles, shapes and detected objects are stored as a textual annotation of video database. 

U sers may hence define queries by specifying features with their approximate size and 

position or simple objects. 

Alaya Cheikh et al. [30, 121] developed MUVIS (MUltimedia Video Indexing and re-

trieval System). The first version mainly deals with image indexing and retrieval based 

on visual features, such as color, texture and shape. MUVIS [48, 70, 53, 47] was re-
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cently extended. It is now capable of content-based indexing, browsing and retrieval of 

video, audio and image information. MUVIS framework is based upon 4 application, 

AVDatabase (for audio or/and video database creation), IDatabase (for image database 

creation), DbsEditor (for indexing multimedia database) and MBrowser (media browser 

and retrieval application). Features (i.e. color and texture) of video clips are extracted 

from the key-frames and each features is represented by normalized feature vector which 

is stored into their associated feature files. Queries can be made by combining those 

features with the user-defined weights. 

Approaches Based on 2D Motion 

Fablet and Bouthemy [44] suggested to manage video sequences by extracting global 

motion-based features which are expressed as a probabilistic model [21]. First they 

cancel the camera motion by wrapping the successive images to the first image of the shot 

through the combination of the successive estimated elementary dominant motions. Then 

they defined local motion-related measurements from apparent motion and the derivatives 

of the intensity fonction in the wrapped image. The spatio-temporal distributions of these 

measurements are modelled within a causal Gibbsian framework [21]. The resulting 

motion indices were clustered in a ascendant hierarchical classification (AHC) scheme 

[37, 82]. It expresses similarities based on Euclidean norm metrics in the feature space. 

U sers can easily exploit the computed hierarchy for retrieval with query by example. 

Bruno and Pellerin [22] introduced a motion-based video indexing and retrieval technique 

using motion Fourier series expansion. First dense optical flow between two frames is 

computed from the image derivatives. The 2D Fourier series expansion of these optical 

flow is then estimated. They suggest that the mean of Fourier components for a given 

frame provides a relevant motion-based feature vector for the entire sequence. Retrieval 

using query by example procedure can then be used. Notice that the authors mention 
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that this model has failed to express motionless background. 

Yu and Zhang [131] proposed a region-based approach to index video based on short 

term motion. A dense optical flow is estimated for each frame pair. Then an affine 

model-based region growing method is used to segment this dense optical flow field into 

regions with different motion models. Each segmented region's affine model parameters 

and region size are extracted to forma vector. To index a given frame pair's region, vector 

quantization is applied to map the vector value to a symbol (a set of code book). Then 

the whole frame pair could be represented as a combination of these symbols. During 

the retrieval, the user issues a query frame pair. The query is analyzed and compared to 

the mapped symbols of frame pairs in the database. 

Peker et al. [96] used the low-level block motion vectors from MPEG 1/2 coded stream 

to distinguish motion information (i.e. 2D object motion and 3D camera motions) from 

video data. Two factors are considered. One is the average magnitude of block motion 

vectors (acta) of each frame and the other is the average temporal derivative of block 

motion vectors ( act1). acta is sensitive to global motion ( e.g. camera pan) and objects 

moving very close to camera. On the contrary, act1 is more sensitive to unsteady motion 

such as the fickle motion of a non-rigid object in close-up. They demonstrate that, 

by using acta or act1 or both together, their system is able to distinguish 2D object 

motion and 3D camera motion. This system give applications for video browsing through 

basketball and soccer sports video and video retrieval in news, sports, entertainment, 

education, etc. using acta, act1 and (acta - act1). 

Another way of representing motion is by using the concept of 2D trajectory. It is the 

combination of all of the 2D motion vectors of a given point in time. A 2D trajectory 

can thus be presented by a set of 2-tuple {(xk, Yk)k = l, 2, ... , n} where (xk, Yk) is a pixel 

position in k-th frame. 

Based on this representation, Ioka and Kurokawa [62] introduced a technique that use the 

2D-trajectories of blocks. They first partition each frame into rectangular blocks. Motion 
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vectors are derived using block matching. These extracted motion vectors are mapped 

into spatio-temporal space (x -y-t) and the motion of each block is then represented as 

one vector in the feature space. The resulting 2D trajectories are stored in the database. 

The query uses an interactive query specification mechanism which allows the user to 

enter a motion trajectory. The specified trajectory is matched with the trajectories of 

the sequences in the database using the sum of the Euclidean distance measurement. 

Sahouria [102] suggested to index surveillance video based on the motion of abjects 

in the scene. First they proposed to segment objects using a segmentation algorithm 

proposed by Gu and Kunt [51]. Then 2D trajectories of these objects are extracted from 

motion vector field by a tracking program and are presented as two vectors that are the 

projections of motion versus time onto x-, y-projections. The Haar wavelet transform is 

computed separately for the two vector. Then the first eight coefficients of the projection 

transform are stored as key in an index. Hand-drawn queries can be submitted to the 

system for searches. 

Shan and Lee [106] proposed to measure the similarity between a query trajectory and 

moving object's trajectories by using only directional property of motion vectors. In 

order to represent the multiple moving object's trajectories, they simple use the 2D 

string scheme proposed by [28], and multiple moving object's trajectories that consist of 

a set of symbol abjects are presented as a 2D string. 

Gu [52] used the 2D trajectory curve and speed curve to describe the motion of objects. 

They identify abjects manually. The points with maximum curvature from curves are 

extracted as index features and presented by a linked list stored into the indexing tree. 

During retrieval, the system reads the query sketch and the link list of points with 

maximum curvature of the query sketch is obtained. The similarity between sketch and 

traj ectories is measured by the similarity of the linked list. 

Khokhar et al. [69] proposed a system that provides two approaches for indexing. One 

way is to use x and y projections of the trajectory as index. Query by sketch and query 
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by example are performed. The other way is that firstly segments the trajectory into 

smaller segments called subtrajectories based on method of the curvature zero-crossing. 

Then PCA coefficient of these subtrajectories are stored as indexing features and a two-

level measurement technique is represented as the matching method. 

Jeong and Moon [65] introduced algorithms for video retrieval using trail model and 

trajectory model. In the trail model, they only captured the path of moving objects 

over a sequence of frames and create a trail image for each video clip. The distance 

between the trails of query image and database image is performed using the distance 

transformation [19]. In trajectory model, by considering moving direction and speed, 

they quantize object motion into a new coding scheme as Motion Retrieval Code. It is 

efficient to compute the similarity between two motion vectors, using a few bit operations. 

Combination of 2D Motion and Features from CBIR 

Flickner et al. developed the QBIC ( Query by Image Content) system [46, 90, 10] 

which includes both content-based image and video retrieval methods. Key-frames are 

generated for each shot and treated as still images from which features ( color, texture, 

shape) are extracted and stored in the database. The system also provides a layered rep-

resentation [125] to analyze the motion. Each shot is divided into a number of layers and 

every layer has its own 2D affine motion parameters and support regions. The distance 

between corresponding features is defined as a weighted Euclidean distance, where the 

weights are the inverse variance of each feature. Queries by colors, by textures, by shape, 

by sketch and by examples are allowed. 

Ardizzone et al. [8] proposed a system that automatically splits a video into a sequence of 

shots using neural-based method and extracts a few representative frames (key-frames) 

from each shot based on specific heuristics [24]. Color (i.e. color histogram in reduced 

RGB color space) and motion features (i.e. magnitude and dominate direction of flow 
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field) are represented for each key frame. When performing a quantitative query by mo-

tion, for each quadrant, users have to select motion magnitude (µi E (0, 1) ), dominant 

direction ( Bi E ( -180°, 180°) ) and the number of key-frames n from system interface. 

The n key-frames that best match the user query are selected from database. This sys-

tem has been extended [24, 7] in order to quantize color features using the histogram in 

the HSV color space and to include the use of texture as a retrieval factor. In addition, 

these two systems also provide a qualitative motion query. Because they uses mid-level 

features we will discuss it in section 2.2. 

Hamprapur et al. introduced the Virage Video Engine (VVE) [61, 54] which relies 

on some default sets of primitives, that is some sets of vectors containing information 

related to specific categories of image features. These default primitives represent color 

( using global and local distribution in HSI space), shape ( using shape characterization 

techniques), texture ( using high-frequency features within the image) and motion ( using 

optical flow). Especially the motion primitive transforms optical flow information into 

a internal intermediate representation that might induce some higher level feature (see 

section 2.2). The Virage engine splits video into video shots and extracts key-frames 

to represent the visual content of these shots. For each key-frame, the primitives are 

computed and stored. When a query is made, they are used in conjunction with distance 

fonctions which are defined inside associated primitives. 

Chang et al. created a web-based video retrieval system ( VideoQ) [27, 26] where the 

user queries the system using animated sketches. They suggest to generate some video 

objects, a collection of regions exhibiting consistency ( e.g. color, edge, motion) across 

several frames ( at least one frame), and then track them through other frames. Each 

video object is stored into a feature library as { attribute, value} pairs. The attribute 

includes color, texture, motion and shape. Motion of a video object is represented as a 

list of N - 1 vectors ( N is the number of the frames). The system also stores the frame 

rate of the video shot sequence and hence establishes the "speed" of the object as well as 
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its duration. When the user sketches out the trajectory in the motion trajectory interface 

(x-y plane), entire trail is computed by modifying the duration (i.e. frame rate). They 

propose two major modes to match trails: in the spatial mode and in spatio-temporal 

mode. Finally the lists of candidate video shots are generated for each abject specified in 

the query. Then they are merged to form a single video shot list. For each of video shots 

in the merged list, key-frames are dynamically extracted and the match abjects are high 

lighted in the returned key-frames. 

Manjunath and Deng [76) presented a system for MPEG compressed video based on 

color, texture and motion features which are represented by color histogram, Gabor tex-

ture feature [77) and motion histogram, respectively. A formula of the distance between 

two texture features is given in [77]. Inspired by color histogram, the authors propose 

a histogram approach to the motion representation that use P and B frames (motion 

prediction coded frames) of MPEG data. A query by example is being provided. 

Kobla and Doermann [71) presented a spatio-temporal technique for indexing and re-

trieval of MPEG compressed video. First they automatically <livide the incoming video 

into shots or scenes and select one or more key or representative frames for each shot. 

Then they extract spatial features using DC coefficients of I, P and B frames. DC coef-

ficients correspond to the 64 Discrete Cosine Transform coefficients with zero frequency 

in both dimensions. Temporal features are obtained using motion vector of MBs (Mac-

roblocks which is are blacks of 16 x 16 pixels) from each key frame. Finally they used 

both sets of information for indexing. Queries are made using examples. 

2.2 CBVR Based on Middle or High-level Features 

In content-based video retrieval, most of the proposed frameworks and solutions are based 

on low-level features, such as color, texture, shape, 2D motion, as shown in previous sec-
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tion. However, it is difficult and even insufficient to describe video content by using only 

low-level features. For example, in some sports videos, people are very interested in some 

important moments, such as goals, shoot to goals, etc.. In order to be able to retrieve 

or classify these kinds of videos, we obviously have to use the semantic meanings of the 

video content, also called high-level features. High-level features are often represented 

by concepts, events, staries or subjects. Most of existing techniques that use high-level 

features to do video retrieval / indexing first need to link low-level features of video data 

to semantic data. In order to establish this link or for indexing purpose, mid-level se-

mantic concepts, here called mid-level features, such as 3D abject trajectory, 3D camera 

motion, camera operations, etc., are also often extracted as well. In the remainder of 

this section, we will focus on those techniques that rely on the use of mid or high-level 

features or a combination of both. 

Akutsu et al. [2] proposed a method based on the analysis of the distribution of mo-

tion vectors in Hough space to automatically interpret the 3D camera motion. Regular 

3D camera motion can be classified into several basic types (see figure 2 .1). They are 

panning ( camera horizontal rotation), tracking (horizontal transverse movement), tilting 

( vertical camera rotation), booming ( vertical transverse movement), zooming ( adjusting 

the focal distance), dollying (horizontal lateral movement) and rolling (rotation around 

z). Moreover, camera motion can be grouped into two broad classes: tripod motion and 

free motion. If a camerais fixed to a tripod, it can only exhibit three types of motion: 

pan, tilt and zoom. If there is free motion of the camera, it can additionally track, boom, 

dolly or roll. Notice that the effect of a pan on the change of contents and the perceived 

image motion is very similar to that of a track. For example, if a camera pans or tracks 

right, the background and abjects may appear to move to the left and gradually leave the 

shot while new background and abjects may appear on the right. Such similarities can 

also be drawn between "tilt and boom" and "zoom and dolly". In their work, Akutsu 

et al. suggest to estimate seven kinds of camera motion: l)pan, 2)zoom, 3)tilt, 4)pan 
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Booming 

Figure 2.1: The basic types of camera motions (reference in [95]) 

and tilt, 5)pan and zoom, 6)tilt and zoom, 7)tilt, zoom and pan. These seven categories 

result in seven different signature curves in the Hough space. Estimation of the motion 

parameters is then based on Hough-transforming optical flow vectors and determining 

which of the signatures best fits the data in a least squares sense. 

Dimitrova and Golshani [38, 39] devised an algorithm which relies on the use of the mo-

tion component of the MPEG video encoding scheme. Three levels of motion analysis are 

considered. At the lowest level, the algorithm takes the forward and backward motion 

vectors that belong to a particular macroblock and compute the macroblock's trajectory 

by tracing the position of macroblock in B and P frame. Then at intermediate level, these 

trajectories are used for 2D object motion recovery. Object components and their re-

spective trajectories are extracted. At the higher level, they associate domain-dependent 

"activities" with the object trajectory representation. The activity can be recognized by 

the system based on a predefined set of procedures, or it can be designed by the user. 

They create a spatio-temporal retrieval model and retrieve video sequences using the 

temporal information ( e.g. object trajectories) as well as spatial representation. A visual 

query language, EVA [49], is used to allow user to draw sketches of trajectory or choose 
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images as a query. 

Ardizzone et al. [24, 7, 8] first partition the optical flow field into four equal regions and 

each region is characterized by its magnitude (µ) and domain direction ( 0). The user 

has to specify the type of motion (ZOOM-IN, ZOOM-OUT, PAN-LEFT, PAN-RIGHT, 

UP, DOWN) and the magnitude of the motion (µi) as the query input. The system 

then converts the qualitative label into a set of four directions 0i based on heuristics in 

table 2.1. The query is then processed by comparing the similarities between (0i, µi) and 

(0, µ). 

Motion Type 0o 01 02 03 
ZOOM-IN 140° 40° -140° -40° 

ZOOM-OUT -140° -40° 140° 40° 
PAN-LEFT oo oo oo oo 

PAN-RIGHT 180° 180° 180° 180° 
UP -90° -90° -90° -90° 

DOWN 90° 90° 90° 90° 

Table 2.1: Example qualitative-quantitative conversion table obtained in [8] 

Hamprapur et al. [54] proposed to extract indexes based on some kinds of motion in-

terpretation from the motion content of the image stream of video. First optical flow is 

extracted from the image sequence. It is then transformed into a mid-level representa-

tion. This representation includes motion content, motion uniformity, motion panning 

and motion tilting. Motion content is a measure of the total amount of motion within 

a given video. A high value of motion content corresponds to a large or distinct camera 

or object motion activity. Motion uniformity is defined as a fonction of time to measure 

the smoothness of the motion. Motion panning captures panning motion (left to right, 

or right to left motion of the camera) and motion tilting measures tilting motion. In 

motion ranking queries, after choosing the motion properties ( e.g. motion content) by 

users, these queries rank a collection of video as output. 

Chang et al. [25] extended the VideoQ framework. They introduced the idea of Semantic 
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Visual Templates (SVT) which is a set of icons (animated sketches used in VideoQ) or 

example scenes / objects and use each semantic template to represent a concept. Feature 

vectors of a visual template, such as color histograms, texture and structural information, 

are extracted from these example scenes / objects for the query process. To generate 

semantic templates, user first provides a sketch or an example image of a concept to 

the system. Meanwhile, relevance weights to all the features associated with this sketch 

are also defined. Then the system automatically generates a set of test icons through 

quantizing each feature space into hyper-rectangles. The user picks the closest icons to 

the representation of the concept that fit his needs and join them together to generate 

a candidate list. At last this candidate list is used to query the system. A similarity 

measurement is calculated between SVT of the query and those of a video shots. Finally 

the system determines the shot that maximizes recall as results. 

Nephade et al. [87] introduced an approach to retrieve explosion and waterfall events 

in the video using a probabilistic framework. They extract global features ( color his-

togram, difference of the histograms of successive frames and audio features) from video 

and audio streams and generate a multimedia objects or Multijects for event "Explosion" 

and "Waterfall" based on combining these features into the form of a probability using 

Hidden Markov Model (HMM) [101). Then Multijects are used for indexing all video in 

the database and segmenting sections of videos which contain explosions and waterfalls. 

Thus indexing is clone by noting the segments of videos where such a Multiject occurs. 

During retrieval, all of the video shots which are labeled with "Explosion" and "Water-

falls" can be viewed. 

Later Nephade et al. [86] extended the idea of Multijects to propose a statistical factor 

graph framework for semantic indexing and retrieval in video. Instead of getting global 

low-level features, they perform an analysis on the dominant regions in video clips. They 

use a spatio-temporal segmentation (i.e. [134]) to obtain homogeneous regions with re-

spect to both color and motion. Dominant regions are then tracked within shots and 
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labelled with one of the five Multijects: sky, water, forest, rocks and snow. For each 

region color, texture, edginess, shape and motion (low-level) features are extracted from 

video. They are combined with audio features obtained as in [85). Then the resulting 

feature vectors are modeled by a HMM. A semantic concept is thus expressed in the term 

of probability and classified into these Multijects using maximum likehood classification 

performance. 

Eickeler and Müller [41) presented an approach to index TV broadcast news using Hid-

den Markov Models (HMMs). They define six main content classes (newscaster, begin, 

end, interview, weather forecast and report) and each content class is represented by a 

HMM. In their approach, several motion features ( "center of motion", "delta feature" 

and "wideness of the movement") based on the difference between two adjacent frames 

are defined. They assume that this difference mainly corresponds to the motion of the 

main object in the scene. Another feature called "intensity of motion" is also defined 

for the detection of hard-cuts. Then a probabilistic decoding procedure maximizes the 

probability of having generated these features sequence using the classes of predefined 

HMMs. 

Hanjalic et al. [56, 58, 57) discussed the semantic abstraction based on affective level 

of contents. The typical examples includes searching all "sad" movie fragments, senti-

mental segments or most exciting moments of a sport event. The affective content of a 

video is viewed as the type of feeling or emotion mediated towards to viewer. They use a 

"emotion / mood curve" [56) to represent the "mood" through considering speech char-

acteristics in addition to motion and color composition of videos. This curve is drawn 

in a 2D space that is determined by the two axis: arousal and valence. From these 

curves, interpretation can be obtained in various ways. For example, through mapping 

emotion/mood curve onto the time axis with respect to both the arousal and valence, the 

position of "most impressive" and "negative mood" of video segments can be found by 

finding maximum values in time-arousal diagram and minimum values intime-valence 
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diagram. 

Fan et al. [45] introduced a framework to make semantic classification and indexing of the 

medical education video using some semantic elementary visual concepts, which include 

presentation, dialog, surgery and diagnosis. For each video, some specific type of salient 

objects, such as slides, sketch drawing, human face, blood-red region, and skin region, 

are extracted by using predefined statistical object fonctions which are obtained from 

the labeled training examples by domain experts. The physical video shots in video are 

then separated into two classes, principal video shots or non-principal video shots. If a 

physical video shot includes any type of these salient objects, it is treated as the principal 

video shot. These principal video shots are further assigned to relevant elementary visual 

concepts by utilizing a set of object-based visual features, such as color, texture, shape, 

etc., and probabilities according to the maximum posterior probability rule. 

Leonardi and Migliorati [17, 73] proposed two different approaches for semantic indexing 

of audio-video documents. In the first one [17], they only use the motion information 

appeared in the video and present a semantic video indexing algorithm for soccer game 

video sequences. This algorithm is based on the temporal dependencies of three descrip-

tors (i.e. lack of motion, camera operations (represented by pan and zoom parameters) 

and the presence of shot-cuts). Events such as goals, shots to goals, penalties, are de-

scribed by exploiting temporal evaluation of these descriptors. For example, in order to 

find a particular event, goals, fast pan or zoom (camera operator) is detected first, then 

follows by lack of motion and a shot eut detection. In the second approach [73], they com-

bine audio and visual descriptors to extract higher level semantic entities such as scenes 

and perform the indexing through Hidden Markov Models (HMM). First they di vide the 

input stream into audio and video components. For video component, a feature vector 

is calculated by comparing every couple of adjacent frames in terms of luminance his-

tograms, motion vectors and pixel-to-pixel difference. Then they classify each sequence 

of feature vectors extracted from two components by an two-state HMM classifer ( S1 as 
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a detected shot transition and SO as a non-detected shot transition) and the system seg-

ments the video into elementary units, video shots. They define a semantic entity called 

scene. Four types of scenes ( dialogues, staries, actions and generic) are presented. Ac-

cording to the characteristic of each kind of scene (For example, for dialogues, the audio 

signal is mostly speech and the changes of the associated visual information alternates), 

they identify shots into these kinds of scenes by using techniques in [103]. According to 

the authors, comparing with the first approach, the second algorithm can rarely achieve 

semantic characterization because it can only identify scenes, such as dialogue, story, and 

so on. 

Assfalg et al. [11] proposed an approach for performing semantic annotation of sports 

videos ( e.g. high <living, soccer, tennis, etc) by different layers using different elements of 

visual content. First, shots that contain possible sports scenes are separated from shots 

that do not have sports actions (e.g. studio/interview shots) by using motion features 

( e.g. frames differences) and lifetime feature which is defined as the shortest temporal 

interval that includes all occurrences of shots with similar visual content. Then they de-

compose the sports videos according to their main visual and graphie contents (i.e. text 

graphies and graphie abjects). Three visual content are defined as playing field, player 

and audience. To identify them, low-level features such as the edge, shape and color 

are involved. Playing field can then be used to distinguish the type of sports. Graphie 

content is mainly extracted by text captions in videos. 

Shih and Huang [107] proposed a multi-level Bayesian Belif Network (BBN) [64] for event 

interpretation in baseball video. Bayesian Belif Network (BBN) is a statistical model for 

knowledge representation and inference. This BBN-based video understanding system 

adopts some extracted low-level evidences (e.g. color, texture, etc.) by several image 

analyzers as inputs and uses semantic networks (SN) to describe the mid-level semantic 

concepts of baseball video, such as view, field, zooming, regular-panning, fast-panning. 

Finally these mid-level semantic concepts are categorized into different high-level seman-
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tic events, such as eventoccur, overview, runner, defense, pitcheing and batter. 

Chen et al. [31] proposed a unified framework towards semantic content analysis in sports 

video, especially on soccer video. They propose a three-step hierarchical semantic con-

tent analysis. In the first step, the halves and commercial break during half time are 

separated by using low-level features (shot duration and audio with fascinating music). 

In the second step, In-Play and Out-of-Play parts are evaluated respectively by detect-

ing loose view and by detecting tight and medium views. In the last step, they plan to 

extract semantic events such as shots, corner kick and so on. However, as they mention, 

they only focus on the first two steps for now. Third step is part of their further research. 

2.3 Overview 

In order to summarize all of the previous techniques and hence to facilitate comparisons, 

table 2.2 and 2.3 present a brief review based on the level of user interaction (low, mid 

or high) with the system. 
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Authors Level of user interaction with CBVR systems Domain 
Low-level Mid-level High-level Used 

colm texture shape motior objecfa 3D others concept events 

vector camera 

motion 

Smith et al.[111, 
113, 114, 115] 
Alshuth et al. [6] 
Alaya Cheikh et 
al. [30, 121, 48, 
70, 53, 47] 
Fablet and 
Bouthemy [44] 
Bruno and Pel-
lerin [22] 
Yu and Zhang 
[131] 
Peker et al. [96] news, 

sports, etc. 
Ioka et al.[62] 
Sahouria et al. surveillance 
[102] video 
Shan and Lee 
[106] 
Gu [52] 
Khokhar et al. 
[69] 
J eong and Moon 
[65] 
Flickner et al. 
[46, 90, 10] 
Ardizzone et al. 
[8, 24, 7] 

Table 2.2: Overview of existing content-based video retrieval techniques 

1 affine model parameters and supported region size are used as indices. 
22D trajectories 
3speed curve is also used to describe object motion 
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Authors Level of user interaction with CBVR systems Domain 
Low-level Mid-level High-level Used 

colo1 texture shape motion objectE 3D othen concept events 

vector camera 

motion 

Hamprapur et 
al. [61, 54] 
Chang et al.[27, 
26] 
Manjunath and 
Deng [76] 
Kobla and Do-
ermann [71] 
Akutsu et al. [2] 
Dimitrova and 
Golshani[38, 39] 
Chang et al. [25] 
Nephade et al. 
[87, 86] 
Eickeler and broadcast 
Müller [41] news 
Hanjalic et al. 
[56, 58, 57] 
Fan et al. [45] medical 

education 
Leonardi and soccer 
Migliorati 
[17, 73] 
Assfalg et al. [ 11] sports 
Shih and Huang baseball 
[107] 
Chenet al. [31] soccer 

Table 2. 3: Overview of existing content-based video retrieval techniques ( continued) 

12D trajectories 
2only panning and tilting are defined. 
3motion content and motion uniformity are identified. 
4region exhibiting consistency intime (color, edge, motion) 
5based on the use of block motion vectors from MPEG coding 
6 "emotion/mood curve" (i.e. affective content) is extracted. 
7In-play and Out-play via the detection of loose, medium and tight views. 
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2.4 Discussions 

In this chapter, we gave an overview of existing techniques for content-based video in-

dexing / retrieval. As shown, for all of those approaches, indexing / retrieval tends to 

be internally made by comparing low-level features even if users provide high-level infor-

mation as a query. As confirmed by this overview, only few researches tried to overcome 

the difficulty that lies in the gap between low-level indexing / retrieval and a higher level 

of interaction. Many of these systems are generally domain specific ( e.g. sports, news, 

medical video, etc) and can not be used to model every types of video. In that sense, we 

propose in what follows to make a step forward by proposing a new connection between 

low and mid-level features. More especially, we will introduce a new way of linking both 

apparent motion and defocus blur to a mid-level interpretation in terms of camera op-

erations. As far as we know defocus blur has not been used yet in the context of video 

indexing / retrieval. 
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Chapter 3 

Carnera-oriented lndexing and 

Retrieval 

In this chapter, we present a CBVR technique based on the interpretation of camera 

operations from both apparent motion and defocus blur. Color video sequences are 

first converted into grey-level sequences and then low-level features apparent motion and 

defocus blur are extracted from photometric information contained in grey-level video 

sequences. ln our case, we do not consider the sound inside of video. For every two 

consecutive frames in a video sequence, our method uses these low-level features to de-

tect panning/tracking, tilting/booming, zooming and rolling, as well as focus changes. 

Camera operations are then used to label each frame as indexing eues. Our retrieval 

system thus allows users to specify some queries using such eues. 

Video is a medium which is very rich in dynamic content. Motion stands out as one 

of the most distinguishing features in video and it is caused by camera motion and/ or 

by motion of objects in the scene. Camera motions are important from an indexing 

viewpoint. When they are used as video indices, it can help video editors to get specific 
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parts of a video sequence effi..ciently such as go to "a pan shot of X" or look for "a zoom 

shot of Y" . Moreover, camera motions are usually adopted in the process of film-making 

to deliver some semantic meanings [9). For example, a close-up of an object or a face 

is likely to be preceded by a zoom; a shot of landscape is likely to involve a pan; an 

aerobatic sequence from an airplane is likely to contain a roll and a shot of a skyscraper 

is likely to involve a large tilt; etc.. Camera motions might thus be very useful for video 

understanding and high-level features extraction. 

Another important eue about camera operations is defocus blur. As we mentioned in 

chapter 1, changes in the settings of extrinsic or/ and intrinsic camera parameters may 

cause the viewer's attention to shift from one part of a scene to another. For example, 

we may set focus on a specific object. Objects out of focus would thus become blurred. 

It is called defocus blur. There are other situations where defocus blur can also hap-

pen. Among these we may cite that when a camera moves forward or backward or when 

the camera zooms into a scene without an auto-focus mechanism ( or with a slow one), 

some scene points move into focus and others get blurred because they get out of focus. 

According to those examples, it is clear that defocus blur can give us more information 

about camera operations. So studying or detecting it will be helpful to understand video 

content and grasp the important events. 

In the following section, we will present how camera operations can be extracted from 

every pair of frames using apparent motion and defocus blur and how they can be auto-

matically labelled in a qualitative way for indexing / retrieval purpose. 

3.1 Extraction of Camera Operations 

In general, dominant motion between a pair of frames is used to identify significant 

camera motion [59, 129, 94]. Dominant motion in a scene is "motion component that 
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can be ascribed to most of the picture material in an image" [32]. It can be some 

dominant background changes that are generally induced by the camera motion or the 

apparent movement of a big object. In the literature, the term of dominant motion 

usually synonymously means the same thing as global motion and often as camera motion. 

Obviously the later is false in many situations. For example, when a moving object is 

large enough to occupy the most part of a frame (i.e. object motion), or when abjects 

are at different depth (i.e. magnitude of motion depends on depth of abjects), dominant 

motion is hard to identify. However, the presence of a small moving abject in comparison 

to the size of the frame should not significantly affect dominant motion which can then 

be associated to carn.era motion [105]. In that sense, in our work, we consider cases where 

camera moves in a static scene or where there are small abjects moving. Moreover, we 

concentrate ourselves on determining 2D dominant motion from the main components of 

apparent motion, and hence determining 3D camera motion. 

Many techniques for estimating camera motion have been proposed [59, 129, 122, 94, 

43, 16]. As an example, Hoetler [59] used a three parameter motion model to estimate 

the global motion due to camera zooming and panning. Park et al. [94] described a 

method for estimating camera parameters that establishes feature-based correspondence 

between frames. Zoom and 3D rotation are estimated by fitting the correspondence data 

to a transformation model based on the perspective projection. Wu and Kittler [129] 

proposed a method to extract rotation, changes of scale, and translation from image 

sequences. A multi-resolution iterative algorithm that uses Taylor series approximation 

of the spatial and temporal gradient of the image is used. 

In this document we propose an algorithm composed of three main steps ( cf. figure 3.1). 

STEP 1 (section 3.1.1) achieves the estimation of motion vector and blur difference for 

each pixel belonging to textured regions in the frames. In the STEP 2 ( section 3 .1. 2), 

both the estimated apparent motion and blur difference are used to identify changes of 

extrinsic and intrinsic camera parameters. For this purpose, we first identify dominant 
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2D motions from motion vectors. We then show how dominant 2D motions can be 

associated to 3D camera motions in STEP 3 (section 3.1.3). We also identify estimated 

defocus blur information that may be relevant to identify changes of focus ( and possibly 

changes of region of interest). 

\lldeo Frames 

~ous estim~ 
apparert chmges 

,âpparent 
Motion 

D e1ocus Blur 

ldenti f./ signi1i cant manges of camera 
pêt'ameters 

Signi1icant 
blur 

di ff:lrenœs 

ldenti f./ camera operati ons.--__, ____ ___, 
,....l_d_ent.,...i-~-ng~d-o-m-in_a_nt_, ldenti~ ng 

3D motion (paniti lt/ :eus 
zoom lrol l) c nges ~o;;de~:---

Labeled \lldeo Frames 

Figure 3.1: The proposed indexing process using camera operations 

Therefore, our work can be seen as continuation of the work of Yu and Zhang [131], 

Akutsu et al. [2] and Ardizzone et al. [24, 7, 8]. First, we adopt and extend Yu and 

Zhang [13l]'s idea, that is the extraction of significant 2D motion components between 

frames from optical flow using region growing method. They link the resulting com-

ponents to the motion of objects. In our case, the resulting components are used to 

identify 3D camera motion. Second, we generalize the approaches of Akutsu et al. [2] 

and Ardizzone et al. [24, 7, 8] in terms of allowed camera motion types. The former is 

restricted to seven pre-defined types of motion (i.e. 1) pan, 2) zoom, 3) tilt, 4) pan and 
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tilt, 5) pan and zoom, 6) tilt and zoom, 7) tilt, zoom and pan) while the later relies on 

six types of camera motions (i.e. zoom in, zoom out, pan left, pan right, up and clown). 

In our case, we consider any combinations of pan, tilt, zoom and roll. Moreover, none of 

existing works use defocus blur as a eue for camera operations. The following explains 

details about how our algorithm works in each step. 

3.1.1 STEP 1: Estimating Apparent Motion and Defocus Blur 

As we know, images are formed by the projection of three dimensional world onto a two 

dimensional light-sensing surface. The brightness of the image at each point indicates 

how much light fell on the surface at that spatial position at a particular time or over 

some interval of time. The brightness depends on both the geometrical and radiometric 

properties of the camera. When an object or/and a camera in the world moves, the 

projection of that object or/and background also moves within the image. The relative 

movement of the projection of each point in the world is referred as the image velocity 

or motion field. It is commonly approximated by optical flow, also called apparent mo-

tion [60]. Apparent motion thus appears to be a good eue for 3D motion estimation. 

Concerning blur effects, we can distinguish two types: the one created by a fast moving 

object or camera (i.e. motion blur) and the one created by the lens, that is the depth 

of field (i.e. focus settings). In this work, we only consider the second type, that is 

defocus blur. As indicated by its name, defocus blur means blur that appears whenever 

the filmed objects are out of the camera focus. 

The purpose of the first step is to estima te apparent motion and defocus blur. To this 

end we may compute the apparent motion and defocus blur separately or simultaneously. 

However, it has been shown that separate estimation relies on simplistic assumptions [36), 
such as the brightness constancy assumption for motion estimation and the spatial cor-

respondence assumption for defocus blur estimation [34]. As an example, classical ap-
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proaches for defocus blur estimation assume that spatial shifts between two images are 

negligible [98, 130, 118, 135, 29, 136]. However, this is not realistic in most practical 

situations. Recent works have confirmed that modifying focus, a common technique to 

grab a defocused pair of images, may cause the optical center to be shifted and thus in-

duces magnification and/or apparent translation [128, 42, 92]. Moreover, a slight camera 

or object motion in the optical axis direction during the acquisition process may simul-

taneously produce blur differences and spatial shifts between successive images. Hence, 

neglecting such factors may obviously lead to a lack of accuracy. 

In order to circumvent such problems and make the results be more accurate, we esti-

mate apparent motion and defocus blur simultaneously using the approach proposed by 

Deschênes et al. [35]. Specifically, we use a family of systems of equations based on ho-

motopy method which allows simultaneous computation of both defocus blur and spatial 

shifts from a pair of images and/ or their derivatives: 

p Q 

H(x, Y, Ôx, Ôy, /3, t) =It)(m)(x, y)+ L L [8.( 0
; ,/3 )sq (~, f3) 

p=O q=O,p+q2:1 
X ((1 - t)Iin+p)(m+q\x, y)+ t1t+p)(m+q\x - ôx, y - ôy)) 

- Sp ( - 8;, 0 )s.( - ~, 0 )1<n+p)(m+q)(x, y)] 
- J(n)(m)(x, y) (3.1) 

where ôx, ôy are partial shifts around x, y axis and {3 is the blur difference between two 

frames. t E [0, 1] is the continuation parameter. 1t)(m)(x, y) and I~n)(m)(x, y) are partial 

derivatives of the first and second images at ( x, y). 

(3.2) 
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A coefficient sp(ôx, {3) (resp. sq(ôy, {3)) is proportional to the pth (resp. qth) moment of 

Gaussian PSF centered on ôx (resp. ôy) and it is given by: 

{ 
¼i I::=0 c~iJ;i µ2r-2i ({3) if p = 2r 

Sp(ôx,f3) = ¼i I::=OC~i+lô;i+lµ2r-2i(f3) if p = 2r + 1 
1 lip=0 

where 

{ 

(p - 1) (p - 3) ... 3 {3P ~f p > 0 and p is even 
µp ({3) = 1 1f p = 0 

0 otherwise 
c;: is the number of combinations of n abjects taken r at a time. For a given P and 

Q, the desired solution for a pixel (x, y) can now be obtained with H(x, y, ôx, ôy, {3, t) by 

searching through the solution path (i.e. t E [O, 1]) for a set of values (/3, ôx, ôy, t) that 

corresponds to the smallest quadratic error between both sicles of the equation. 

According to the literature, this approach appears to be more appropriate for the cur-

rent application. To convince ourselves, let us give a brief review about existing tech-

niques which simultaneously estimate defocus blur and spatial transformation. Myles and 

Lobo [84] propose an iterative process for a simultaneous computation of defocus blur 

and affine motion parameters. They derive a system of equations based on first-order 

Taylor's series expansions. Since the resulting relation might not be stable at a single 

scale, they forma system of equations using several scales. According to the authors, the 

main disadvantage of this method is the need of relatively large planar patches within 

the images ( usually more than 20 x 20 pixels). Moreover, they assume that a rough 

estimation of the image translation is known and that both the scaling and the rotation 

are global. That is, they depend on a center point which is known and unique for both 

images. Zhang et al. [133] suggest to first normalize the images using blur invariant mo-

ments. Normalized images are used to compute motion parameters. The blur differences 

are then recovered using both the original images and the estimated affine motion pa-

rameters. Once again relatively large planar patches are necessary. Deschênes et al. [36] 

propose a spatial-domain approach based on limited Taylar expansion. Compared to 
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Myles and Lobo's approach, there are several major differences. First, Deschênes et al. 

consider higher-order polynomial expansion. Second, the proposed scheme relies on the 

fact that the more blurred image (resp. its derivatives) may be approximated by a finite 

series which is a fonction of the less blurred image, the partial derivatives of the two 

images, the blur difference and the horizontal and vertical shifts. A complete system 

of equations can thus be directly derived at a single scale. In other words, it allows 

simultaneous computation from the image themselves but also from the image deriva-

tives. This leads to denser and more accurate estimates. Finally, they do not consider 

the entire affine transforms. More especially, they focus on simultaneous computation 

of spatial shifts (stereo disparities, 2D motion, and/or zooming disparities) and defocus 

blur. This means that scaling and rotation between two images are estimated as ap-

parent local shifts and thus a) the transformation centers do not have to be known a 

priori and b) small planar patches are sufficient ( 7 x 7 pixels). As an extension of this 

approaches, Deschênes et al. [35] propose to use homotopy method in order to increase 

convergence speed to the limited Taylor expansion. Hence, they show that denser and 

more accurate results can be obtained even with large values of both motion magnitude 

and defocus blur. In [33], they propose to extend the previous approaches in order to 

consider affine motion model. However, the resulting approach relies on the used of rela-

tively large planar patches ( at least 15 x 15 pixels), which is mainly due to the number 

of unknowns to estimate. Moreover, it relies on a prior knowledge of the centers of ro-

tation. They show that many of the previous works about defocus blur and optical flow 

estimation [78, 118, 84, 136, 36] rely on relations that correspond to particular cases 

of equation (3.1). Consequently, according to this brief review and the main advantages 

of homotopy technique (i.e. triviality, smoothness, accessibility (see in [7 4, 124]) and an 

assurance of convergence through the solution path [124]), the homotopy-based method 

in [35] seems to be the best choice for current application. 
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3.1.2 STEP 2: Identifying Changes of Extrinsic and Intrinsic 

Camera Parameters 

For each pixel belonging to textured regions in a frame, a motion vector and blur differ-

ence have been estimated in STEP 1. The next task is to use the apparent motion and 

blur difference to identify changes of extrinsic and intrinsic camera parameters. We first 

identify dominant motions from apparent motion. Second, the estimated defocus blur is 

used to obtain information about possible changes of focus. 

3.1.2.1 Identifying dominant 2D motions from apparent motion 

Considering the definition of dominant 2D motion (section 3.1), our goal is to use a 

dense flow field to find motion models which well fit and represent motion vectors within 

a frame. 

Ll . . m estimatemotion {MotionParameter1 d1\oiœ 1nto parameters 
--,.. --- Motion Parameter2 N blacks tor ead'l black i 

Motion ParameterN 

a flowfield b= tWJ merglng process l 
adjacent frames 20 motion dass 1 

{ 2D motion dass 2 

2D moti~n dass M 
(M<N) 

reject small l 
classes 

{ 

2D dominant mction 1 
2D dominant motion 2 

2D domln~nt motion P 
(P <= M) 

Figure 3.2: Dominant 2D motions from optical flow 

In our algorithm, inspired by the work of Adelson [127, 126], the frame is first divided 

into non-overlapping rectangular blocks Bi, i E [1...N] (see figure 3.2). i is a block 

number. N is the total number of blocks in a frame. Motion parameters are estimated 

for each block. Then in order to obtain dominant 2D motion models (major classes of 
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2D motion) for the whole frame, we adopt a merging approach to group blacks that 

have close motion parameters. Finally, we reject motion models that are associated to 

a small number of pixels. In practice, those models are linked to the motion of isolated 

abjects. In other words, we only keep motion models (classes) having a large number of 

occurrences (in term of number of blacks) as dominant 2D motions. The flowchart in 

figure 3.2 summarizes how we obtain dominant 2D motions from optical flow. 

Fitting motion model to vector flow field 

Several motion models have been used in previous works for the estimation of global 

motion: 3-parameter model [1, 122, 66], 4-parameter motion model [129], 6-parameter 

affine model [83, 43] and 8-parameter quadratic model [43, 40]. A 6-parameter affine 

motion model is chosen in our algorithm for the following considerations. First it has 

been shown that affine model works better (i.e. it is a good compromise) in terms of 

noise resilience [79, 91]. In other words, when the number of model parameters increases, 

the more precise the description of the motion field is. However, the more parameters a 

model has, the more sensitive it is to noise. According to the authors, a good tradeoff 

between number of parameters and noise sensitivity is the affine model. Second, the 

affine model has proven to be well suited for motion of both camera and abjects [94, 79]. 

It consists of only six parameters (a, b, c, d, Px and Py in equation (3.3)) and can describe 

motions commonly encountered in video sequence. These include translation, rotation, 

scale, shear and any linear combination of them. For example, a pure translation exists 

when Px or Py are nonzero and a~ d 1, c b O. Third, affine model is good tradeoff 

between the number of unknown parameters and the number of information needed to 

solve the system of equations [79]. The more unknowns we have, the more data we must 

have. 
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Affine motion model is defined by: 

(3.3) 

where a, b, c, d, Px and Py are the model parameters. (:) corresponds to image coordinate 
I 

in frame J(t) and (:,) is the corresponding point of(:) in frame J(t+ 1). a, b, c and d are 

composed together and become a deformation matrix. Whereas the parametric velocity 

(i.e. apparent motion) is 

(:) = ( a : 1 d 1 ) (:) + ( :: ) (3.4) 

where u and v are the x and y components of velocity respectively. 

h . ( ' ' ' ' d ) T e fittmg of affine parameters ai, bi, ci, di, Pxi and Pyi where ai= ai -1 and di= i -1 

within each block is commonly clone in a linear least square sense [67, 127, 126]. If we let 

Hi = [Hyi Hxi] be the ith hypothesis vector in the affine parameter space with components 

H~ = [pxi a: bi] and H~ = [pyi ci d:] corresponding to the x and y components, and 

cpT = [ 1 x y], then the affine equation ( 3 .4) become: 

and a linear least square estimation of Hi for a given local motion field is as follows: 

[Hyi Hxi] = [L c/>c/>Trl L (cp[vi(x, y) Ui(x, y)]) (3.5) 
Bi (x,y)EBi 

The summation taken over all of the pixels belonging to Bi is corresponding to the ith 

block in the frame. 

Regardless of the initial block's size, many of the affine hypotheses will be incorrect 

because the initial square block may contain object boundaries. The reliability of a 

hypothesis is indicated by its residual error and should be tested firstly: 

1 
62 = Ni L [(u(x,y) - ui(x,y)) 2 + (v(x,y) -vi(x,y)) 2

] 

(x,y)EBi 

(3.6) 
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where Ni is the number of pixels in Bi, Blocks for which 52 is above a predetermined 

selection threshold Tr are discarded. As a consequence, a set of affine parameter vectors 

( one vector for each reliable block) can be estimated and is regarded as an initial set of 

motion models. 

Merging blocks 

In order to obtain models of dominant 2D motions of the whole frame, we need to cluster 

the affine parameters that have been estimated. Before clustering, it is necessary to define 

a distance fonction to measure how far are two different affine models. For this purpose, 

Dm(f1, h) in equation (3.7), a standard scaled distance fonction, is used. It uses a scale 

factor Ivl to scale the distance between the different components in the parameter space 

so that a unit distance in the parameter space is equally perceptible in the image space. 

DmU1, h) = [(!1 - hf M(f1 - h)]½ (3.7) 

where 
1 0 0 0 0 0 
0 r2 0 0 0 0 

]VJ = 0 0 r2 0 0 0 
0 0 0 1 0 0 
0 0 0 0 r2 0 
0 0 0 0 0 r2 

r 2 is roughly the pixel size of the image. fi and h are two affine parameter sets. 

We save the initial affine parameters of blacks which pass the reliability test and then 

apply a multi-stage multi-pass merging procedure introduced by Borshukov et al. [20). 
This multistage merging procedure not only avoids either a segmentation of single motion 

into multiple classes ( e.g. oversegmentation) or undesired merging of two or more motions 

but also proved to have good accuracy and robustness [20). 
At beginning of the process, all blacks that have passed the reliability test are used as 

input and set to unmarked. Using the distance fonction (Dm) shown in equation (3.7), 
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we merge unmarked blocks whose distance is less than a merging threshold (Tm) and 

keep the affine parameters of the block that has the smallest residual error over the 

merged blocks. In order to avoid the starting block position affecting the result, the 

merge process requires multiple passes over all of the blocks. That means we pass every 

unmarked block and get N merged classes ( N is the total number of blocks). Then we 

only pick the class which has the highest population of blocks as the dominant motion 

of this step. Finally we mark each pixel (x, y) that satisfies the following equation : 

[(u(x,y) - Ua(x,y)) 2 + (v(x,y) -va(x,y))2] < Tassign (3.8) 

where ( Ua ( x, y), Va ( x, y)) denotes the parametric motion vector predicted by the dominant 

affine model and Tassign is the assignment threshold. At each iterative of the merging 

process, blocks that have some unmarked pixels are as input. We initially assign Tm= 1.0, 

Tassign = 1.0 and increase them at each recursive step. Merge will stop when almost all 

pixels are marked. 

As the consequence, after merging process, there still might have several affine classes left 

to represent the significant 2D motions in the frame. In order to avoid considering the 

motion of isolated objects, the population of each affine class (in terms of pixels) is taken 

into account and we reject classes that have smaller population than a given threshold 

Ta. 

3.1.2.2 Detecting significant blur differences 

According to the approach developed by Deschênes et al. [35], blur difference (/3) at a 

given pixel might be positive or negative. Positive value means this pixel becomes more 

blurred in the next frame. Negative value indicates that the pixel is sharper in the next 

frame. Therefore, in order to understand blur information about the whole frame, we 

first classify defocus blur values into three classes: C+, C_ and Co, That is, the pixels 

that have significant negative blur values might be grouped into C_ class. C+ class stores 



the pixels at which their blur differences are positive. When the blur difference of a pixel 

is close to or equal to zero, this pixel is classified into C0 class. In order to classify pixels, 

let us define a threshold n. The classification process can be described as: 

{ 

C - if /3 :::; -Tb 
{3(x, y) E C+ if /3 2: n 

C0 otherwise 
(3.9) 

where {3(x, y) is the defocus blur value in pixel (x, y). 

As mentioned in chapter 1, when the focus point of camerais changed, the image might 

become sharper or more blurred or partly sharper and partly more blurred. When the 

image looks sharper than the previous one, it means that the blur differences of most 

image pixels are negative value and the membership of our focusing class should occupy 

most part of the image. The similar situation happens if the second image is more 

blurred than the previous one. Most of image pixels are classified into defocusing class. 

When the image becomes partly blurred and partly sharp, the sum memberships of 

defocusing class and focusing class might take most part of image pixels. Therefore, 

checking how big estimated defocusing and focusing classes occupy in the whole image is 

a eue to understand when focus changes are happened or to distinguish focus changes from 

isolated abjects moving along the optical axis direction. Let M+ and IVL represent the 

membership of C+ and C_ classes, respectively. Equation (3.10) defines an identification 

rule for rejecting isolated abjects that are moving toward/away from the camera based 

on the relationship between the total number of members of both C+ and C_ classes and 

the number of pixels the image has. 

M+ +IVL 
K,=----s (3.10) 

where S is the total number of pixels in the image. Frames that have K, value below a 

predetermined selection threshold Ttc might be considered as not significant for identify-
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ing focus changes. Hence, those having large K, values are likely to be linked to changes 

of camera parameters. 

3.1.3 STEP 3: lnterpretation of Camera Operations 

Cornponents of Camera Motion 

As we know, the affine transformation is closely related to the geometry of perspective 

projection and gives a good approximation of the projected motion of a 3-D rigid planar 

patch [72]. An affine model is proved to be well suited for complex object motion behav-

iors such as rotations, reflections, dilations and shearings in addition to translations [15] 

and for any types of camera motions [94, 79]. However, it is unfortunate that the rela-

tionships between physical quantities of 3D motion and the motion parameters (i.e. a, b, 

c, d, Px and Py) are not explicit. In order to solve this, we look at the transformation of 

affine model from a geometric point of view. That is, the transformation of affine model 

can described as the composed effects of translation, rotation, scaling and shear: 

X SxCOS0 TSxCOS0-SxSlll0 X Px ( ') ( . ) ( ) ( ) y' = sy sin 0 r sy sin 0 + sy cos 0 y + Py (3.11) 

where 0 is a rotation around the z-axis. sx and sy present scales on x and y axis, 

respectively. r is shear ratio. In our cases, since we filtered out the complex motion 

due to object motion in STEP 2, we now assume that remaining motion classes only 

containing motion originating from camera movements. Thus, the shear ratio (i.e. r) 

equals O. Moreover, since we consider the zooming and/or dollying effect, sx equals sy 

and suppose them equal to s. s is called a uniform scaling. Then let us link parameters 

between equation (3.3) and equation (3.11) in order to distinguish four types of apparent 

camera motions, Px, Py, s and 0, that are more directly related to the physical meaning 

of camera motion: 
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8 
= ( a + d)2 

; ( c b )2 

c-b 
0 = arctan --d a+ 

(3.12) 

(3.13) 

where a, b, c and d are the parameters of the affine model. They represent each component 

of the vector induced by camera operation of panning ( or horizontal tracking), tilting ( or 

booming), zooming ( or forward/backward dollying) and rolling, respectively. In addition, 

the signs of the Px and Py indicate the direction of camera motions. If a value of Px is 

positive, the camera motion is towards left. Otherwise, it is towards right. If a value 

of Py is positive, the camera motion is upward. Otherwise, it is downward. Therefore, 

if the dominant motion is a pure panning or tilting, then only parameters Px or Py is 

supposed to be non zero. If it is a zooming or forward dollying, s is supposed to be the 

only non zero value. Of course if the camera is static, all the parameters are equal to 

zero. However, in practice, due to noise, estimation errors, etc., these quantities are not 

strictly equal to O even if it should be the case. In order to detect the significant camera 

motion, we thus simply threshold these four terms. 

For a given motion class, Px, Py, s and 0 are calculated. Since our purpose is to find 

camera motions, we then have to merge together estimated parameters that are caused 

by the same type of camera movements. That means we compare two classes and merge 

them if they satisfy the following relations: 

Pxi X Pxi > 0 

Pyi X Pyj > 0 

(3.14) 

(3.15) 

(3.16) 

where i and j are the class number. T8 is a merging thresholds. Finally, we keep the 

biggest class (Cm) to represent camera motion information about this whole frame. 

Up to now, we identified all of the possible combinations of camera motions according 
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to the dominant 2D motion. We then selected the one that corresponds to most of 

pixles. We now need to identify significant components of camera motion. Let Tth and 

Tiin denote the threshold for the magnitude of 0 and translational motion parameters 

(Px, Py), respectively. The thresholds Tzin and Tzaut for the magnitude of s are also 

defined. Let us use a vector 8 = (p, t, z, r) to present what kind of camera motions we 

found in each frame, where p, t, z, r denotes the status of camera panning/tracking, 

tilting/booming, zooming/dollying, rolling, that is 1: existing, 0: no existing and the 

sign indicates the direction: 

={ 1 (i.e. pan/track left) if Px > Tiin 
p -1 (i.e. pan/track right) if Px< -Tlin 

0 otherwise 
(3.17) 

={ 1 (i.e. tilt/boom upward) if Py > Tiin 
t -1 (i.e. tilt/boom downward) if Py < -Tlin 

0 otherwise 
(3.18) 

={ 1 (i.e. zoom in/forward dolly) if !si < Tzin 
z -1 (i.e. zoom out /backward dolly) if lsl > Tzout 

0 otherwise 
(3.19) 

={ 1 (i.e. roll clockwise) if 0 > Tth 
r -1 (i.e. roll anti-clockwise) if 0 < -Tth 

0 otherwise 
(3.20) 

Focus Changes 

In addition to the motion of the camera, we also consider focus changes as an indexing 

eue. Focus changes are accompanied by blur differences between frames. Significant 

blur differences between frames can be identified using equation (3.10). However, recall 

that blur differences also appear during zoom in/out process [42, 92], with a camera 

autofocus on or when a camera with static focus is moving along the optical axis. Since 

blur differences do not correspond to real focus changes in these cases, it is necessary 
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to distinguish them. An important information is the distribution of blur differences 

in time. Focus changes usually implies a continuous and smooth deformation (in term 

of blur differences) in time for most of the pixels. However, when a zooming in/out 

is processed or a camera with autofocus on, this deformation is almost unpredictable 

or often small [42, 92]. In that sense, the analysis of such a deformation may indicate 

when focus changes happen and whether a given pixel is getting in focus (negative blur 

differences slowly stabilizing to zero) or out of the focus (positive values slowly stabilizing 

to zero). In our case, we consider both the value of fi, and the behavior of /3 of pixels 

within every classes (i.e. C+ and C_) from time t to t + b..t in order to take the time into 

account. Locally intime a pixel is not supposed to switch from C+ to C_ (resp. C_ to 

C+) directly since this is a smooth deformation. They must always pass by C0 during a 

given switch. If this is not the case, this could be linked to autofocus process (i.e. always 

trying to quickly adjust focus). Bence, the smoothness of deformation of /3 over time 

for every pixels may be analyzed and used to filter out focus changes due to autofocus 

process. This can be clone by tracking the affiliation of pixels (in terms of C+, C_ and 

C0) over thne using the estimated apparent motion (cf. section 3.1.1) or by computing 

and analyzing the deformation via the derivatives of f3 in the direction of the apparent 

motion. Notice that the derivatives of f3 can also be used to identify the new region of 

interest. About blur differences caused by the motion of camera along the optical axis, 

they may be easily distinguished from focus changes since the 3D motion of the camera 

is known (cf. section 3.1.3). Focus changes due to camera motion can thus be filtered 

out. 
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3.2 Summary of the Indexing Algorithm 

Based on previous subsections, the algorithm is straightforward. The summary of the 

complete algorithm of camera operations detection is as follows: 

As the input, video sequence and the block's size are be selected first. 

1. Estimate low-level features: apparent motion and defocus blur using [35). 

2. Identify changes of extrinsic and intrinsic camera parameters 

(a) Extract dominant motions 

i. Divide the motion field into rectangular blocks according to input param-

eter. 

ii. For each block, estimate the affine parameters by the method of linear 

least squares ( as described in equation (3.5)) 

iii. Determine reliable blocks by equation (3.6) 

iv. Set the value of Tm and apply the merging procedure to find the dominant 

affine model 

v. Set the value of Tassign, mark pixels which motion vectors are satisfying 

the velocity check criterion given by equation (3.8) 

vi. If all motion vectors are assigned or no seed blocks remain for considera-

tion at the next step, then stop, otherwise go to 2( a)iv. 

vii. Reject motion classes that have smaller population than a given threshold 

Ta. 

(b) Detect significant blur differences 

i. Classify blur difference of each pixel into three classes, defocusing ( C+), 

focusing ( C_) and no change ( 0 0) using equation (3.9) 
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ii. Calcula te K, according to equation ( 3 .10) 

3. (a) Identify camera motion using equations (3.17), (3.18), (3.19) and (3.20). 

(b) Identify focus changes using estimated K, and the smoothness of the deforma-

tion of {3 over time for every pixel within classes (i.e. C+ and C_). This is 

clone by using first and second order derivatives of {3 with respect to time. 

For retrieval purpose, a query can simply be made by selecting what type of operations 

(or combinations of operations) we look for. An example is shown in figure 4.5. 
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Chapter 4 

Performance Evaluation 

In order to evaluate the performance of the proposed method, experiments were carried 

out on 113 video sequences. They include 64 synthetic video sequences and 49 real 

video sequences. In the following parts, after showing some interfaces we designed, we 

present some experimental results of camera operations estimation in the context of video 

indexing and retrieval. At last, we discuss the influence of system's parameters and the 

results we got. 

4.1 Interfaces 

We implemented a video indexing and retrieval system using visual c++. The designed 

interface is shown in figure 4.1. There are four tabs. "View Video" can load video 

and play it. The user can play the video frame by frame and some video information 

is listed. The "Index Video" tab (figure 4.2) can let users select the video and index 

it. The parameters used in indexing procedure are shown in figures 4.3 and 4.4. When 

processing a searching request, "Retrieve Video" tab (figure 4.5) helps users to set their 

45 



query and search results will be displayed in the tab "Results" (figure 4.6) . 

Figure 4.1: The pro gram interface 
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Figure 4.2: The program indexing interface 
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Figure 4.3: The program indexing parameters 

Figure 4.4: The input parameters of homotopy-based method 
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Figure 4.5: The video retrieval interface 
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Figure 4.6: The video result interface 

4.2 Experimental Results 

We separated all of the experimental results into two classes: 1) Indexing Results 2) 

Retrieval Results. For each of them we present sample results of a few videos. We then 
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analyze all of results gotten from our video database in section 4.2.2. 

4.2.1 Indexing 

The proposed algorithm is applied iteratively to successive pairs of frames. For each 

pair of frames, we extract camera operations (i.e. camera motion and focus changes) as 

mid-level features from low-level features (apparent motion and defocus blur) using the 

following parameters. We will analyze the influence of these parameters in section 4.3. 

System Parameters Default Value 
B 64 
Tr 0.5 
Tm 1.0 

Tassign 1.0 
Ta 40% 
Ts 0.3 

Ttin 0.79 
Tth 0.60 
Tzin 1.028 
Tzout 0.985 

Tb 0.4 

Ttc 0.6 

Table 4.1: Initial system parameters 

B is a block size (in pixels). Concerning the videos in our database, the frame size of 

most of the sequence is bigger than 256 x 256. Therefore, we choose 64 x 64 as a default 

block size. Users can obviously choose other block size as 16 x 16, 32 x 32 or 100 x 

100. Threshold Tr determines reliable blocks. Tm and Tassign are used in merging pro-

cedure and increased in each recursive step. To find the dominant 2D motions, Ta and 

Ts are adopted. The classification thresholds (Tiin , Tth, Tzin, Tzout, n, Ttc) mentioned 

in equations (3.17, 3.18, 3.19, 3.20, 3.9, 3.10) are initialized as Tiin = 0.79, Tth = 0.6, 

Tzin = 1.028, Tzout = 0.985, n = 0.4, Tfc = 0.6. 
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In what follows, we give several examples for each specific camera operation, i.e., pan-

ning/tracking, tilting/booming, zooming/ dollying, rolling, focus changes and the com-

bination of them. The recall and the precision are calculated in order to explain the 

performance of the proposed indexing algorithm. Let ne, nm and n f, respectively, be the 

number of correct, missed and false detections that are generated by our indexing scheme. 

That is, ne is the number of positive case that were correctly identified. nm means the 

number of positive cases that were detected as negative cases. On the contrary, n f means 

negative cases that were incorrectly identified as positive cases. The recall and precision 

are then defined as 

Recall 

Precision 

(4.1) 

(4.2) 

Thus, if we use the percentage to represent recall and precision, the value of them can 

be in the range of [O, 100]. When they are close to 100%, that means most of camera 

operations are correctly identified and thus our algorithm is proved working well. On the 

other hand, small value of recall and precision means a lack of precision of the proposed 

method. 

4.2.1.1 Panning / Tracking 

36 video sequences that only include panning/tracking were used for testing. Among 

them, there are 20 synthetic video data and 16 real video sequences. Figure 4. 7 is an 

example of camera tracking. This soda-can sequence was provided by J oe Heel at Brown 

University. The camera in this sequence moves parallel to the ground. There are 11 

frames. The frame size is 201 x 201. The 1st, 6th and 11th frames in the sequence are 

shown in figure 4.7. The results of our algorithm with this sequence is given in Table 4.2. 

I t shows that the same camera operation is detected between each pair of frames and our 
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algorithm classifies it as camera panning or tracking right. From this table, it is clear 

that the computed result of camera motion is in good agreement with the true motion. 

(a) (b) (c) 

Figure 4.7: Sub-frames of the video pepsi.avi (a) Frame 1 (b) Frame 6 (c) Frame 11 

Frame Pair Detected Camera Operations 
1,2 Pan/Track right 
2,3 Pan/Track right 
3,4 Pan/Track right 
4,5 Pan/Track right 
5,6 Pan/Track right 
6,7 Pan/Track right 
7,8 Pan/Track right 
8,9 Pan/Track right 
9,10 Pan/Track right 
10,11 Pan/Track right 

Table 4.2: Results gotten from the sequence pepsi.avi where camera tracks to the left 

Table 4.3 lists the performance on the total collection of 36 videos that include 616 pairs 

of frames which only have camera panning or tracking. 587 frames are identified to 

this kind of camera operation. Only 29 frames are missed. The recall and precision are 

calculated respectively according to equation ( 4.1) and ( 4.2). The corresponding values 

are quite satisfying: 95.29% and 100%, respectively. Consequently, we may conclude 

that the use of our algorithm allows us to accurately identify video sequences containing 

camera panning or tracking. 
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Camera operations Total pair of frames Correct(nc Missed(nm) False(nJ Recall(%) Precision(%) 
Pan/Track 616 587 29 0 95.29 100 

Table 4.3: Detected results of 36 video sequences that only have pan or track 

4.2.1.2 Tilting / Booming 

A video (gridlys.avi) was created from an image sequence found in VASC (Vision and Au-

tonomous System Center) Image Database (http://vasc.ri.cmu.edu/idb/html/motion/ 

index.html) at Carnegie Mellon University. There are 6 images in this sequence and they 

represent a scene containing a chess on a grid board. These images were taken by a 

camera moving downward (i.e. booming). Each image size is 480 x 512. The 1st, 3rd 

and 6th frames in the sequence are shown in figure 4.8. The performance of our scheme 

to this sequence is shown in table 4.4. We observe that 5 pairs of frames are identified to 

have tilting or booming. That means the detection result of camera tilting or booming 

is in good agreement with the reality. 

(a) (b) (c) 

Figure 4.8: Sub-frames of the video gridlys.avi (a) Frame 1 (b) Frame 3 (c) Frame 6 

Table 4.5 summarizes all results of 26 video sequences that only have tilting or booming. 

Among 554 frame pairs, 550 are correctly detected. Recall and precision are respectively 

99.27% and 100%. This thus confirms that for the videos containing tilting or booming 

the performance of the estimation is quite good. 
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Frame Pair Detected Camera Operations 
1,2 Tilt/Boom down 
2,3 Tilt/Boom down 
3,4 Tilt/Boom down 
4,5 Tilt/Boom down 
5,6 Tilt/Boom down 

Table 4.4: Results gotten from the sequence (gridlys.avi) where camera moves down 

1 Camera operations Total pair of frames Correct(nc Missed ( nm) False(n1: Reca11(% )1 Precision(%) 1 
1 Tilt/Boom 554 550 4 0 99.27 1100 

Table 4.5: Detected results of 26 video sequences that only have tilting or booming 

4.2.1.3 Zooming / Dollying 

20 images (named as tigerlz) of a real scene were found in the VASC (Vision and Au-

tonomous System Center) Image Database and they were made of a poster placed in 

front of a grid. Each of these images is 480 x 512 pixels wide. The camera was set to 

move forward. The 1st, 10th and 20th frames are shown in figure 4.9. 

The result of applying the algorithm to this sequence is given in table 4.6. A camera 

operation is detected between each pair of frames and it is classified as camera zooming 

or dollying. It confirms that we get an accurate estimation of zooming or dollying effect. 

(a) (b) (c) 

Figure 4.9: Sub-frames of the video tigerlzs.avi ( a) Frame 1 (b) Frame 10 ( c) Frame 20 
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Frame Pair Detected Camera Operations Frame Pair Detected Camera Operations 
1,2 Zoom in/Dolly forward 2,3 Zoom in/Dolly forward 
3,4 Zoom in/Dolly forward 4,5 Zoom in/Dolly forward 
5,6 Zoom in/Dolly forward 6,7 Zoom in/Dolly forward 
7,8 Zoom in/Dolly forward 8,9 Zoom in/Dolly forward 

9,10 Zoom in/Dolly forward 10,11 Zoom in/Dolly forward 
11,12 Zoom in/Dolly forward 12,13 Zoom in/Dolly forward 
13,14 Zoom in/Dolly forward 14,15 Zoom in/Dolly forward 
15,16 Zoom in/Dolly forward 16,17 Zoom in/Dolly forward 
17,18 Zoom in/Dolly forward 18,19 Zoom in/Dolly forward 
19,20 Zoom in/Dolly forward 

Table 4.6: Results gotten (tigerlzs.avi) from the sequence where camera moves forward 

The results of zooming/ dollying detection for videos containing only zooming or dollying 

motion are shown in table 4.7. 21 video sequences and 452 frame pairs are used. In this 

table, the number of detected zooming or dollying frames (i.e. 438 frames) is compared 

with the ground truth and then recall and precision are computed as 96.90% and 100%. 

According to the values of both recall and precision, the proposed method yields fairly 

good performance for zoom or dolly's estimation. 

Camera operation Total pair of frames Correct(nc Missed(nm) False(n1 Recall(%) Precision(%) 
Zoom/Dolly 452 438 14 0 96.90 100 

Table 4.7: Detected results of 21 video sequences that only have zooming or dollying 

4.2.1.4 Rolling 

MM_roll is a video sequence we created using the 3D Studio Max software. There are 

26 frames in this video and each frame size is 320 x 300. In this sequence, the camera 

is set to rotate around z axis and each image frame is taken every 1 degree. The 1st, 

12th and 26th frames are displayed in figure 4.10. The performance of our algorithm to 

this sequence is shown in table 4.8. Each pair of frames is detected to have a camera 
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operation and it is identified as rolling. Thus, the result is in good agreement with reality. 

(a) (b) (c) 

Figure 4.10: Sub-frames of the video MM_roll.avi (a) Frame 1 (b) Frame 12 (c) Frame 
26 

Frame Pair Detected Camera Operations Frame Pair Detected Camera Operations 
1,2 Roll right 2,3 Roll right 
3,4 Roll right 4,5 Roll right 
5,6 Roll right 6,7 Roll right 
7,8 Roll right 8,9 Roll right 

9,10 Roll right 10,11 Roll right 
11,12 Roll right 12,13 Roll right 
13,14 Roll right 14,15 Roll right 
15,16 Roll right 16,17 Roll right 
17,18 Roll right 18,19 Roll right 
19,20 Roll right 20,21 Roll right 
21,22 Roll right 22,23 Roll right 
23,24 Roll right 24,25 Roll right 
25,26 Roll right 

Table 4.8: Results gotten from the sequence (MM_roll.avi) where camerais rotated 

Table 4.9 summarizes all results of 3 video sequences that only have rolling. 54 frame 

pairs are processed and 52 pairs are correctly detected as rolling. The values of recall 

and precision, 96.29% and 100% respectively, are quite good. Hence, we can say that our 

algorithm can obtain a good performance on camera rolling detection. 
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1 Camera operations Total pair of frames Correct(nc Missed ( nm )1 False ( n J Reca11(%) Precision(%) 
j Roll 54 52 2 1 0 96.29 100 

Table 4.9: Detected results of 3 video sequences that only have rolling 

We have to mention that all of video sequences that were used to test the performance 

of our algorithm in terms of camera motion estimation include both cases: static scene 

and scene containing small moving objects. Since in our approach, we already rejected 

motion classes that have smaller population than a given threshold Ta ( see section 3 .1. 2) 

to avoid considering the motion of isolated objects, these object movements did not affect 

our final results as expected. That means even there exists some moving objects inside 

of video sequences, our algorithm still can work well (see tables 4.3, 4.5, 4.7 and 4.9). 

4.2.1.5 Focus Changes 

Sub-frames of a video sequence shown in figure 4.11 were obtained from the Chinese 

movie called Subway. The size of these frames is 352 x 240 pixels. It is obvious that at 

the beginning of the video sequence, the textures on the transparent glass are very clear 

and in the focus. Later when the photographer switched his attention to the character 

who is sitting behind and far from the glass, this character becomes clearer and clearer 

and finally into the focus. On the contrary, the texture on the glass is set to be out of 

the focus and becomes blurred. 

(a) (b) (c) 

Figure 4.11: Frames of the video(subway_office.avi)(a)Frame 1 (b)Frame 11 (b)Frame 23 
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The performance of our algorithm to this sequence is shown in table 4.10 and the focus 

change is correctly identified between each pair of frames. 

Frame Pair Detected Camera Operations Frame Pair Detected Camera Operations 
1,2 no camera motion,focus changes 2,3 no camera motion,focus changes 
3,4 no camera motion,focus changes 4,5 no camera motion,focus changes 
5,6 no camera motion,focus changes 6,7 no camera motion,focus changes 
7,8 no camera motion,focus changes 8,9 no camera motion,focus changes 

9,10 no camera motion,focus changes 10,11 no camera motion,focus changes 
11,12 no camera motion,focus changes 12,13 no camera motion,focus changes 
13,14 no camera motion,focus changes 15,16 no camera motion,focus changes 
17,18 no camera motion,focus changes 18,19 no camera motion,focus changes 
19,20 no camera motion,focus changes 20,21 no camera motion,focus changes 
21,22 no camera motion,focus changes 22,23 no camera motion,focus changes 

Table 4.10: Results getting from a sequence where the focus change exists 

7 video sequences and 76 frame pairs that only contain focus changes were used for testing 

purpose. 71 frames are correctly identified. Table 4.11 summarized all results from these 

sequences and recall and precision are respectively computed as 93.42% and 100%. It 

clearly shows that our algorithm can work well on detecting the focus changes when there 

are no obvious camera movements between frames. 

1 Camera operation~ Total pair of frames Correct(nc Missed(nm) False(nJ Reca11(%) Precision(%) 
1 Focus Changes 1 76 71 5 0 93.42 100 

Table 4.11: Detected results of 7 video sequences that only have focus changes 

Notice that in the previous sections (section 3.1.2.2 and section 3.1.3), we discussed that 

except focus changes, there are several situations that also may cause the changes of 

blur differences, such as when isolated objects are moving toward/ away from the camera, 

when a camera moves with autofocus on, zoom in/ out process or when a camera with 

static focus is moving along the optical axis. Thus, in order to identify focus changes in 

terms of analyzing changes of blur differences, it is necessary to distinguish it from all of 
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these possible cases. Here we will give an example of each specific case and explain how 

our algorithm can distinguish them from focus changes. 

When isolated abjects are moving toward/away from the camera 

When isolated objects are moving toward/away from the camera, the changes of blur 

differences will only happen in the part of scene. Thus, checking how big estimated 

defocusing and focusing classes occupy in the whole image might be a eue to distinguish 

focus changes from isolated objects moving along the optical axis direction. For example, 

a segment was obtained from the Korean TV drama called Full House. There are 14 

frames in this sequence and each of frame is 352 x 240 pixels wide. The camera was 

set fixedly. A gift box was moved away from the camera and shifted into the camera 

focusing area. The 1st, 7th and 14th frames are shown in Figure 4.12. The detected 

camera operations to this sequence are shown in table 4.12. In order to make it clear, we 

are listing the K- that is calculated using equation 3.10. 

(a) (b) (c) 

Figure 4.12: Frames of the video sequence (gift.avi)(a) Frame 1 (b) Frame 7 (c) Frame 
14 

According to estimated motion class and these "" values, our algorithm identified that 

there are no camera motions but it might have isoiated objects moving toward/away 

from the camera (i.e. K- < Tf c) and thus no focus changes happened. 
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Frame Pair K, Detected Camera Operations 
1,2 0.51 no camera motion, no focus changes 
2,3 0.43 no camera motion, no focus changes 
3,4 0.58 no camera motion, no focus changes 
4,5 0.40 no camera motion, no focus changes 
5,6 0.42 no camera motion, no focus changes 
6,7 0.50 no camera motion, no focus changes 
7,8 0.48 no camera motion, no focus changes 
8,9 0.41 no camera motion, no focus changes 
9,10 0.50 no camera motion, no focus changes 
10,11 0.49 no camera motion, no focus changes 
11,12 0.52 no camera motion, no focus changes 
12,13 0.42 no camera motion, no focus changes 
13,14 0.46 no camera motion, no focus changes 

Table 4.12: Results gotten from the sequence (gift.avi) where isolated objects are moving 
away to the camera 

When a camera is moving with autofocus on 

When a camera moves with autofocus on, the pixels on the frame might have some 

changes of blur differences. We found that in this situation these blur differences might 

be big values because of fast camera movements or pixels from time t to t + D.t may 

switch from C+ to C_ (resp. C_ to C+) directly because of having autofocus on (see 

section 3.1.3). Here is a example. From the Korean TV drama called Full House we 

got a video sequence where camera tracked to the left. There are 7 frames and each of 

frame is 352 x 240 pixels. The detected camera operations to this sequence are shown in 

table 4.13. "" can be calculated by equation 3.10. f3avg is the average of blur differences 

of all pixels in the frame and c means how many percentage of pixels between the frame 

in t and the frame in t + l are jump from class C+ to C_ and from C_ to C+. If the f3avg 

is bigger than a threshold (i.e. 1.0) or c is greater than 0.2, we consider the blur effect is 

caused by camera movements with autofocus. 
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Frame Pair K, f3avg é Detected Camera Operations 
1,2 0.65 1.13 pan/track left, no focus changes 
2,3 0.74 0.67 0.21 pan/track left, no focus changes 
3,4 0.54 0.70 0.22 pan/track left, no focus changes 
4,5 0.67 0.72 0.22 pan/track left, no focus changes 
5,6 0.60 1.5 pan/track left, no focus changes 
6,7 0.77 0.9 0.31 pan/track left, no focus changes 

Table 4.13: Results gotten from the sequence (fullhouse_pan.avi) where camera tracks to 
the left 

From table 4.13, we found that even the values of "" between frames are quite bigger 

than the threshold Ttc, since camera was tracked quickly, the averages of blur differences 

between the first frame and the second frame and between the fifth frame and sixth frame 

are big. Also due to the autofocus, many of the pixels switch directly from class C+ to 

C_ and from class C_ to C+. Then we get the conclusion that the blur effect within 

this video sequence is not because of focus changes. At the same time, our algorithm 

correctly detected the camera panning or tracking to the left. 

When camera is rnoving along the optical axis 

During zooming in/ out process or when a camera with static focus is moving along the 

optical axis, it might have some changes of blur differences among pixels. These changes 

are locally small and for the whole sequence, the changes are small too. But when focus 

changes happen, the changes of blur differences might be big from the whole sequence 

point of view. Therefore, we consider the blur difference values in the frames t and 

t + 1. Let us look at the sequence that was obtained from the video called mongo-

lia (http://www.cs.bris.ac.uk/home/porter/spath/examplesl/examplesl.html). Within 

this sequence, a camera zooming is done. There are 6 frames and each frame is 336 x 

272 pixels. The results gotten from our algorithm are shown in table 4.14. 

62 



Frame Pair K, Pavg Navg Detected Camera Operations 
1,2 0.63 0.32 0.56 zoom in,no focus changes 
2,3 0.43 zoom in,no focus changes 
3,4 0.57 zoom in,no focus changes 
4,5 0.67 0.4 0.53 zoom in,no focus changes 
5,6 0.46 zoom in,no focus changes 

Table 4.14: Results getting from a sequence (mongolia_zoomB) where the camera zooms 
in 

Where Pavg and Navg are the average blur difference value of pixels that belong respec-

tively to classes C+ and C_ at time t and whose correspondence pixels at frame t + 1 are 

also classified into class C + and C _ . These two variables can be o btained by tracking 

the membership of class C+ and C_ from time t to t + 1 based on the apparent motion 

( cf. section 3.1.1). From the table 4.14, we observe that frames 2 to 4 and 5 to 6 are 

filtered out since the estimated K, is less than the threshold Ttc· We also observe that 

preserved frame pairs (i.e. 1,2 and 4,5) have small Pavg and Navg values. Based on this 

observation they were classified as zooming in/ out only. That means we identified that 

the blur differences of pixels might be caused by camera zooming in/ out process. 

Therefore, from considering all of these possible cases that might cause the changes of 

blur difference, our algorithm could identify when the focus changes happen. Tables 4.11 

and 4.17 are shown that our algorithm works well to detect focus changes inside of videos. 

4.2.1.6 Combinations of Camera Operations 

We also tested more complex cases, i.e., the combination of multiple camera operations. 

Two examples (MM_tracktiltzoom.avi and lotto.avi) are given in order to prove the per-

formance of the proposed algorithm. MM_tracktiltzoom.avi sequence was created using 

3D Studio Max software. There are 14 frames in this video and each frame size is 320 x 

300. In this sequence, the camera tracks to the right and at the same time a tilting and 
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zooming out are performed. The 1st, 8th and 14th frames are displayed in figure 4.13. 

The performance of our algorithm with this sequence is shown in table 4.15. Each pair 

of frames is detected to have three kinds of camera motions. They are paning/tracking, 

tilting/booming and zooming/ dollying. Thus, the result is accordant with the ground 

truth. The next example is provided by Dmitry Komarenko using Helicon Focus soft-

(a) (b) (c) 

Figure 4.13: Sub-frames of the video MM_tracktiltzoom.avi (a) Frame 1 (b) Frame 8 (c) 
Frame 14 

Frame Pair 
1,2 
2,3 
3,4 
4,5 
5,6 
6,7 
7,8 
8,9 

9,10 
10,11 
11,12 
12,13 
13,14 

Detected Camera Operations 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 
Pan/Track right+ Tilt/Boom up + Zoom in/Dolly 

Table 4.15: Results gotten from the sequence (MM_tracktiltzoom.avi) where camera 
tracks to the right, tilts to upward and zooms out 

ware. There are 11 image pairs and each image is 800 x 600 pixels. The 1st, 6th and 12th 

frames are shown in figure 4.14. In this sequence, camera changes its focus points from 
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the nearest object to the farther object. At the same time, a zooming out is performed. 

The performance of our algorithm to this sequence is shown in table 4.16. Between 

these two frames, a zooming and focus change are detected. Thus, the result is in good 

agreement with the ground truth. 

(a) (b) (c) 

Figure 4.14: Frames of the video lotto.avi (a) Frame 1 (b) Frame 6 (c) Frame 12 

In our database, there are 20 sequences which contain the cornbination of more than one 

camera operations. Table 4.17 lists the performance of our algorithm for these videos. 

We noticed that even if both the recall and precision are quite satisfying, the panning or 

tilting detection becomes a bit less accurate in this table. It is easy to understand. As 

we mentioned in the previous chapters, our method is based on the calculation of optical 

flow and defocus blur. When there are multiple camera motions in a frame, a mixed 

optical flow may not be reliable. For example, when camera pans right two pixels and 

tracks left two pixels, the optical flow could almost be nothing. Therefore, our algorithm 

would not detect any camera operations in it and the true existing motions can not be 

deduced. 

65 



Frame Pair Detected Camera Operations 
1,2 Zoom out/Dolly backward + Focus change 
2,3 Zoom out/Dolly backward + Focus change 
3,4 Zoom out/Dolly backward + Focus change 
4,5 Zoom out/Dolly backward + Focus change 
5,6 Zoom out/Dolly backward + Focus change 
6,7 Zoom out/Dolly backward + Focus change 
7,8 Zoom out/Dolly backward + Focus change 
8,9 Zoom out/Dolly backward + Focus change 
9,10 Zoom out/Dolly backward + Focus change 
10,11 Zoom out/Dolly backward + Focus change 
11,12 Zoom out/Dolly backward + Focus change 

Table 4.16: Results gotten from the sequence (building.avi) where camera zooms in and 
the viewer's focus is changed 

Camera operations Total pair of frames Correct(nc Missed(nm) False(n1 Recall(%) Precision(%) 
Pan/Track 167 149 18 3 89.22 98.02 
Tilt/Boom 142 137 5 6 96.47 95.80 
Zoom/Dolly 198 193 5 1 97.47 99.48 
Roll 50 47 3 1 94 97.91 
Focus change 32 30 2 2 93.95 93.75 

Table 4.17: Detected results of all of the video sequences that contain the combination 
of more than one camera operations 

All of these results lead to the conclusion that the proposed approach not only yields an 

accurate estimation of single camera operation, such as, panning/tracking, tilting/booming, 

zooming/ dollying, rolling, as well as focus changes, but also for the combinations of them, 

the estimation result is satisfying. These camera operations are later used as the index 

to label each frame for the retrieval purpose. 

We provide the query choice in the retrieval interface (figure 4.5) so that the user can 

decide which criterion is used to perform the search. If the query is only for searching a 

single camera operation, the relationship among the selected motion types that are listed 

in "Camera Motion Description" area will be the logical OR. Otherwise (i.e. "Mixed 
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Motion" is chosen.), a logical AND will be performed. 

Our retrieval interface also gives a option to users who want to search specific sequences 

where camera motion happened in a certain order. That means users can define a query 

where what kind of camera motions are happening first, second, third and fourth. All of 

request settings can be done by pressing "Advanced »" button in figure 4.5. 

When processing a searching request, the indexing file of each selected video is read au-

tomatically. If there is any video that has the same camera operations as described by 

the query, this video is treated as a result candidate. The segments that are satisfied by 

the query's request can be browsed in the "Results" tab (figure 4.6). 

Figures 4.5 and 4.6 are example for retrieving a camera panning or tracking. 

4.2.2 Evaluation 

The evaluation of our algorithm has been performed with a total of 113 video sequences 

obtained from the internet, movies or created by ourselves. Among all of them, some are 

synthetic, while some are real. Sorne have single camera operation while some contain 

multiple camera operations. 

In section 4.2.1, we already analyzed two kinds of results from video segments that only 

contain : 1) one known single camera operation; 2) more than one known simultaneous 

camera operations. Table 4.18 presents an overall performance evaluation, that is we 

run our algorithm using 113 video sequences that may include several types of camera 

operations and many combinations of them (i.e. simultaneously). Those results were 

executed using the same parameter values as in previous sections. 
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Camera operations Total pair of frames Correct(nc Missed(nm) False(n1 Recall(%) Precision ( % ) 
(ground truth) 

Pan/Track 783 736 47 34 93.99 95.58 
Tilt/Boom 696 687 9 35 98.70 95.15 
Zoom/Dolly 649 630 19 5 97.07 99.21 
Roll 104 99 5 2 95.19 98.01 
Focus change 108 101 7 4 93.51 96.19 

Table 4.18: Overall performance of the proposed approach 

The values of each of them are quite satisfying. The minimum recall value is 93.51 % 

while the minimum precision value is 95.15%. However, notice that the "False" column 

of table 4.18 lists 34 and 35 frame pairs that were falsely regarded as panning and tilting. 

These results seem to be mainly due to a big rolling's angle or an inappropriate block's 

size (as we discussed in section 4.3). 

4.3 Influence of the Parameters 

There are two kinds of input parameters that are used in our algorithms. One kind is 

for calculating the optical flow and defocus blur. The other defines the block size and 

some thresholds ( see table 4.1). How big the block size is decides how man y pieces each 

frame is divided into during doing a dominant motion estimation. The thresholds listed 

in table 4.1 are used for the classification of camera operations. Since the influence of 

the parameters in the calculation of optical flow and blur difference can be referenced in 

[35), let us first discuss the influence of changing the block's size. 

As we mentioned in section 4.2, the experimental value of the block size is 64 x 64 

pixels if the frame size is bigger than 256 x 256 pixels, otherwise the block size is 

set to 16 x 16 pixels. From the theoretical view, the size of blocks should be kept 

to a minimum to localize the estimation and to avoid estimating motion across object 
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boundaries. However, if the size of blacks is too small, the optical flow in each block 

might be distorted and causes an error of motion estimation in the whole frame ( e.g. 

aperture problem). In general, larger blacks will provide better parameter estimation 

under noisy situation. The choice of block size is thus a compromise. 

For example, there is a video sequence called tigerlzs.avi that is used in the section 4.2 

as an example of zooming or dollying. In this video sequence, each frame is of 300 x 

320 pixels. When using 64 pixels as default block size, the detected result is listed in 

table 4.6. If we change the block size to 16 and 100, we get table 4.19. In table 4.19, 

when the block's size is set to be 16 x 16 pixels, besicles zooming or dollying, some frame 

pairs are detected to have a panning or tilting. Therefore, ill-suited block size will arise 

the uncorrect motion detection. We also observed that for the video sequences that have 

zooming/ dollying, or rolling or both these camera operations inside, the indexing results 

are more affected by the selection of the block size. For the only panning/tracking or 

tilting/booming videos, the results are less depended on the choice of block size. 

Except the block size, there are several thresholds also used in the proposed approach (see 

table 4.1). Tr decides reliable blacks. When its value is set to be bigger, that means more 

blacks are considered as inputs of merge process. On the contrary, when it is small, some 

blacks will be regard as unreliable blacks and can not be considered in merge process. 

We find that a value of 0.5 < Tm < 1.0 provides a good measure. Since Tm and Tassign 

are used in merging procedure and are increased in each recursive step, they only decide 

how many times the recursive will do. Ta is also used in merging process in order to 

reject the small abject motions. It means that when the membership of a motion model 

contains more than Ta x S ( S is the number of pixels in the frame) pixels, we consider 

this motion model is mainly caused by camera movements and used to the interpreting 

camera motion. Otherwise it would be rejected. We found that when Ta is in the range 

of [30%, 50%], it is proved to have a good measure. 
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Frame Detected Camera Operations 
Pair B = 16 x 16 B = 100 x 100 
1,2 Zoom in/Dolly forward Zoom in/Dolly forward 
2,3 Zoom in/Dolly forward Zoom in/Dolly forward 
3,4 Zoom in/Dolly forward Zoom in/Dolly forward 
4,5 Zoom in/Dolly forward + Tilt/boom up Zoom in/Dolly forward 
5,6 Zoom in/Dolly forward Zoom in/Dolly forward 
6,7 Zoom in/Dolly forward + Tilt/boom up Zoom in/Dolly forward 
7,8 Zoom in/Dolly forward Zoom in/Dolly forward 
8,9 Zoom in/Dolly forward Zoom in/Dolly forward 
9,10 Zoom in/Dolly forward Zoom in/Dolly forward 
10,11 Zoom in/Dolly forward Zoom in/Dolly forward 
11,12 Zoom in/Dolly forward Zoom in/Dolly forward 
12,13 Zoom in/Dolly forward Zoom in/Dolly forward 
13,14 Zoom in/Dolly forward Zoom in/Dolly forward 
14,15 Zoom in/Dolly forward Zoom in/Dolly forward 
15,16 Zoom in/Dolly forward + Pan/track left Zoom in/Dolly forward 
16,17 Zoom in/Dolly forward Zoom in/Dolly forward 
17,18 Zoom in/Dolly forward Zoom in/Dolly forward 
18,19 Zoom in/Dolly forward Zoom in/Dolly forward 
19,20 Zoom in/Dolly forward Zoom in/Dolly forward 

Table 4.19: Results obtained from a sequence called gridlz.avi when the block size is set 
to 16 or 100 pixels squared 

Ts, Tlin, Tth, Tzin and Tzout are defined for the classification of 3D camera motions. T8 is 

first adopted to measure two motion classes and merge them together if they are caused 

by the same type of camera movements. The more important thresholds we should 

discuss are Tiin, Tth, Tzin and Tzout· They are used to tell whether there exist camera 

motions in such a frame. In general, choosing the threshold is difficult and it really 

dependents on the context and other factors of videos. For example, the small camera 

movement may not be easy to be detected if the threshold is big. In order to improve 

this, the threshold values (Tiin, Tth, Tzin, Tzout) proposed in our method can be changed 

dynamically. That is, at the beginning of the processing, we set a fixed value for these five 

parameters. We initialize the skip step to 1 and we detect motion status between every 
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adjacent two frames. When the number of frames which have camera operations occupies 

less than 80% of the total frames of the video, we increase skip step and pick up frames 

that are not adjacent. For instance, if the skip step equals 2, that means we pick the 

odd number of frames. Then uses these frames to combine to a new video sequence and 

detect camera operations again from it. If there exist any camera operations, such as pan, 

tilt, zoom, etc., we adjust the threshold values according to the average of corresponding 

parameters ( e.g. Px, Py, s, 0). However, according to the observation, we finally will 

check the adjusted Tlin and make them not less than 0.5. In order to make it clear, we 

give .an example. 

A video called forwardLs.avi was created by a image sequence found in VASC (Vision 

and Autonomous System Center) Image Database at Carnegie Mellon University. There 

are 10 images in this sequence and the camera is set to move forward(i.e. dollying). The 

original image size is 480 x 512. We simply scaled it and set to 300 x 320. The 1st, 5rd 

and 10th frames in the sequence are shown in figure 4.15. 

(a) (b) ( C) 

Figure 4.15: Sub-frames of the video forwardLs.avi (a) Frame 1 (b) Frame 5 (c) Frame 
10 

When our approach is running, optical flow and defocus blur are first calculated between 

every adjacent two frames. The results of Px, Py, s and 0 in equations (3.4), (3.12) et 

(3.13) and initial thresholds Tlin, Tth, Tzin and 'I'zout, are used to find what kind of camera 

motions exist in each frame. Since initial Tzin is a bit small (more smaller Tzin is, more 
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bigger zooming in effect has), only the fifth frame is detected having a zooming/ dollying. 

The rest of the frames are all found as no motion inside. Then a new video sequence is 

produced based on skip every two frames from original video sequence. Optical flow and 

defocus blur are computed again. We observe that between each two frames of this new 

sequence, there exists a zooming or dollying. Thus, the program redefines the threshold 

Tzin according to the average of s and set it to be 0.98. A new classification for original 

video sequence is clone according to this new threshold. It shows that through dynamical 

adjusting thresholds, the performance of the whole system is improved. 

Another two thresholds n and Tfc are used to filter out focus changes due to isolated 

abjects moving along the optical axis. n is a user-defined parameter and firstly classifies 

the blur differences into three classes (i.e. focusing, defocusing, no change). Then blur 

differences corresponding to the significant focus changes are distinguished according to 

the value of Ttc• In practice, we found that n = 0.4 and Ttc = 0.6 provide accurate 

results. 
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Chapter 5 

Conclusion and Future Work 

In this paper, as a continuation of the works of Yu and Zhang [131), Akutsu et al. [2] 

and Ardizzone et al. [24, 7, 8), we proposed a new technique for content-based video 

indexing and retrieval based on both apparent motion and defocus blur. From those low-

level features, we estima te some of the extrinsic and intrinsic camera parameter changes 

and then deduce camera operations (i.e. mid-level features), such as panning/tracking, 

tilting/booming, zooming/ dollying, rolling and focus changes. Those extracted camera 

operations are then recorded into an index which is used for video retrieval. In this work, 

we make a step forward in order to establish a connection between both geometric and 

radiometric deformations and the semantic characterization of them. More specifically, 

we propose a new way to identify camera motion from 2D motion vectors. Moreover, 

defocus blur is first used as a eue to interpret camera operations. 

The proposed algorithm was tested using 113 synthetic and real video sequences. The 

results confirmed that it provides an accurate estimation of camera operations ( e.g. pan-

ning/tracking, tilting/booming, zooming/ dolling, rolling and focus changes). As future 

work, inspired by the work of Arijon [9] about the basic rules of camera movement and 
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their semantic meanings, we will use extracted camera operations to extract higher-level 

concepts in order to support content-based semantic indexing and retrieval. 
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