WP-11: INTEGRATION:
State of the Art in Automatic Human Detection, Motion and
Behaviour Analysis in Multimedia Data

1. Introduction

The goal of the NoE MUSCLE is to automatically extract semantic information from multimedia
data about people and their interactions with complex and natural environments. Human
behaviour understanding has a wide range of future applications ranging from intelligent
surveillance systems to advanced user interface systems [1-8]. Surveillance cameras and sound
recording systems are already available in banks, hotels, stores and highways, shopping centers
and the captured video data are monitored by security guards and stored in archives for forensic
evaluation. In a typical system, a security guard watches 16 video channels at the same time and
may miss many important events. It would be desirable to have an intelligent system with
capability of analysing the video in real time and warning the security staff or a semi-automatic
system high-lighting possible regions of interest in the viewing area of the surveillance cameras
for crime prevention, crowd control [8]. Surveillance of elderly and ill people in their homes is
another important application area requiring automatic video analysis. Real time detection of a
fallen person is extremely important for immediate emergency assistance and it may increase the
quality of life of elderly and sick people. The sound of a fallen body may be necessary to achieve
a robust automatic system. Other applications include various body parts segmentation to track
the movement of joints in a video for medical diagnosis, treatment support, access control, and
athletic, artistic, and musical performance improvement [9-15].

Development of digital libraries will require advanced user interface systems, which can interpret
multimedia data in an automatic manner. Advanced user interface systems using speech and
human motion understanding may provide control and command in high-level interaction with
computerized systems and multimedia databases.

Early work on image retrieval systems is based on text input, in which the images are annotated
by text and retrieval is performed on text [16]. However, manual annotation is labor-intensive and
becomes impractical when the collection is large. Another problem is the subjective nature of
keywords. The same image or video may be annotated differently with different annotators.
Therefore, it is desirable to have a video database management system, including a Web-based
graphical query interface, which can handle queries involving spatio-temporal and semantic
properties of video data [17]. A spatio-temporal query may contain any combination of
directional, topological, 3D-relation, object-appearance, trajectory-projection and similarity-based
object-trajectory conditions. In this way, videos containing human activity and images containing
humans in a database can be retrieved in an efficient manner. Such a system can interact with the
user over the Internet through a graphical query interface as well.

It is also desirable to have a multimodal natural language interfaces for web search engines. The
user will be able to perform web queries using natural language or speech input to the system.
Such a system can engage the user in multimodal dialogue trying to further constrain or relax the
query and better match the user's search requirements and it will be important to summarize the
web query results and create visualizations effects.

Natural language processing and speech understanding has already been used in early human-
machine interfaces. Vision is very useful to complement speech recognition and natural language
understanding for more natural and intelligent communication between human and machines.



More detailed cues can be obtained by gestures, body poses, facial expressions, etc [18-22].
Hence, future systems must be able to independently sense the surrounding environment, e.g.,
detecting human presence and interpreting human behavior.

In order to extract semantic information humans in the video have to be detected as a first step.
Humans can be stationary or moving. Detection of stationary persons in the video is equivalent to
detection of persons in still images. This involves detection of human body parts including face,
human body, hands etc. in a given image. If there are moving person(s) in the video then the
problem of human detection is easier in the sense that one can extract moving object boundaries
and perform human or body part detection inside the object boundary. In addition, object
boundaries contain additional information for object classification and detection. In order to reach
a robust decision, one can take advantage of the associated audio and text (if available) as well. If
there is human speech in the audio portion of the video then this may be used as an additional
clue to reach a final decision. Therefore, following problems should to be solved in a semantic
information system before extracting useful knowledge from multimedia data:

- Stationary human and human body parts detection in image and video,

- moving object detection and classification in video,

- tracking moving objects in video and gait analysis,

- speech detection in audio, and annotation of video using associated speech data, and

- analysis of the available text for human behaviour understanding in video.

Although there are practical face detection and recognition systems in controlled environments

above problems, unfortunately, are not completely solved in complex natural scenes. Therefore,
solutions to above problems will be also studied within the NoE MUSCLE to achieve a human

behavioural understanding system.

Stationary human detection in still images or video aims at segmenting regions corresponding to
people from the rest of an image. The process of moving human detection in video process
involves segmentation of moving regions in an image frame of the video and object classification.
In this report, moving object and human detection process in video is reviewed in Section 2. In
Section 3, human face and body detection in still images and video is described. Current research
on multimodal data analysis for semantic information extraction from multimedia archives and
semantic information extraction in video are reviewed in Sections 4 and 5, respectively. Future
Research Directions are described in Section 6.
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Figure 1: Block diagram of a typical smart video analysis system.
2. Human Detection in Video

A block diagram of a typical smart video analysis system is shown in Figure 1. Given a digital
video signal the first step is to detect regions of interest, which are usually moving objects in
many practical problems.

Detecting moving regions in the form of image blobs provides a narrower region of interest for
later processes such as tracking and activity analysis because only the pixels of the moving region
need be analyzed. This is not a trivial problem because of changes in illumination conditions,
shadows in natural scenes.

Background estimation based human detection methods are widely used in moving object
detection in video [1-4,23-27]. In these methods the background is adaptively estimated from past
image frames and pixels of the moving objects are estimated by subtracting the current image
frame of the video from the estimated background.

Background of the video is defined as the union of all stationary objects and the foreground
consists of moving objects. A simple approach for estimating the background image is to average
all the past image frames of the video because the effect of moving objects will be negligible in
the long run with the assumption that the camera is stationary. In [1-3], the current background of
the video is recursively estimated from past image frames using recursive first order Infinite-
duration Impulse Response (IIR) filters acting on each pixel of the video in a parallel manner. By
using two IIR filters with different update parameters in parallel two different background images
can be estimated as well. A statistical background estimation method is described in the article by
C. Stauffer et al. [23] in which, each pixel is modeled as a mixture of Gaussians and the model is
updated in an iterative manner. This method results in a reliable, real-time outdoor tracker, which
can deal with lighting changes and clutter. Order statistical methods were also developed for
background estimation. Yang and Levine’s [24] algorithm uses the median value of the current
pixel over a series of past images. In [4], a statistical model is constructed by representing each
pixel with its minimum and maximum intensity values, and the maximum intensity difference
between consecutive frames observed during a training period. The model parameters were
updated periodically. The numerous methods described in the literature to the background



estimation problem differ in the type of a background model and the procedure used to update the
background model. In all of these methods, pixels of the foreground objects are estimated by
subtracting the current image from the estimated background image. Moving blobs are
constructed from the pixels by performing a connected component analysis.

If the camera is unstationary then a camera motion compensation algorithm has to be also used.
Other class of moving object estimation methods includes optical flow estimation based methods
[25-27]. Such methods use the optical flow vectors of moving objects over time to detect change
regions in an image sequence.

2.1 Moving Object Tracking

Moving blobs should be tracked in video to achieve robust recognition results. Object tracking is
necessary for human behavior analysis and recognition in video. Basically, tracking of moving
blobs over sequence of images involves associating detected moving objects to each other in
consecutive frames using various features of the blobs. Some tracking methods can also predict
the location of the moving blob in the next image frame.

Standard tracking algorithms are based on statistical methods of correlation, Kalman filtering
[28], condensation algorithm [29], mean-shift tracking [30], and dynamic Bayesian network [31],
particle filtering [28] etc. Correlation based methods work well if there is no scale change in the
tracked objects. Kalman filtering based methods are developed for radar tracking problems and
they work very well in tracking point targets [28].

The condensation algorithm [29] was recently developed and it is based on conditional density
propagation over consecutive image frames. In this tracking algorithm a posterior distribution
estimated in the previous frame is extended to upcoming frames in an iterative manner. A
dynamic model is combined with visual observations to achieve highly robust object tracking in
video. However, it needs a large number of samples to estimate distributions to have good
maximum likelihood estimates of the current state.

Mean shift tracking is another recently developed method for tracking moving objects in video
[30],[126]. It is our belief that mean-shift tracking is an important tool in any tracking system. It
is based on normalized and smoothed color histogram of the moving objects. Color histogram
smoothing is essentially equivalent to so-called kernel density estimation process described in
[30]. The standard mean-shift tracking algorithm determines the location of the moving object in
the next image frame through an iterative process. The normalized histogram of a moving object
in the n-th video frame is expressed as

Ho(k) = (I/N)  _ _(a(s)-k)

s O
where s represents the wavelet domain data, O represents a moving object, _ is the Kronecker-
delta function, N is the number of data points in O, q is the quantizer function mapping the
wavelet domain data into a 16 bit number. The histogram H,, which is constructed from color
pixel information, distinguishes the moving object O from the background and other moving
objects in the scene.

Once the histogram representing a moving object is constructed manually or automatically from
an initial image frame, n, in which the object appears for the first time, the location of this object
in the next frame (n+1 frame) is estimated by determining the similarity of the histogram H, of
the object with a number of histograms extracted from the subsequent n+1 frame. In [30] an



initial histogram iterate is defined at the same location in the next frame. However, it may be also
wise to estimate the initial histogram h; inside the nearest blob region R obtained by background
subtraction and compare it with using the Bhattacharya measure. If the distance is larger than a
predetermined threshold then this means that the blob obtained in the next frame is not related to
the object O and the histogram is initialised in the n+1 image frame in the location of the object O
in the n-th frame. The distance between the two histograms can be compared using other distance
measures as well.

The histogram comparisons are repeated in an iterative manner until a satisfactory match is
established. The article by Comaniciu et al. provides a procedure for determining an offset vector
called the mean-shift vector. It is shown that iterates converge to a local extrema, which is
assumed as the center of mass of the object O in the n+1 video-frame. Instead of the kernel
density estimation process, it is experimentally observed that histograms can be smoothed using a
low-pass FIR filter.

By continuing this process the trajectory of the object O is determined in the sequence of images
forming the video. If there are several objects in the video the tracking process is carried out for
each object, separately to estimate their trajectories. Relative distances between known
background objects and moving objects are continuously calculated from their trajectories.

It should be pointed out that a specific tracking algorithm by itself might not perform well in all
possible cases that can be encountered. A feedback mechanism to correct the mistakes has to be
incorporated to the algorithm as shown in Figure 2. For example, in the above discussion
background subtraction based motion detection and the mean-shift tracking are combined.
Iterative mean-shift process is not only started from the original position of the blob in the
previous frame but also from blobs determined by the motion detection method.

Researchers also developed tracking algorithms especially designed for tracking human body
parts and human body [32-46].
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Figure 2: Block diagram of an object tracking algorithm

2.2. Object classification

The next step is to determine what estimated moving blobs are. Usually, the problem is posed
as a classification problem [1,47-49]. For example, the video captured by an indoor surveillance
camera may contain individual persons, groups of people, and pets and mice in some cases. Video
captured by an outdoor surveillance camera include pedestrians, vehicles, birds, clouds, and other
animals. To extract semantic information it is necessary to correctly distinguish people from other
moving objects and track their motion in the video.

Moving objects are classified according to shape, colour and motion. Block diagram of a typical
object detection scheme is shown in Figure 2. Shape of the moving regions can be characterized
in many ways, including two-dimensional (2-D) contour [1], [124],[125], silhouette [50], skeleton
[51], and blob box information [1]. In [1] moving object blobs are classified into four classes
isolated human beings, vehicles, human groups and clutter using a three-layer neural network
classifier. Classification is carried out using a set of features including a mixture of image-based
and scene-based object parameters such as moving blob dispersedness, blob area, aspect ratio of
the bounding box, and the camera zoom information.
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Figure 3: Feature extraction process in video

Moving objects are modeled using stick figures, so-called ribbons [52], 2-D ellipsoids [53] etc.
Model parameters are estimated from blobs and various classification engines are used to
recognize the moving blob.



Existence of human face and hand colors in the color histogram of the moving blob robustifies
the decision process. Human skin color detection can be carried out in various color spaces
including the red, green, and blue (RGB) color space, luminance and color difference or
chrominance (YUV), and hue, saturation (HSV) color spaces. It is experimentally found that the
simple YUV color space is as good as any other color representation method for human skin color
detection.

The use of temporal information for object classification has been studied by many researchers as
well [47,54-56]. In fact, the classification scheme described in [1] is repeated over several frames
to reach a final decision with the help of a tracking algorithm. More sophisticated methods take
advantage of the periodic behaviour exhibited by non-rigid articulated human motion [47,54-56].
One can also take advantage of the prior information about the scene monitored by the
surveillance camera. For example, pedestrians move much slower than vehicles in a traffic
monitoring case [56].

Data fusion concepts can be used to combine shape, colour and motion information for moving
object classification. There are good recognition results in controlled environments however in
natural settings it is still an unsolved recognition problem [57-59]. The problem is especially
difficult if there is occlusion e.g., a person is sitting behind a table etc. Moving object tracking
may provide partial solution to the occlusion problem.

It is probably impossible to solve the problem completely but a method consisting of fusion of
several algorithms may provide a solution.

2.3. Model-based tracking and Classification

Model based human body modelling and related human body tracking methods include
- stick figure representation based methods,
- 2-D contour modeling based methods, and
- 3-D volumetric models
which represent the geometric structure of the human body in various mathematical ways.

Stick-figure representation of a human body is basically a combination of line segments linked by
joints [60-64]. Such a representation is suitable to model the movements of the torso head and the
limbs. Various human movements represented by a sequence of stick movements are modeled by
Hidden Markov Models (HMMs) [115] for classification [65]. This approach can be used not
only to recognize the existence of human beings in a video but also to classify the human
movements. A hidden Markov model representing each typical human pose and movement can be
designed and trained a priori using typical training video sequences. During the recognition phase
the movement of human body is recognized according to the HMM producing the highest
probability.

The weakness of this approach is the overly simplified stick representation of the human body.
Classification errors are mainly due to the simplified model. More sophisticated models include
not only simple sticks but also 2-D ribbons [66-69] to have better models of articulated motion of
human limbs.

2-D contour modelling based approaches include snakes [70] or active contour models [44-
46,70-72] and various 1-D functions representing the 2-D contours of the moving blobs.



Active contour based tracking and object boundary modelling have been studied especially in the
context of video coding. Adaptive contour models, which are dynamically updated for each video
frame, were also developed. Given an image sequence having a moving object, it is only
necessary to initialize the snake around a contour of the moving object, which can be extracted
using a background subtraction algorithm, or level sets can be used. For each new image, the
snake is placed on the image at its position in the previous image. The snake then extracts the
object’s contour in the new image, if the velocity of the object is slow so that there is reasonable
amount of overlap in object pixels between the two consecutive image frames. A prediction
algorithm, such as a standard Kalman filter can be used to estimate the next position of the snake
in a video sequence. This makes the tracker more robust and capable of tracking fast moving
objects as well.

Neural networks are also used for classifying tracked moving objects as human being or not. The
neural network can be trained using the so-called snaxels of the active contour. Due to the
relatively small size of the feature vector consisting of snaxels computational load of
classification is low. However, active contour based boundary estimation is an iterative process
hence it is relatively computationally costly. The negative aspect of the active contour or in
general object boundary based classification algorithms is the occlusion problem. If a human
being is partially occluded then such methods lead to incorrect results.

Neural networks, HMMs and other classification engines can be also trained using 1-D functions
extracted from 2-D contours [1]. For example, a 1-D function can be constructed by computing
the distance from the center of mass of the object to the boundary of the object at various angles
as shown in Figure 4. Another 1-D function can be constructed by projecting the moving object
onto the horizontal and vertical axes and concatenating the 1-D projections etc.
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Figure 4-a: A 1-D function can be constructed by computing the distance from the center
of mass of the object to the boundary of the object at various angles



Figure 4-b: Boundary of a walking person and the corresponding 1-D function

3-D volumetric models including elliptical cylinders, cones, spheres and other more sophisticated
models [73-78] are used to model human body. Research in this field is based on the human
modelling methods developed in the field of computer graphics. If a 3-D model of the scene is
also available or estimated then 3-D volumetric models provide an accurate description of
moving objects and people. In order to estimate 3-D parameters it would be desirable to have
stereo or multiple cameras monitoring the scene. Obviously, 3-D models require more
parameters to be estimated and updated during the tracking process and this leads to
computationally expensive methods compared to other human models during the matching
process. In general, the number of parameters to represent the links of the human body is kept at
minimum to reduce computational complexity. In the case of deformable links, the deformation
parameters are reduced by restricting the deformations to linear deformations [75, 79].

There is a great deal of research to find suitable models for object recognition purposes,
especially for human recognition and tracking in images and videos. Biederman [80] proposed
parameterized part models that capture the structure of the objects in terms of a few parameters.
He suggests that recovery of arrangements of a few major primitive components leads to faster
object recognition. These models are computationally efficient since using a small number of
parameters simplifies the problem to search in a small database of stored models for matching.

Terzopoulos, Witkin, and Kass [81] proposed a deformable cylinder for recovering 3D shape and
motion. Their work exploits computational physics in the recognition process. However, the
model with a small number of parameters is not enough to provide an abstract representation of
object shape.

Gupta and Bacjy [82] use superquadric ellipsoid with parameterized deformations for part
description and segmentation. Pentland [83,84] proposed a physics-based method for fitting
deformable part models based on superquadric ellipsoids. They used modal analysis to reduce the
computational cost of the fitting process. They eliminated high frequency components that do not
have a significant effect. Metaxas and Terzopoulos combined the best aspects of Terzopoulos,
Witkin and Kass models and Pentland’s models to their deformable primitives to recognize
articulated models composed of deformable parts. They coupled the rigid body deformation
dynamics as in [81]. Since they use global deformations defined by nonlinear parametric
equations, their models are more general.



3. Human Face and Body Detection in Images and Video

Human face and body detection can be carried out not only in video but in still images as
well. In this case there is no motion information limiting the search space. This problem is
important in applications such as face recognition for security application, emotion estimation,
face image database management, and in some safety applications. The problem of human face
and body detection also suffers from the illumination changes, cluttered background illumination,
partial occlusion, scale and the pose variations. A human detection scheme should have a way to
solve variations in scale, orientation, pose and illumination. In current systems, some of these
variations are assumed to be fixed to reduce the complexity of the problem. In spite of the recent
research human face and body detection the problem remains as an unsolved problem.

Although it suffers from illumination changes skin color detection is an important starting
point or a clue in many human detection methods in still images [85,86]. Various color spaces are
used for skin color modeling. But recent studies show that widely used Y,U and V (luminance
and chrominance or color difference) color space is also as good as other sophisticated color
representation methods.

The most effective way to cope with variations in scale is to use a multiresolution
wavelet or pyramidal image analysis strategy. By representing the input image at various
resolutions, it is possible to have a human face or body in different sizes so that a matched filter
type object detection algorithm can detect it by running it over all multiresolution sub-images
[87-91]. Or object features can be trained in a fixed scale and it is hoped that one of the
subimages created by the multiresolution decomposition have a similar size object. Another
related recent approach is to use Haar wavelet filters at various scales as matched filters over the
image and extract some feature parameters to feed to a pattern classification engine. This
approach is also robust to variations in face orientation.

Applying several filters or templates at various resolutions to an image is a dual version
of obtaining multiresolution sub-images from a given image and processing them with a fixed
filter. These two approaches are equivalent from a systems engineering point of view. In fact a
similar approach can be used to cope with variations in face orientation as well. Template
matched filters of various scale and orientation can be used [92],[93]. Another approach is to
detect facial features and apply some affine geometric transformations to convert them into a
fixed space [94],[94]. The problem with this approach is that the feature extraction stage may not
produce good results or it may detect too many candidate regions.

Multiple still images can be also used to solve variations in pose and scale. But this requires
the use of multiple cameras. Unfortunately, only one still image is available in many image
databases.

It is probably impossible to have a single algorithm perfectly working in all possible cases.
However results of several algorithms can be fused to achieve a robust human face and body part
detection method from still images.

4. Multimodal Data Analysis for Semantic Information Extraction From Multimedia
Archives

Early work on image retrieval systems is based on text input, in which the images are annotated
by text and retrieval is performed on the associated text [16]. However, manual annotation is
labor-intensive and becomes impractical when the collection is large. Another problem is the
subjective nature of keyword, the same image/video may be annotated differently with different
annotators. Therefore, it is desirable to have a video database management system, including a
Web-based graphical query interface that can handle queries involving spatio-temporal and
semantic properties of video data [17].



In content-based retrieval systems the aim is to browse and retrieve according to their visual
features, such as color, texture or shape. Many systems are introduced for searching image and
video archives using their visual contents, see e.g. [96] for a survey of image and video indexing
and retrieval methods. Apart from [48], [97], [98], that try to identify faces and cars, people, and
pedestrians, image matching in database systems is not usually directed towards object semantics
but based on low-level features, like color and/or texture. User studies show that the users are
interested semantics based image retrieval [99,100].

Due to the limitations of only text based and content only based systems, the use of multimodal
data, if available, is a best strategy to get robust retrieval results. It is shown that performance of
multimedia analysis and understanding systems can be greatly enhanced by combining different
modalities such as image, video, audio and text [101- 107].

The goal is to develop useful multimedia systems that employ annotation and search technologies
based on semantic concepts that are natural to the user. However, extracting the semantics from
the images is a very difficult and long-standing problem. Learning the semantics linked to image
features requires carefully labeled data, which is very difficult to require in large quantities.
Instead, in recent studies it is shown that, such relationships can be learned from multimodal data
sets that provide a loosely labeled data. Probabilistic models are proposed to learn the joint
statistics of visual features and textual features [108-113]. It is shown that learning the
associations between different modalities provides better annotation and retrieval performance
and captures the hidden semantics. Examples include recognition of objects and faces in large
databases [109, 112,114].

5. Semantic Information Extraction in Video

Once the so-called low-level image processing tasks such as moving object detection, tracking
etc. are finished then the next step is semantic information extraction from video sequence.
Understanding of human behaviour in video is one of the key goals of this NoE.

The current approach to this problem is to analyze the video to extract some feature vectors and
to classify this time-varying feature data. During the recognition phase, extracted unknown test
feature vector set is compared to a group of labeled reference feature vector sets representing
typical human actions. The problem is basically equivalent to a selection of a phrase or a sentence
from a finite set of sentences or phrases. Therefore, the training phase consists of obtaining
reference action sequence of vectors corresponding to each possible “sentence” from training
videos.

Feature extraction process is very important to achieve good results. It is impossible to train and
perform classification using the currently available classification engines. The size of the feature
vector should be as small as possible to have computational efficiency. At the same time it should
represent each action very accurately. For example, the center of mass of the tracked object in
image frame of the video can be used as a feature vector in a security application in which
moving persons entering or leaving a building. In this simple problem, the “vocabulary” consists
of a person leaving the building and a person entering a building and the center of mass
information consisting of the horizontal and vertical coordinates in an image of the video may be
good feature vector for this problem. On the other hand, detection of a fallen person in a room
may require some other additional parameters in the feature set. For example, so-called snaxels of
an active snake contour of the human body can be added to the feature vector to distinguish a
fallen person from a person sitting on a couch. Compactness of the contour boundary, the speed
of the center of the mass etc can be also used to distinguish the normal action of sitting on a



couch and the abnormal action of a fallen person. As a rule of tomb, model parameters are
selected as entries of the feature vector in a model based tracking approach. Since a video
consists of sequence of images a sequence of feature vectors are obtained to characterise the
motion of a person(s).

General pattern classification methods used in human behaviour understanding in video include
- Dynamic Programming,
- Hidden Markov Models (HMM) and Gaussian Mixture Models (GMM) s, and
- Neural Networks (NN) and Support Vector Machines (SVM),
- Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA).

The above classification methods are originally used in speech and speaker recognition systems.

Dynamic programming is a well-known optimization method used in many practical problems. It
was also used in finite vocabulary speech recognition in 1980’s and the method is called as
Dynamic Time Warping (DTW) in the field of speech processing. Dynamic Programming is an
NP-complete problem and as a result when the size of the problem increases there is no way to
reduce the computational cost. Therefore, it is not used in current practical speech recognition
systems due to its relatively high computational cost compared to HMM based systems.

Dynamic Programming (DP) was used in matching of human movement patterns [115,116]. It
can successfully used to establish matching between the test and the corresponding reference
vector as long as time ordering constraints hold.

It is our belief that DP is not fully exploited in computer vision problems including contour
boundary based object classification. Computational cost can be reduced by using some heuristic
optimization solutions to DP problems.

Hidden Markov Models (HMM) s are stochastic finite state machines, see e.g., [117]. In the
context of human motion analysis, a finite state Markov model is assigned for each possible
scenario and its parameters are trained with feature vectors of this typical human action. The
training process is an off-line iterative algorithm called Baum-Welch algorithm [117]. During the
classification or recognition phase, the test feature vector set is applied to all of the Markov
models and output probabilities are computed. The Markov model producing the highest
probability is determined and the corresponding human action scenario is selected as the result. In
finite vocabulary speech recognition DP and HMM based methods produce comparable results.
Since HMM based approach is computationally more efficient than dynamic programming it is
used in practical speech recognition systems. HMM’s are not only used in human action
classification [118-122] but also in other image and video analysis algorithms in automatic video
indexing and segmentation [123] and in stochastic natural language processing.

Neural Networks (NN), Time-Delay Neural Networks (TDNN) [131], Cellular Neural Networks
(CNN) [128] and other related schemes including the Support Vector Machines (SVM) are also
widely used in pattern analysis and classification problems [1,2,8,13,128]. Applications include
classification of human faces according to emotional expressions [130,122] and erratic human
motion patterns [1,2,127].

Principle Component Analysis (PCA) [22,132], and Linear Discriminant Analysis (LDA) are also
used in pattern classification. Well-known eigenface method developed for human face
recognition is based on PCA.



6. Future Research Directions

Human motion analysis and action recognition are in early stages of research in spite of the large
amount of work has been carried out in many distinguished research centers. In general the
following problems deserve further attention:

- Shot segmentation problem in video,

- occlusion in video,

- scene modelling and 3-D object detection and tracking,

- feature extraction in of multiple camera systems,

- human action recognition, and automatic or semiautomatic learning techniques,

- automatic and semi-automatic image and video annotation and search methods based on
natural semantic concepts,

- human face and body detection in still images and

- Performance evaluation and test databases.

Segmenting the video into semantically meaningful portions in real-time is still an active non-
trivial research problem because of changes in illumination conditions, and shadows in natural
scenes. This step is also very important to start further motion detection and tracking process.

Occlusions in natural scenes produce problems in many human tracking and detection algorithms.
Therefore robust algorithms capable of handling occlusions are needed. This is especially a major
problem in human-computer interaction systems based on gesture recognition. If the user’s hand
is partially blocked somehow during the interaction process then most hand gesture recognition
systems fail. Algorithms predicting human pose and position and interpolating missing body parts
or portions will be essential for robust systems.

Automatic or semi-automatic scene modelling and understanding using multiple cameras and
determining the position of moving objects and human beings in a 3-D model of the scene are
unsolved problems. Finding the exact 3-D position of a human being in a 3-D scene is very
important in many applications including security, safety and human-computer interaction
systems.

Early attempts to classification of human actions in video are based on the techniques based on
classification systems developed for speech recognition. Such systems can classify human
behaviour in very controlled environments and clearly segmented videos and they can assign the
action into only one of the labeled cases. Automatic or semiautomatic learning techniques should
be also developed for human behaviour analysis. In addition, data mining algorithms to find
interesting human action patterns in an arbitrary video or in a video database and automatic video
retrieval systems are still at their infancy.

Current face detection algorithms do not work in a perfect manner in all possible cases, in
which human faces may vary in scale, orientation, illumination and pose. It seems that human
face feature-based approaches have the best potential for handling variations in scale, orientation,
illumination and pose.

Apart from recently established human face databases there are no standard multimedia databases
for performance evaluation as in speech and speaker recognition. Such databases are necessary to
determine the performance of a given algorithm. In this NoE a specific work package is allocated
for this purpose.



Further Information:

Analysis of multimedia data to detect and track the people, and interpret human behavior is an
important research area in computer vision. In recent years, human detection and motion analysis have
been featured in a number of leading international journals including IJCV (International Journal of
Computer Vision), CVIU (Computer Vision and Image Understanding), IEEE PAMI (IEEE Transactions
on Pattern Recognition and Machine Intelligence) and IVC (Image and Vision Computing), IEEE
Transactions on Image Processing, IEEE Transactions on Multimedia as well as prestigious international
conferences and workshops such as European Signal Processing Conference (EURASIP), ICCV
(International Conference on Computer Vision), CVPR (IEEE International Conference on Computer
Vision and Pattern Recognition), ECCV (European Conference on Computer Vision), WACV (Workshop
on Applications of Computer Vision) and IWVS (IEEE International Workshop on Visual Surveillance),
International Conference of Pattern Recognition (ICPR), IEEE International Conference on Multimedia
and Expo, (ICME). IEEE International Conference on Acoustics, Speech, and Signal Processing
(ICASSP), IEEE International Conference on Image Processing (ICIP).
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