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Abstract 

Modern video surveillance requires addressing high-level concepts such as humans' actions and 

activities. Automated human action recognition is an interesting research area, as well as one of the 

main trends in the automated video survei1lance industry. The typical goal of action recognition is that 

of labelling an image sequence (video) using one out of a set of action labels. In general, it requires 

the extraction of a feature set from the relevant video, fo1lowed by the classification of the extracted 

features. Despite the many approaches for feature set extraction and classification proposed to date, 

some barriers for practical action recognition sti11 exist. We argue that recognition accuracy, speed, 

robustness and the required hardware are the main factors to build a practical human action 

recognition system to be run on a typical PC for a real-time video surveillance application. For 

example, a computationally-heavy set of measurements may prevent practical implementation on 

common platforms. 

The main focus of this thesis is challenging the main difficultie and proposing solution. towards a 

practical action recognition system. The main outntanding difficulties that we have challenged in thi 

thesi include 1) initialL ation issues with model traini ng: 2) feature sets of limited compu ational 

weight sui table fo r real-ti me applicati on; 3) model robustness to outliers; and 4) pending i sue with 

the standardisation of software interfaces. In the following, we provide a description of our 

contributions to the resolution of these issues. 

Amongst the different classification approaches for classifying action , graphical model such as 

the hidden Markov model (HMM) have been widely exploited by many researchers . Such models 

include observation probabilities which are generally modelled by mixtures of Gaussian components. 

When learning an HMM by way of Expectation-Maximisation (EM) algorithms, arbitrary choices 

must be made for their initial parameters. The initial choices have a major impact on the parameters at 

convergence and, in turn, on the recogniti on accuracy. This dependence forces us to repeat training 



with different initial parameters until satisfactory cross-validation accuracy is attained. Such a process 

is overall empiri cal and time consumi ng. 

We argue that one-off initialisation can offer a better trade-off between training time and accuracy, 

and as one of the main contributions of this thesis, we propose two methods for deterministic 

initialisation of the Gaussian components' centres. The first method is a time segmentation-based 

approach which divides each training sequence into the requested number of clusters (product of the 

number of HMM states and the number of Gaussian components in each state) in the time domain. 

Then, clusters' centres are averaged among all the training sequences to compute the initial centre for 

each Gaussian component. The second approach is a histogram-based approach which tries to 

initialise the components' centres with the more popular values among the training data in terms of 

density (similar to mode seeki ng approaches). The histogram-based approach is performed 

incrementally, considering each feature at a time. Either centre initialisation approach is followed by 

dispatching the resulting Gaussian components onto HMM states. The reference component 

dispatching method exploits the arbitrary order for dispatching. In contrast, we again propose two 

more intelligent methods based on the effort to put components with closer centres in the same state 

which can improve the co1Tect recognition rate. 

Expeliments over three human action video datasets (Weizmann 11 ], MuHAVi [2] and Hollywood 

[3]) prove that our proposed deterministic initialisation methods are capable of achieving accuracy 

above the average of repeated random initialisations (about 1 per cent to 3 per cent in 6 random run 

experiment) and comparable to the best. At the same time, one-off deterministic initialisation can save 

the required training time substantially compared to repeated random initialisations, e.g. up to 83% in 

the case of 6 runs of random initialisation. The proposed methods are general as they naturally extend 

to other models where observation densities are conditioned on discrete latent variables, such as 

dynamic Bayesian networks (DBNs) and switching models . 

As another contribution, we propose a simple and computationally lightweight feature set, named 

sectorial extreme points, which requires only 1.6 ms per frame for extraction on a reference PC. We 

believe a lightweight feature set is more appropriate for the task of action recognition in real-time 

surveillance applications with the usual requirement of processing 25 frames per second (PAL video 
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rate). The proposed feature set represents the coordinates of the extreme points in the contour of a 

subject's foreground mask. The various experiments prove the strength of the proposed feature set in 

terms of classification accuracy, compared to similar feature sets, such as the star skeleton [4] (by 

more than 3%) and the well-known projection histograms (up to 7%). 

Another main issue in density modelling of the extracted features is the outlier problem. The 

extraction of human features from videos is often inaccurate and prone to outliers. Such outliers can 

severely affect density modelling when the Gaussian distribution is used as the model since it is short-

tailed and highly sensitive to outliers. Hence, outliers can affect the classification accuracy of the 

HMM-based action recognition approaches that exploit Gaussian distribution as the base component. 

In contrast, the Student' s t-distribution is more robust to outliers thanks to its longer tail and can be 

exploited for density modelling to improve the recognition rate in the presence of abnormal data. As 

another main contributi on, we present an HMM which uses mixtures oft-di stributions as observation 

probabilities and apply it for the recognition task. The conducted experiments over the Weizmann and 

MuHAVi datasets with various feature sets report a remarkable improvement of up to 9% in 

classification accuracy by using HMM with mixtures of t-di stributions instead of mjxture of 

Gaussians. Usi ng our own proposed sectorial extrerne points feature set, we have achieved the 

maximum pos ' ible cla 'Sification accuracy (100%) over the Weizmann dataset. This achievement 

should be considered jointly with the fact that we have used a lightweight feature set. 

On a different ground, and from the implementation vi ewpoi nt, surveillance software for 

automated human action recognition requires portability over a vari ety of platforms, from servers to 

mobile devices . The current products mainly target low level video analysis tasks, e.g. video 

annotation, instead of higher level ones, such as action recognition. Therefore, we explore the 

potential of the MPEG-7 standard to provide a standard interface platform (through descriptors and 

architectures) for human action recognition from survei ll ance cameras. As the last contribution of this 

work, we present two no vel MPEG-7 desc1i ptors, one symbolic and the other feature-based, alongside 

two different architectures: the server-intensive which is more suitable for "thin" client devices , such 

as PDAs and the client-intensive that is more appropriate for ' 'thick" clients, such as desktops. We 

evaluate the proposed descriptors and architec ures by way of a scenario analysis. 
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We believe that through the four contributions of this thesis, human action recognition systems 

have become more practical. While some contributions are specific to generative models such as the 

HMM, other contributions are more general and can be exploited with other classification approaches. 

We acknowledge that the entire area of human action recognition is progressing at an enormous pace, 

and that other outstanding issues are being resolved by research groups world-wide. We hope that the 

reader will enjoy the content of thi s work. 
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Chapter 1: 

Introduction 

1.1. Overview 

Automated video surveillance aims to detect objects and events of interest for safety and security 

via automated analysis of closed-circuit television (CCTV) videos. Nowadays, there are hundreds of 

thousands of CCTV cameras monitored by security officers to observe abnormal behaviours. 

According to previous studies, human being lose their concentration very quickly, such that 95% of 

the actions watched in two monitor are missed only after 20 minute [5]. This highlights the 

nece sity of deploying computer systems to analyse the captured or stream videos and automate the 

video ·urveillance tasks, at least to a partial extent. 

In recent times, human action recognition has become a very intensive re earch area in the 

computer vision and pattern recognition communities for its potential use in a variety of security and 

safety applications. It addresses the automated classification of a sequence of frames depicting a 

human action into one of several, pre-defined clas es. Automated recognition of human actions in 

video allows automation of many otherwi e manually-intensive tasks uch as video surveillance, 

retrieval of videos from large databases, human computer interaction (HCI), pede trian traffic 

monitoring, and others. 

Many different approaches for action recognition have been proposed over the past two decades. 

Overall , recognition of actions requires the classification of a set of measurements extracted from the 
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video depicting the action . Despite the many approaches proposed to date, it is a common opinion that 

many open issues still affect the efficacy of action recognition. As a main challenge, various people 

perform actions in a different manner from each other; and for each individual , the performance also 

varies both in space and time. Another main challenge is the variation in visual appearance of the 

actors due to viewpoint and illum1nation changes. As recognition requires a training phase, the lim1ted 

number of samples available for training, compared to the parameters to be trained, intensifies the 

training task. 

Amongst the common approaches to classification, the hidden Markov model (HMM) [6] has 

played a special role in that it has been widely used and has inspired a number of other sim1lar 

graphical models, both directed and undirected (hidden semi-Markov models, layered HMM, factorial 

conditional random fields and many more [7-9]). HMM is a temporal generative model with a set of 

assumed rudden states that generate the observed outputs (measurements). Prior to action 

classification using HMM, it parameters require to be estimated to fit the model to the training 

observation sequences (HMM training). However, certain problems with the training of generative 

graphical models, such as HMM, are still partially unresolved. 

First, the main principle guiding the training of a model from a set of E observation 

Oe _ { e e e } l E · I · f 'l · h · sequences - o1 , .. . , Ot, ... Ore , e = .. . , 1 s to earn its et o parameters, /L, wit maximum 

likelihood (or maximum-a-posteriori wherever p1ior distributions for the parameters are available). 

The expre sion for the likelihood over a equence, p(Ol-1), is typically too complicated to suggest a 

direct maximization in the parameters and therefore, Expectation-Maxim]sation (EM) algorithms have 

been predominant sol utions. However, it is well known that EM algorithms can only find local 

maxima for the likelihood, and that such maxima strongly depend on the arbitrary initialisation of the 

model's parameters, A, made for the training stage. Further, the problem of the quality of the maxi ma 

and the generalisation to unseen examples is often exacerbated by the scarcity of training samples. 

The main workaround for trus problem is that of repeating the training stage many times from 

different initialisations until achieving reasonable classification accuracy. However, multiple training 

with different initialisation leads to a considerable increase in the training time. Consequently, a trade-
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off exists between the time spent for traini ng and the achieved accuracy. The decisi on is not easy as 

there is no way to know how many training repetitions are enough to achieve the maximum possible 

accuracy. 

Another main issue in HMM training is the big influence of abnormal training data (outlier) on the 

trained parameters. These outliers can result from inaccurate feature extraction or noisy (non-perfect) 

backgrounds, especially in the case of silhouette-based feature set. In general, Gaussian mixture 

model (GMM) is exploited to model the continuous observation probabilities in HMMs. The 

sequential data with considerable outliers cannot be fit correctly by the short tails of GMM. Actually, 

in the presence of outliers, the covariance of the normal Gaussian usually has to be stretched to cover 

the outliers, leading to improper mixture fitting. In turn, HMM observation modelling with deformed 

Gaussians can considerably affect the classification accuracy. 

Apart from action classification, choosing a suitable feature set plays a main role in the final 

accuracy of any action recognition system, especially in real-time video surveillance applications. For 

thi s type of applications, a good feature set is required to distinguish well between the various actions . 

At the same time, the process of feature set extraction needs to be fast enough to sati sfy the 

requirements of real·-time appli cations in processing 25 frames per second (PAL video rate). In 

commercial video surveillance systems, it is not unusual to have up to 16 cameras served by only one 

PC. 

Moreover, from the technology and software perspectives , automated video surveill ance, including 

action recognition systems, still has outstanding, unresolved problems. The surveillance products of 

the various companies need to comply with global standards for integration and interoperability in 

complex systems. Furthermore, considering the huge amount of video data captured everyday by 

surveillance cameras, it has become more important to deploy standardised platforms for automatic 

video analysis tasks. This has resulted in the introduction of some standards and platforms during the 

recent years [10] . However, the avai lable standards and platforms have been mainly focused either on 

the physical network layer, e.g. ONVIF [1 O] , or designed to facil itate low-level video analysis tasks, 

such as manual video annotation or retrieval (e.g. ViSOR [11]). Therefore, researchers still need to 

work on the development of platforms for higher le el tasks, e.g. action and behaviour recognition. 
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1.2. Research objectives 

Based on the issues discussed in the previous section regarding HMM-based human action 

recognition, we want to remove some outstanding difficulties to practical action recognition. Hence, 

the main research objectives of this work are the following: 

1. To propose a computationally lightweight feature set, suitable for fast human action 

recognition. 

2. To improve the training time of HMMs from a limited set of samples with one-shot, 

deterministic initialisations in contrast to multiple random initialisation and applying it to 

recognition of human actions. The proposed deterministic initialisations should strike a 

balance between the required training time and the achieved accuracy. 

3. To improve the classification accuracy in the presence of outliers in the training data. 

4. To exploit multimedia standards for the interfaces of human action recognition system as a 

specific video surveillance application. 

1..3. Thesis structure 

The rest of this thesi is organised as follows : 

• Chapter 2 is an introduction to automated recognition of human actions . We explore the 

steps required for action recognition: feature set extraction and action classification. For each 

step, the various proposed approaches in the literature are discussed in detail. Furthermore, 

we review the available action video datasets used to experiment with action recognition 

approaches. The requirements for real-time action recognition are also discussed. 

• Chapter 3 introduces the Gaussian distribution, GMM and HMM in details. It reviews the 

EM algorithm for Maximum Likelihood Estimation (MLE) of GMM dist1ibution parameters 

and HMM observation probabilities. Furthermore, it shows how HMM can be exploited for 

classification purposes. 
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• Chapter 4 discusses the problems with HMM training initialisation and proposes various 

novel methods for HMM parameters initialisation to improve training time, as one of main 

contribution of this thesis. Furthermore, as the second contribution, we present a 

computationally lightweight feature set appropriate for the real-time requirements of action 

recognition survei ll ance applications. We evaluate the proposed initiali sation methods for 

action recognition in many experimental tests with three feature sets, including our proposed 

one, over three major action datasets. 

• Chapter 5 discusses the issue of robustness of density modelling in the presence of outliers in 

the observations. To tackle the outlier issue, we utilise the Student ' s t-distribution, which is 

more robust to outliers, instead of the conventional Gaussian distribution for HMM 

observation probability modelling. We apply HMM with mixture oft-distributions to action 

recognition application as another main contribution of this work. Various experiments are 

conducted using different feature sets and datasets to explore the effectiveness of action 

classifi cati on usi ng t-di tribution for den ity modelling in HMM. 

• Chapter 6 di scusse the software standardi sation for video surveilJance, specifically action 

recognition. To this aim, it introduces the MPEG-7 standard and reviews its exploitation in 

the li terature for survei I lance purposes. As the last contribution of this thesis, we propose two 

MPEG-7 ba~·ed architectures alongside two new MPEG-7 descriptors for action recogni tion 

over a variety of platforms , such as servers, PCs and mobile devices. 

• Finally, Chapter 7 i the conclusion of the works in thi s thesis and di scus es the possible 

future works in the line of this thesis. 
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Chapter 2: 

Automated human action recognition 

2.1. Introduction 

Human action recognition is a very active research area in computer vision with main applications 

to automated video surveillance, automated video annotation, video ret1ieval, human-computer 

interaction and others. Understanding human behaviour is a high-level task relying on several, lower-

level tasks such as segmentation, tracking and posture recovery. The typical goal of automated action 

recognition is the classification and labelling of a given image sequence as one of several cla, ses of 

pre-defi ned acti ons. Recogni tion of human actions requires two fundamental steps: 

1. Extraction of a set of measurements (feature set) from the video depicting the action. 

2. Action classification based on the extracted feature set. 

Human action recognition is a pat1 of a broader research area, human motion analysis from images 

and video. For the abstract level of movement recognition, various taxonomies have been proposed in 

the last decade [12-15]. We adopt the hierarchy proposed by Moeslund et al. in [14] that has also been 

exploited by Poppe [12]. In this taxonomy, the human motion is categori sed in three levels: 

1. Action primitive: human movement at the limb level ; e.g. "left leg forward". 

2. Action: a combination of action primitives at whole-body level ; e.g. "running". 
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3. Activity: a number of subsequent actions with an interpretation; e.g. "jumping hurdles" which 

consi sts of starting, jumping and running actions. 

It should be considered that to recogni se human actions, the full body movement is required to be 

processed, which distingui shes it from other motion analysis tasks that rel ates to only one body part, 

such as face or gesture recogni ti on. 

Furthermore, unlike posture recogni tion whi ch deals with recognition in single frames, acti on 

recognition is performed over an image sequence. 

2.2. Challenges of human action recognition 

As a main challenge, the instances of the same action by various people are significantly different; 

moreover, every indi vidual performs each action in a different manner over various instances, both in 

space and time. This can be formulated as a problem of high, intrinsic within-class variabi lity. This 

issue worsens when increasing the number of action classes, as more overl ap will be likely to occur. 

Any action recognition approach is required to generali se the di ssimi larities inside each action cl ass 

and, simultaneously. di criminate the actions from various classes. 

Further, the visual appearance of the individual performing the action varies with the viewpoint 

and illumination conditions, motivating ongoing research for invariant feature sets. As will be 

explained later, the feature set extraction is usually performed on the masks (sil houettes) of the 

performi ng subjects. The changes in the scene ill umination results in di fficul ties in the background 

subtraction (foreground extraction) and moving object detection tasks, and finall y appears as mixing 

parts of the performing subject with other non-moving scene objects . Similarly, many exploited 

feature set in action recognition are based on the appearance of the performing subjects. Any 

considerable change in the subject appearance, e.g. by camera viewpoint, could result into totally 

different value of the extracted feature set and consequently, drop the rate of correct recognition. 

M ultiple and/or moving cameras, the occlusi on of human body parts and dynamic background, all 

have a huge influence on the feature set extracted from the image of a performing subject, which 

makes the recogni ti on task even harder. 
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Adding to the challenge, the number of samples available for training is typically limited 

compared to the parameters, preventing a "brute force" training approach. Finally, labelling of the 

action videos for online or movie datasets , e.g. YouTube action dataset [16] and Hollywood [3] , is a 

challenging task and universal agreement over the ground-truth labels is still a controversial issue. 

2.3. Human action video datasets 

To evaluate action recognition approaches it is necessary to either collect (capture) video data or 

exploit avai lable public human action video datasets. Using public datasets is more convenient and 

faster, and also allows compari on of classification accuracy results with other approaches over the 

same dataset. In this section, the main available datasets are introduced. 

2.3.1. KTH dataset 

The Royal Institute of Technology (KTH) introduced the KTH action video dataset [17] in 2004. 

In this dataset (Figure 2.1), 25 subject perform 6 different action (walking, jogging, running, 

boxing, hand waving and hand clapping) several ti mes in four different scenarios: outdoors, outdoors 

with scale variation, outdoors with different clothes and indoors. It contains 2391 video sequences 

which are DIVX-compres ed (with 160*120 pixels resolution) and stored in AVl file format. The 

action performances are varying in terms of duration and viewpoint, with relatively static 

backgrounds, but camera zoorni ng. 
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Figure 2.1: Sample frames of various action classes from the KTH dataset (reprinted from [17]). 

Figure 2.2: Sample frames of various actions from the Weizmann dataset. 

2.3.2. Weizmann data et 

The human action data et publi hed by the Weizmann institute in 2005 [1] - well known a 

Weizmann dataset (Figure 2.2) - include 10 action (run, walk, skip, bend, side, jack, jump, jump in 

place, one-hand wave and two-hands wave) petformed by 9 different subj ect with tatic background 

and viewpoint. Actuall y, the dataset has 93 videos, a one ubject performs three actions twice. 
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Figure 2.3: Sample frames of various actions from the INRIA XMAS dataset. 

Videos are stored in a low resolution ( 180* 144) A YI video format. Along ide the original videos, 

the dataset al o include the silhouette (median background ·ubtractions) of the video equences. 

Moreover, the data et has test videos of walking action for robustness check of slight variation in the 

action performance, as well as additional walk videos to validate the robustness to change. in 

viewpoint. 

2.3.3. INR.IA XMAS dataset 

The IXMAS (INRIA Xmas Motion Acqui. ition Sequences) multi-view dataset 118] was 

introduced in 2006 by the INRIA research centre main!.,, for view-invariant human action recognition 

approaches. In thi s dataset (Figure 2.3), 11 actors perform 14 actions three times (check watch, cro , 

arms, scratch head, sit down, get up, turn around, walk, wave, punch. kick, point, pick up, throw over 

head and throw from bottom up). The actors were left free to choose the position and orientation 

dwing action performance. The videos were captured from 5 viewpoints using 5 fixed-view cameras 

with static background and constant illumination. Moreover, the dataset contains the si lhouettes and 

reconstructed volumes of the image seq uences . 
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Figure 2.4: Sample frames of various actions from the "UCF sports action dataset" (reprinted from [19]). 

2.3.4. UCF datasets 

The variou action data. et proposed by the Computer Vision Lab at UCF aim to recogni se 

human actions in a more challenging and realistic environment in contrast to actions performed by 

actor deliberately for action recognition purpo e in datasets uch as Weizmann or KTH. 

First, the "lJCF sports action dataset'' l20] (Figure 2.4) was introduced in 2008 and con ·i t of 9 

sport action classes (diving, golf. winging, kicking, weightlifting, horseback riding, running, skating, 

swinging a baseball bat and walling) with a di er ity of action performance, human appearance, 

camera movement, viewpoint, illumination and background. This data ·et has 182 high re olution 

sport videos (720*480) obtained from variou websites, such as BBC, ESPN and Gettylmages. The 

authors also provided the bounding boxes of the human figures in conj unction with the dataset. 

In 2009, the "UCF Y ouTube action data. et" 11 ] was pub Ii hed with 11 action cl a. se (ba ketball 

shooting, volleyball spi king, trampoline jumping, occer juggling, horse-back riding, cycling, diving, 

swinging, golf swinging, tennis swi nging, and walking). The dataset videos were collected mainly 

from low resolution Youtube clips that have a cluttered background with a huge variation in object 

scale, viewpoint and illumination. The UCF50 l 19] is the extended version of the UCF YouTube 

action dataset introduced in 2010 and includes 50 action classes (Figure 2.5). 
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Figure 2.5: Sample frames of various actions from the "U CFSO dataset" (reprinted from [19]). 

2.3.5. Hollywood dataset 

The Hollywood human action dataset [3] is another realistic and challenging action dataset, with 

many occlusion , camera movement and dynamic backgrounds. It was fir t published in 2008 by the 

fNRIA research centre with 8 action classes (answer phone, get out of car. handshake, hug, kiss, sit 

down. sit up and tand up) collected from 32 vaiious Hollywood movies. The dataset has one 

automatically annotaled training set (using movie scripts) with 233 video samples. It has also one 

clean training set (with manual labelling) compo ed of 219 video sample . The clean test ~ et includes 

21 I video samples annotated manually. Each video ample may contain more than one action label, 

e.g. two action labels of "get out car" and "handshake" for one video clip. The number of action labels 

of the clean training et and clean test set are 23 1 and 217 labels, respectively. 

The extended version of the Ho1lywood data. et, Hollywood-2 [21] (Figure 2.6), ha four more actions 

(drive car. eat, fight and run), for a total of 3669 vi deo clips extracted from 69 movie . 
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Figure 2.6: Sample frames of various actions from the ' 'Hollywood-2 dataset" (reprinted from [22]) . 

. Figure 2.7: Sample frames of various actions from the "MuHA Vi dataset" (reprinted from [2]). 

2.3.6. MuHA Vi dataset 

The MuHAVi (Multicamera Human Action Video) dataset [21 (Figure 2.7) was publi shed by 

Kingston University in 2009 and includes videos from 17 action classes (walk turn back, run stop, 

punch, kick, shot gun collapse, pull heavy object, pickup throw object, walk fall , look in car, crawl on 
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Figure 2.8: Samples of manually annotated silhouettes from MuHA Vi-MAS dataset (reprinted from [2]). 

knees, wave arms, draw graffiti, jump over fence, drunk walk, climb ladder, smash object and jump 

over gap) performed several times by 14 different subjects (7 are available for public) and captured by 

8 cameras simultaneously. To the best of our knowledge, MuHA Vi is the most challenging and 

comprehensive public action dataset to date in terms of combined number of action classes, subjects 

and cameras. In order to keep recognition and segmentation issues separate, the dataset aims to make 

manually annotated silhouettes available, under the name of MuHAVi-MAS dataset (Figure 2.8) . 

However, the cun-ent number of manually-segmented sequences is very limited, with a total of 136 

sequences for only two actors and 2 cameras. It seems unlikely that the manual segmentation of the 

entire video set could be provided within reasonable time due to the dataset size. 

2.3. 7. Other datasets 

Amongst other video datasets depicting acting humans, the HumanEva I and II datasets [23] are 

more oriented to pose estimation and motion tracking, mainly through articulated human body 

modelling. 

2.3.8. Summary of datasets 

Table 2.1 summarises the studied dataset s witln tt.eir pros and cons. 
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Table 2.1: Summary of human action video datasets. 

Name Number Number Number Number of Background Vi ewpoint Camera Pros Cons 
of of of cameras or status 

actions actors videos scenarios 
Weizmann 10 9 93 1 Static Static Static Available Non-realistic 

Silhouettes videos 
MuHAVi 17 14 3184 8 cameras Static Multi-view Static Masks are Non-realistic 

but fixed extractable videos 
KTH 6 25 2391 4 scenarios Static Variable Zooming Various Few actions 

scenarios 
IXMAS 14 11 2310 5 cameras Static Multi-view Multi-view 

but fixed captured 
videos 

UCF sports 9 N.A. 182 N.A. Variable Variable Moving Realistic Hard for 
videos recognition 

UCF 11 N.A. 200 N.A. Cluttered Variable Variable Realistic Hard for 
YouTube videos recognition 

Hollywood 8 N.A. 663 N.A. Dynamic Variable Variable Realistic Hard for 
videos recognition 

Hollywood 12 N.A. 3669 N.A. Dynamic Variable Variable Realistic Hard for 
2 videos recognition 

2.4. Feature set extraction 

As mentioned above, the first step to recognise human actions is that of extracting a suitable 

feature set from the image sequence. An ideal feature set should be action discliminati ve, and 

theoretically, not too sensitive to smalJ variations in human appearance background, viewpoint and 

action performance. 

One of the main issues in action recognition is how to consider the temporal characteristics of the 

action execution. For this purpose, any recognition approach has to either choose a feature set that 

includes the time aspect or extract image features for each individual frame and then exploit a 

temporal model for the action classification task. 

For the feature set, a variety of approaches have been exploited which can be generally 

categorised into two main groups: global features and local features [12]. The global features 

represent the body of an individual in a holistic manner and are often applied jointly with background 

subtraction or tracking. In contrast, the local features are a collection of local patches that are centred 
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on interest points in space or space-time domains and do not require prior background subtraction or 

tracking. In the following two subsections, we review briefly the main proposed global and local 

features . 

2.4.1. Global features 

Overall, the main global feature sets utilised for human action recognition are silhouette-based, 

contour, projection histograms, optical flow, and space-time vol umes [12]. 

2.4.1.1. Silhouette 

The subject' s si lhouettes can be obtained through applying a background subtraction technique; 

hence, they are prone to noise. Despite their sensitivity to variable viewpoint, the silhouettes have 

been exploited for action recognition in many papers [9 , 24, 25], thanks to their capabi lity of encoding 

useful information of the action in performance. In an early and much cited work by Babick and 

Davis [24] from 2001, the differences between extracted silhouettes of the subsequent key frames of 

the action are accumulated to construct the binary motion energy image (MEI) that indicates the place 

of motion occurrence. Alongside the MEI, a motion history image (MHI) is created from each image 

silhouette which specifies the temporal history of motion for each pixel. Then, the authors utilise the 

constructed MEI and MHI for action recognition. 

2.4.1.2. Contour 

The contour-based approaches also utilise silhouettes , where the main focus is on the edges of the 

object masks. One of the main investigation lines in action recognition using contour is the "star 

skeleton" feature set introduced first by Fujiyoshi and Lipton [26] in 1998. Their star skeleton features 

include the points with the highest convex curvature along the silhouette contour which are assumed 

to correspond with the top of the head and the extremities of the four limbs. 
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Figure 2.9: The original star skeleton feature set with various numbers of extracted extremal points 

(reprinted from [26]). (a) Three extremal points. (b) Five extremal points. 

To extract these points, authors first calculate the distance from each border point to the mask's 

centroid, and the resulting distance function is then smoothed using a linear low pass filter. FinaJly, 

the 1oca1 maxima of the smoothed distance function are computed by differentiation and zero-

crossings. Although the star skeleton feature set is view dependent, it is fast to extract and low 

dimensional. 

Chen et al. in [27] reported that the star skeleton method in [26] often cannot achieve all the five 

target extremal points, as shown in an example in Figure 2.9. For trus reason, they proposed an 

adaptive smoothing filter that always detects only and exactly five maxima and relaxec· the association 

of such maxima with physical parts. 

Li and Xu in [4] proposed an action recognition mechanism based on the star skeleton feature set 

considering 3 key postures of an action period (around initial, middle and terminal stages). The five 

local extremes are located in the contour of a sahouette and compose a 5-D feature vector. The 

authors generate a codebook from 5-D feature vector of 3 key postures for each action and transform 

it into a symbol sequence. The resulting symbol sequence is then exploited for training and 

verification of a 3-state semi-connected discrete HMM (hidden Markov model) for action 

classification purpose. 
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Figure 2.10: The projection histograms feature set (reprinted from [28]). 

2.4.1.3. Projection histograms 

The projection hi stogram features require the silhouettes and encode the shape of the actor subject. 

These features are computed by projecting each pixel of an object onto the image coordinate axes so 

as to form horizontal and vertical histograms. As an action takes place, the two projection histograms 

reflect the changes in the object's shape and promise to be action-discrimi native. The projection 

histogram feature set was initially proposed for object tracking in 1998 [29]. Then, Haiitaoglu et al. in 

a much cited work [30] utili sed it to monitor a limited set of interactions between human and objects, 

e.g. detecting people carrying obj ects . Later, it has been exploited for posture classifi cation and 

recognition, e.g. in [31 , 32]. In recent years, the projection histograms have also been utilised for 

action classification [28]. In a recent work [28] , the authors projected the object's silhouette onto the x 

and y axes (Figure 2.10) and exploited the res ulting features to recognise human actions . Tbey used a 

sub-sample of the projected hi stograms to avoid an unmanageabl y large feature set. 

2.4.1.4. Optical flow 

Unlike the silhouette-based features that utilise the shape information, the optical flow features 

encode the motion information in the image. They describe the direction and intensity of motion for 

each pixel between subsequent frames of an image sequence. AJthough, they do not require image 

background subtraction, the resulting motion descriptor could be noisy in a dynamic background 

environment. Using optical flow for action recognition goes back to 2003 in a work by Efros et al. 

[33], where opti cal flow is computed for small--size subjects in sports footage, and their work was 
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later developed by Ahad et al. in [34]. Ali and Shah proposed a number of kinematic features derived 

from the optical flow in a recent action recognition approach [35] . 

2.4.1.5. Space-time volumes (STV) 

Some action recognition approaches concatenate a series of image frames or silhouettes over a 

given sequence, and generate a 3D shape in the space-time volume (STY). In general, the STY feature 

set requires accurate localisation and background subtraction. Blank et al. in [1, 36], first generate the 

STY shapes and then exploit the solution of the Poisson equation to derive the local space-time 

saliency and orientation features . Finally, they integrate the derived local properties to make a 

compact vector of global features to represent the action for classification and clustering purposes. 

The STY-based feature set to recognise human action has been utili sed in other papers, e.g. [37, 38]. 

2.4.1.6. Grid-based global features 

Another trend in the global features for action recognition is to use a grid-based approach, e.g. [39, 

40] , where the whole region of interest (RIO) is divided into a fixed spatial or temporal grid. The 

main advantage of this approach is less sensitivity to small noise or viewpoint change, and pa11ial 

occlusion. Although, the features are extracted locally inside each individual cel1 in the grid (simJlar 

to local features) , the approach requires a global representation of the ROI. 

2.4.2. Local features 

In general, local features, unlike global features, do not require background subtraction (or 

tracking). They also enjoy some invariance to viewpoint changes and are more robust to occlusions. 

During the last decade, a variety of local descriptors collected at space-time interest points have been 

exploited for action recognition purposes [41-47]. The space-time interest points , also called STIP, 

are those locations in the space and time domain with useful information, mainly regarding the 

simultaneous changes in space and time in the image sequence. 

23 



Table 2.2: Summary of feature sets for human action recognition. 

Feature Name Local/global Sensitive to Sensitive to Sensitive to 

feature appearance background viewpoint 

Silhouette Global No Yes Yes 

Contour Global No Yes Yes 

Projection Histograms Global No Yes Yes 

Optical flow Global No Only in dynamic Yes 

background 

Space-time volumes (STY) Global No Yes Yes 

Space-time interest points (STIP) Local No No Yes 

Laptev and Lindeberg in [41], one of the first and famous STIP-based action recognition 

approaches, extended the Hanis spatial interest point detector to the spatio-temporal domain. In their 

work, those points whose local neighbourhood has a considerable variation in both the spatial and the 

temporal domain are taken as the space-time interest points. Other space-time interest points local 

descriptors utilised for action recognition include space-time cuboids [42] , HOG (histogram of 

oriented gradients) and HOF (histogram of oriented flow) [3 , 48], the extension of HOG to 3D [ 43], 

SIFT (scale invariant feature transform) [44] and its extension to 3D [45], SURF (Speeded-up robust 

features) [46] and its extension to 3D (47]. 

2.4.3. Summary of feature sets 

Table 2.2 summarises the explored feature sets and assesses their aspects against an ideal feature 

set. 
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2.5. Action classification 

The extraction of a feature set from the image sequence changes the action recognition problem to 

a classification task. Various lines of investigations for action classification have been followed 

during the last two decades which can be categorised in three main groups [12]: 

1. Direct classification of spatio-temporal features. 

2. Recognising actions directly in the time domain. 

3. Using temporal graphical models for action classification. 

Before descri bing each approach in details , it should be mentioned that action detection is similar 

to action recognition, where the user is interested in knowing the occurrence of a specific action in the 

scene, e.g. running. Action detection task can be considered as a binary action classification: one class 

versus nothing. 

2.5.1. Direct classification 

The direct classification approaches, e.g. [3 , 48, 49] , exploit either a discrimjnative classifier, e.g. 

the support vector machine (SVM [17]), or the k-Nearest Neighbour (kNN) classifier to classify the 

extracted feature set. With these approaches, one needs to extract a feature set which is able to capture 

both the spatial and temporal nature of the action being performed and is of a fixed size for any video. 

An attempt to meet thi s need was provided in the paper by Dollar et al., where histograms of spatio-

temporal cuboids were used as feature set [49]. In [3], the frame sequence depicting the action is 

divided into a fixed number of time segments (e.g., three) of equal length, and various histograms 

(oriented gradients, optical flow etc.) are collected in each segment. While these approaches [3, 49] 

have proved capable of high classification accuracies on challenging action datasets, such as KTH 

[17] , they do not seem to pay adequate attention to the temporal duration of human actions which is 

known to stretch in a non-linear, local way over various instances of the same action class. 
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Figure 2.11: A time warping between two sequences in DTW technique (reprinted from [50]). 

2.5.2. Recognising actions directly in the time domain 

The time domain approach for action classification, e.g. [51 , 52] , has dynamic time warping 

(DTW) [50] as its main representative. DTW is a distance measure to calculate the similarity between 

two sequential patterns , e.g. voice or image sequence, where the two sequences can have various 

lengths. The alignment between two sequences, the template and the cun-ent instance, is explored by 

warping non-l inearly along time (Figure 2.11). The time alignment is the mai n issue (difficu lt y) of the 

DTW approach which makes the approach prone to noise and local misalignments. 

2.5.3. Temporal graphical models 

In the graphical models (state-space models), the virtual imagination of various stages during the 

action performance are modelled with a set of states. The probabilities of transition between states are 

represented by connecting edges. Moreover, the observation probabilities for the extracted feature set 

in each state are shown by edges (Figure 2.12). 

The graphical models are grouped in two main categories, generative and discriminative, which are 

studied in the foll owing subsections. 
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Figure 2.12: A state transition and observation diagram. 

2.5.3.1. Generative models 

In the generative models, the samples for each action class are exploited to train one model per 

action cl ass through maximi sing the likelihood (probability) of all the training data for that class . The 

hidden Markov model (HMM) [6J is the main generative approach for graphical models. HMM and 

it extensions, e.g. layered or hierarchical HMM, have been widely exploited for action recognition 

during the last two decades [4, 8, 25, 28, 53-56]. U·ing HMM for human actlon recognition goes a 

long way back in time. The first paper that we are aware of, from Yamato et al., dates 1992 and 

addressed recognition of six different tennis actions [53]. In the approach in [53] , each frame is first 

background-subtracted and then the extracted foreground object is pa1titioned into a grid of blocks, 

centred on the object's centroid. The number of foreground pixel s in each block is used as feature 

vector, which is then mapped onto a symbol by vector quantization. Di screte-output HMMs with 36 

states are used for recognition. 

Sequential classifiers such as HMM can naturall y classify sequences of arbitrary length and have 

shown good performance in adjusting to temporal variations in the duration of instances of a same 

action. In this thesis , we target their known weakness to outliers, as in a recent work on outlier 
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mitigation [56]. In addition, HMM has other aspects which make it a good candidate for action 

recognition: 

1. Similar to other generati ve models, HMM provides a specific model for each action which is 

necessary for action detection. 

2. In the generative models (e.g. HMM), unlike discriminative models, adding new training 

samples of an action class requires re-training just for the related action, not repeating the 

whole process for all the action classes. 

3. Generative models, such as HMM, can be more easily combined into complex, hierarchical 

models as shown, amongst others, by the recent work from Izikler and Forsyth [55]. 

Hierarchical HMMs are composed of a series of HMMs in different levels (layers). For 

example, one HMM for recognition of action in legs and another one for arms, which can be 

combined in a hierarchical model for whole-body action recognition. 

4. Having a model for likelihood allows us to integrate that model into larger networks, such as 

switching models [57], where a seq uence of actions along time, instead of only an isolated 

action, can be recognised by a single HMM. 

For these reasons, we exploit HMM for action classification in this thesis. 

2.5.3.2. Discriminative models 

Unlike generative models, discriminative models do not train one model per action. Instead, the 

target is to disc1iminate between different action c1asses by using all the samples of various actions. 

Hence, they aim to maximise the conditional likelihood of all the samples. The main representative of 

discriminative models is the conditional random field (CRF) [58], which with its variations, e.g. 

factorial CRF (FCRF) or hidden CRF (HCRF), have been used for action c1assification in recent years 

with a significant degree of success [9, 59, 60]. 
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2.5.3.3. Parameter initialisation issues in model training 

Training of graphical models is performed against a maximum likelihood target. Typical training 

algorithms require an initialisation and can only reach a local maximum of the likelihood. The 

training of graphical models is sensitive to this initial parameter assignment, and various authors have 

proposed solutions. For instance, Ferrer et al. in [61] reviewed various HMM initiali sation methods 

based on random techniques and introduced a new method based on averaging multiple random runs. 

In a recent work [62], Toledano et al. have explored three different ways of initialising HMM 

training: 1) by a fixed template for all classes; 2) by historical averages; and 3) by oracle (manual) 

initialisation (this last only to establish offline upper bounds). While these methods are deterministic 

(not random), none of them uses the current training samples. 

The common approach to HMM initialisation is that of running multiple training sessions with 

different random initialisations of parameters until satisfactory parameters are found, in terms of 

either a sufficiently-high likelihood or sufficient accuracy from a cross-validation experiment. The 

second target is much preferable si nce maximising the likelihood alone may be prone to overfitting. 

However, this process can prove very time consuming and has no formal stop criterion. Therefore, in 

the chapter 4 of this thesis, we propose various deterministic initialisation methods, yet adaptive in the 

actual training set. 

2.5.4. Summary of action classification approaches 

Table 2.3 summarises the main explored action classification approaches with their characteristics. 

Table 2.3: Summary of main action classification approaches. 

Approach name Static I Sequential Discriminative I Generative 
·-

DTW Sequential Generative 

SVM Static Discriminative 
>--

HMM Sequential Generative 

CRF Sequential Discriminative 
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Figure 2.13: Human action recognition steps 

2.6. Other possible steps for human action recognition 

Although any action recognition approach consists generalJy of two main steps , feature set 

extraction and action classification, other processing steps may also be involved, such as foreground 

extraction, trackjng and ti me segmentation (Figure 2.13). 

2.6.1. Foreground extraction 

In some cases, the extraction of the feature set is preceded by the extraction of the image's 

foreground pixels. While this step is not strictly necessary for action recognition and is regarded as a 

potential source of early errors, it is still often applied in applications where reliable background 

modelling is possible. The extraction of the foreground pixels can help identify regions of meaningful 

features and solve the data association problem in the presence of multiple actors. Hence, this 

preliminary step returns the foreground masks of candidate objects (blobs) in each frame. 
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Figure 2.14: Time segmentation and action classification steps 

2.6.2. Blob tracking 

Tracki ng and data association need to be performed to track each movi ng blob along the frame 

sequence. In some approaches, the entire object is tracked at once, in others i ndi vi dual features are 

tracked explicitly and the object's location is inferred [63]. 

2.6.3. Time segmentation 

Prior to attempting action classifications, the start and end times, T s1ar1 and T end, of an action should 

be determined, which is referred to as time segmentation. Depending on the specific scenario, 

information may be available to support time segmentati on prior to recognitjon. In some cases, action 

classification and time segmentation have been attempted jointly [64] . Very often, however, time 

segmentation is conducted in terms of fixed- length, overlapped windows of frames. The length of the 

wi ndow, W, and the stride between windows, S, must permit an approxi mate alignment with the 

action' s actual time segment [27] . Figure 2.14 illustrates the time segmentation and action 

classification steps for action recognition. As it can be seen in thi s Figure, each frame is processed 

(WIS) times due to overlapping windows. 

2.6.4. Human action classification in real-time scenario 

Considering the human action recognition steps in Figure 2.13, the possible prior steps , 

background subtraction and blob tracking, and feature set extraction need to be canied out for each 

frame. However, the ti me segmentation and acti on cl assi fi cation steps are performed along a sequence 
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of frames. It should be noticed that the ti me segmentation step is carried out in parallel with the 

required steps of each frame while the subject performs the action. Hence, it does not delay the 

outcome of action classification and the action can be recognised as soon as its performance is 

completed. 

A real time video surveillance application could require to process 25 frames per second (PAL 

video rate) which equates to processing each frame within 40 ms. Hence, to satisfy the real time 

requirements, all the required steps should be completed in less than 40 ms. This highlights the 

requirement for a lightweight and fast-to-extract feature set, e.g. star skeleton or projection 

histograms, by real-time surveillance applications . 

2.7. Summary 

In this chapter, we have reviewed the necessary steps toward human action recognition and the 

corresponding literature. First, the available public action datasets were reviewed. Then, we 

introduced the vaiious feature sets, global and local, that have been used in the literature to recognise 

human actions . Finally, the different action classification approaches were explored, and among them, 

we explained why we decided to exploit HMM for our thesis. Also, we pointed to the issue of HMM 

parameters initialisation which garners one of the main contributions of thi s thesis and will be 

elaborated in chapter 4. 
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Chapter 3: 

Density estimation in hidden Markov models 

3el. Introduction 

Recognition of human actions requires the classification of a set of measurements extracted from 

the video depicting the action. Amongst the common approaches to classification, the hidden Markov 

model (HMM) [6] has played a special role in that it has been widely used in the last two decades. 

Despite the introduction of other graphical models in recent years, such as conditional random fields 

(CRFs) [58] , maximum entropy Markov models and other models, improvements to the HMM --

including those presented in this thesis - have maintained widespread interest in its apphcation. 

In HMM-based action recognition approaches, before action classification, first we need to train 

one HMM for each action class by using a set of samples of action. During HMM training, the model 

parameters (A) are learnt with maximum likelihood estimation (MLE) or maximum-a-posteriori 

(MAP) wherever prior distributions for the parameters are available. It should be noted that direct 

maximisation of likelihood function of many distributions (especially mixtures) is impractical which 

suggests the use of Expectation-Maximisation (EM) style algorithms for MLE. In this category, we 

also garner algorithms with partial maximizations such as generalised EM [65] and variational 

methods [66]. 

In this chapter, we introduce the basic concepts of parameter estimation for HMMs. We consider 

the HMM with Gaussian Mixture Model (GMM) observation probability densities. Thus, first we 
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review briefly the Gaussian density, and then, the EM algorithm and MLE. Finally, action 

classification in HMM and MLE for HMM with GMM are reviewed. 

3.2. Probability density function 

Let us assume xis a continuous random variable. The cumulative density function (cdf) of x at a 

given point t, is defined as the probability of event {x:=:;t}: 

F(t) = p[x:::; T] (3.1) 

Figure 3.1 (a) depicts an example of cdf for a Gaussian distribution. 

The probability density function (pdf) or simply the density of a continuous random variable x, if it 

exists, is defined as the derivative of its cdf: 

dF(x) 
p(x) =~ (3.2) 

Figure 3. I (b) is the pdf of the Gaussian of Figure 3.1 (a). 
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Figure 3.1: (a) The cumulative density function (cdf) and, (b) the probability density function (pdf) of a 

Gaussian distribution. 

34 



3.2.1. Mixture distribution 

A mixture distribution is a distribution combining a finite number (M) of distributions, known as 

the components, where each sample x, is generated from one component at a time. A new discrete 

random variable z, is introduced to indicate the component number, z= l...M. 

Each component has its own pdf that is expressed as p1(x) = p(xlz=l) for the th component. 

Furthermore, c1 = p(z=I) is the prior probability of the th component which is called the component's 

weight in the mixture, or mixing weight. The pdf of the mixture distribution p(x), can be obtained by 

margi nali sati on of the component's index: 

M M M 

p(x) = L p(x, z = l) = L p(xlz = l)p(z = l) = L ci Pi (x) (3.3) 
i=1 i=l i=l 

3.3. Gaussian distribution 

The Gaussian (normal) distribution is often an appropriate approximation model for random 

variables with a high probability around a specific value (mean), as can be seen in Figure 3.l(b). 

3.301. Univariate single component Gaussian distribution 

The pdf of a univariate random variable x with Gaussian distribution is as follows: 

1 (x-µ)Z 
p (x) = --- e ----zo:r 

-J2rra 2 
(3.4) 

whereµ and if are the mean and variance of Gaussian, respectively, and the distribution is al so shown 

as: 

(3.5) 

The case of µ=0 and £i= 1 is called the standard normal distribution. 
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3.3.2. Multivariate single component Gaussian distribution 

In the case of a multivariate F-dimensional random variable X=(x1, ••• ,xr)r with Gaussian 

distribution, the pdf is as follows: 

p(X) = N(Xlµ,l') = ; 1 e-~(x-µ)Tr1cx-µ ) 
(2rr)2 1£12 

(3.6) 

whereµ is the F-dimensional vector mean and I is the F*F covariance matrix of Gaussian and III is 

determinant. An example of a 2-dimensional Gaussian's pdf is depicted in Figure 3.2(a) - its shape 

resembles a bell - and a plane cut of the pdf is shown in Figure 3.2(b). The covariance matrix is a 

symmetric mat1ix with [P(F+ 1 )/2] maximum degrees of freedom which is called full covariance. In 

the case of diagonal covariance, all the elements not in the main diagonal of the matrix are zero. The 

spherical covariance is a special diagonal case with a same unique value for all the main diagonal' s 

element . Figure 3.3 shows examples of different covariance matrices. 
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Figure 3.2: The probability density function (pdf) of a 2-dimentional Gaussian distribution. 
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3.3.3. Gaussian Mixture Model (GMM) 

Let us assume a sample set of X = {xe}~=l is generated by a mixture dist1ibution with M 

components, where each component has Gaussian density. The mixture is called a Gaussian mixture 

model (GMM) with M components and has the followi ng pdf: 

M 

p(xel8) = .L>L N(xelµL,EL); e = 1... E; (3.7) 
L=l 
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Figure 3.4: Gaussian mixture model for multimodal Gaussian distributions. 

where { c£}~ 1 are the component's weights such that If!,1 cl = 1. µ, and I, are the mean and 

covariance of the /117 component respectively, and hence, the whole parameter set is 8 = {cl, µl, IL}~ 1 • 

GMMs are very useful and popular for observation modelling since they can represent multi modal 

Gaussian dist1ibutions. Figure 3.4(b) shows a one-dimensional GMM with three components that can 

model the observation density of Figure 3.4(a). 

3.4. Density estimation 

In pattern recognition field, density estimation is the process of learning a pdf model from a set of 

samples. Let us have a set of amples X = {xe}~=l• and consider their joint probability p(X) = p(x1 , ••• 

,Xe, ... , Xt;). This joint probability is a parametric function of the model parameters (0) and thus is 

noted as p(X 18). The p(X I 0) probability is also known as the likelihood function of (}given X, noted 

as L(BI X). 

If the samples are all generated from the same distribution and independently of one another, they 

are so called independently and identically distributed (i.i.d.) samples. In this case, the likelihood 

function p(X 10), is given by: 
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E 

L(8IX) = p(Xl8) = p(x1, ... , Xe, ... , XE) = n p(Xe 18) (3.8) 
e=l 

The log-likelihood, LL( 8 I X) = ln L( 8 I X), is often used instead of likelihood. Logarithm is a 

monotonically increasing function of its argument; therefore, maxima of the argument are also 

maxi ma of the log. The reasons to use log-likelihood instead of likelihood are: 

1. Logarithm of product is sum of logarithm. So, using of logarithm removes the product 

operator which is often harder to deal with. 

2. For exponential density families , logarithm and exponential cancel out. 

3. It avoids numerical underflow during the evaluation of L(BI X) . For example: 

TI1000 0.1 = 10-JOOO H L1000 -1 = -1000 

3.4.1. Maximum likelihood density estimation (MLE) 

The first step in density e timation is choosing an appropriate pdf model (for example, Gaussian) 

and then, the model parameters ( e) need to be fit to the set of samples. The main approach of model 

fitting is maximising the likelihood function L(B ). Hence, in the maximum-likelihood density 

estimation, the goal is to find e* that maximises L(8) or equivalently LL(8), that means: 

8" = argm.ax e (L (8 IX)) (3. 9) 

It is possible to unde11ake direct maximi sation by differentiation L(fJ ) and then solving dL/d8= 0 

to find e *. If closed-form solutions are not possible, iterati ve methods can be used instead (e.g. 

Newton-Raphson [67]). 

However, it is very important to note that, for many models, the likelihood function is not concave 

and has many local maxima. In many cases of practical interest, it is not possible to find all the 

maxi ma and select the global one. 
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3.4.2. MLE of a single Gaussian parameters 

Let us assume X = {xe}~=l> is a sample set of a single component multivariate Gaussian density. 

ML estimation of Gaussian parameters requires finding the best e = {µ, I } to fit the Gaussian pdf 

considering the sample set X. The Gaussian likelihood is a concave function with only one maximum. 

This ML density estimation is an easy case and the solutions can be obtained by setting the derivation 

of likelihood function inµ and I to zero which results in the following estimation formulas: 

(3.10) 

(3.11) 

3.4.3. Expectation Maximisation (EM) algorithm for MLE 

Findi ng maxima of L( e) for mixture distributions is nol as easy as for the Gaussian. In addition, 

the likelihood function for mixture dist1ibutions may have multiple maxima; wi th the main question of 

which one is better. A simple case of multiple maxima for the likelihood function of a GMM with just 

two parameters (µ 1, µ 2) is shown in Figure 3.5. 

In 1977, Dempster et al. introduced a very popular algorithm for ML estimation known as the 

Expectation-Maximisation (EM) approach [68]. In the EM approach, the given data Xis known as 

incomplete data where another latent (or hidden) data Y is assumed to exi st in conjunction with X such 

that both (X, Y) compose the complete data. In contrast to incomplete data log-likelihood LL( e IX), the 

ln(p(X ,Yl8) ) function is known as the complete data log-likelihood. Then, instead of maximising L(8) 

or LL(8), a new function Q(O) is maximised. 
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Figure 3.5: Multiple maxima for the likelihood function of a Gaussian mixture. 

This new function Q(fJ, fJ "1
d) is defined as the expected value of /n(p(X,YlfJ )) on conclitional 

probabi Jity p( YIX, fJ"1c1), as follows: 

Q(e,eold) = E[ln(p(X,Yl8))IX,e 0 Ld] = J ln(p(X,Yl8)) p(Ylx,e 0 td)dY (3.12) 

The EM approach works since obtaining a maximum for Q(B) guarantees a maximum or at least 

an increase in LL({}) over an inifolly arbitrary choice of fJ . For the approach to make sense, Q( (}, fJ 01d) 

must be such that its maximisation is easier than that of L(B). 

In many cases, the Xe are also independent joint with Y; hence, the complete data log-likelihood 

function can be written as: 

ln[L(61X, Y)] = ln [p(X, Yl6)] = ln [Q p(xe, Yl6)] = t, ln [p(xe, YI 6)] (3.13) 

For the EM approach to make sense, the expression for p(x,,,YlfJ) must be significantly simpler than 

that of p(x,, IB); otherwise, we would maximise LL(B). 
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The following steps are performed in the EM algorithm: 

1. Choose an initial B01
d. 

2. Estep (expectation): compute p(YIX, (}01d). 

3. M step (maximisation): compute Q( B, B01d) and differentiate it in (}to find its new maxima 

4. Check for convergence of either L or B. If neither converged, then assign (}new to (} 01
d and 

return to step 2. 

The maximum that EM finds in the parameter space upon convergence is a local one. Its position 

depends on the choice of the initial (} 01
d. 

3.4.4. ML estimation of GMM parameters using the EM algorithm 

Let us assume X = {xe}~=l is a set of E independent multivmiate data generated by a GMM with 

M components and defined with the following pdf: 

M 

p(xelB) =I cl N(xel.ui,Ei); e = 1 ... E; (3.14) 
l=l 

where, 8 ={ct, µl, Z:z}f;,1 shows the GMM parameters. 

The EM algorithm is the main tool to find maximum-likelihood parameters for a mixture 

distribution, including GMM. In the EM for GMM [69], the observation data are regarded as 

incomplete data and it is assumed that for each sample Xe, there exists a latent variable Ze, whose value 

is the index l, l= 1...M, of the Gaussian component responsible for generating that sample. 

In the EM for GMM, it is assumed that each Xe depends only on its Ze. Therefore: 

(3.15) 

As desired, the p(xe,Ze) is much simpler than p(xe) of Eq. (3.14). 

In the E-step of EM algorithm, the expression p(ZIX, B01d) can be easily derived as: 
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E 

p(zlx, eold) = n p(ze lxe, eold) (3.16) 
e=l 

Hence, the function Q({},(}01d) that is required for the M-step, can be achieved as [69]: 

Q(e, eold) = L ln[L(8IX,Z)] p(ZIX, eold) = 
z 

(3.17) 
M E M E =LL ln (cl)p(ze = llxe,eold) +LL ln [N(xelµl,l'a]p(ze = llxe,eold) 

l=l e=l l=l e=l 

Q( e, (} 01
d) is then differentiated to find the maxi ma by considering a constraint l:f!, 1 c1 = 1, for 

meaningful weights c,. 

Hence, at iteration (k+ 1) of the EM algorithm: 

E-step: For e=l...E and l=l...M, ca1culate the conditional posterior component membership 

(responsibility) of sample Xe which is denoted as re1: 

(k) N ( I· (k) \ .. (k)) cl . xeµt ,£..l ,,.. _pf~ __ z1x eCk)) ____ _ 
L el ·- \. L.e -- I e1 - M (k) ( I (k) (k)) 

l:h=l ch N Xe µh ,l'h 
(3.18) 

M-step: The dosed form solutions for cfk+l), 11fk+l) and .Lfk+l) , l=1 ... M, based on the ca1culated 

E E 

cik+l) = ~ L p(ze = llxe, eCk)) = ~ L Tel (3.19) 
e=l e=l 
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(3.20) 

'\'E ( _ ll (k)) ( (k+l))( (k+l) T 
L(k+l) = L..e=l p Ze - Xe, 8 Xe - µl Xe - µl ) 

l '\' E p (z = l I X 8 ( k)) L..e=l e e• 

'\'E ( (k+l) (k+l) T 
L..e=1Tel Xe-µl )(xe-µl ) 

(3.21) 

L~=l Tel 

3.5. Hidden Markov model (HMM) 

With sequential data, e.g. a ti me-sequence data, the order of observations is important. Hence, to 

model the sequential data, a sequential probabilistic model, like HMM, is required. HMM is a 

temporal graphical model in which the modelled system has observed outputs (observations, or 

emissions, or measurements), and a set of hidden states. A much-cited tutorial on HMM can be found 

in [6]. 

The observation sequence is noted here as 0 = [0 1, ... ,01, •• • ,oT}, where Tis its length, and the state 

sequence as Q = { qi, ... ,q1, ••• ,q1 }. Each sample 0 1 may be generated out of a different clistribution. Each 

state of an N-state HMM can take value in a discrete set with N symbols {sj, .. .,sN}, while the 

observations can have either discrete or continuous values. 

HMM has two fundamental hypotheses: 

1. First-order Markov assumption: the value of state at time t, qi. only depends on the value of state at 

previous time, q,_i, and is independent of the other previous variables: 

(3.22) 

2. The value of observation at time t, 0 1 , only depends on the value of state at time t, qi. that means the 

independence of each observation given its state: 
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(3.23) 

3.5.1. HMM parameters 

An HMM is represented by a set of parameters: 

/l = {A, B, rr} (3.24) 

A is the N*N state transition probability matrix: 

(3.25) 

Jris a vector of N initial state probabilities: 

(3.26) 

B represents the parameters of the observation probabilities for each state. For discrete 

observation, each observati n 01 takes value in a finjte set of L symbols V={v 1,v2, .. ., vL}. In this case, 

Bis an N*L matrix as follows: 

(3.27) 

However, in the case of continuous observation, the observation distribution Bis usually modelled 

by an M-component GMM for each state (HMM-GMM) with following pdf for each state: 

M 

bqJot ) = bqt=sJ ot ) = bi(o t ) = p(otlqt = sJ = L cu N(otlµu,l'u) ; i = 1.. . N, 
l = l (3.28) 

t = 1... T; 
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where {cu}f!: 1 are the component's weights for the GMM of state si such that Lf!: 1 cu = 1. µit and I:il 

are the parameters of the th component of state si, and hence, the whole HMM is represented by: 

(3.29) 

3.5.2. HMM basic problems 

There are three "canonical" problems for an HMM, each of them with exact solution: 

1. Evaluation problem: given 0 and A, measure p(OIA-). The solution of this problem is the 

forward-backward algorithm [6, 70]. As we will see later, the calculation of p(OIA-) is required 

for performing maximum likelihood classification. 

2. Decoding problem: Given 0 and A, fi nd the best state sequence Q which explains 0. The 

Viterbi algorithm can solve this problem [6, 70]. 

3. Estimation problem: Given 0, find A, that maximises p(OIA-). The Baum-Welch re-estimation 

algorithm [6 , 69] is exploited to solve this density estimation problem. Although this 

algorithm is of EM-style, it was presented in 1970 [71] , well before the introduction of EM 

algorithm by Dempster et al [68]. 

3.5.3. HMM evaluation 

The target is computation of likelihood p(OIA-), for the given 0 and A. Using marginalization over 

all possible sequences of Q, it can be seen that: 

p(OIA.) = L p(O,Ql/l) = Ip(OIQ,/l) p(Ql/l) (330) 
VQ=q 1q2 ... qT VQ 

where, 
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(3.31) 

Moreover, by assuming that observations are independent stati sticall y, the joint probability of 

p(OIQ, A,) can be rewritten as: 

T 

p (OIQ,il) = n p(ot lqt,il) = bq/o1) bq
2
(02 ) ... bqr(or) 

t=l 

Hence, p(Ol,.1,) is obtained as: 

p(Olil) = I 7rq1 bq1 (o1 ) aq 1 q2 bq 2 (02 ) aq2 q3 .. . aqy_1qy bq/or) 
'<tQ=q1qz ... qy 

(3.32) 

(3.33) 

It should be noticed that there are NT different possible combinations for Q. Hence, the order of 

complexity of Eq. (3.33) is (2 * T * N r ), which makes its computation impossible in practice. For 

instance, with N=S and T=lOOO, there are 10699 different combinations. 

The following forward procedure [6] has been proposed to reduce the complexjty from exponential 

to linear in T. A backward procedure [6] of equivalent computational cost is also possible. 

3.5.3.1. F'orward procedure 

This procedure is an economic way to calculate the likelihood p(OIA). Let us first introduce an 

auxiliary quantity Qi(t) , the probability of observing the pa11ial sequence o 1o2 . • . 0 1 and being in state si 

at time t, given the model A: 

(3.34) 

Qi(t) can be solved inductively as follows: 

• Initialisation step: 
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(3.35) 

• Induction step: 

(3.36) 

As can be seen, at every time step, the number of partial products in af(t) increases by N and their 

length increases by 1. 

• Termination step: 

N N N I aJT) =I p(o1 , 0 2 , .. . , Dy, qy = sJ,1,) =I p(O, qy = sdA.) (3.37) 
i=l i=l i=l 

Hence, by applying the marginalisation rule: 

N I ai(T) == p(OIA.) (3.38) 
i=l 

The order of complexity of this procedure is (T * N\ compared to (2 * T * f'·l) of direct 

calculation. 

3.5.3.2. Backward procedure 

Similar to the forward procedure, a backward procedure exists to compute the likelihood p(OIA). 

First, the auxiliary quantity jJ;(t) is introduced as the probability of observing the paitial sequence 

0 ;+10,+z · . . or given the state si at time t and the model A-: 

(3.39) 

Similar to a;(t) , fi(t) can also be solved inductively as follows: 
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• Initialisation step: 

f3i(T) = 1; i = 1...N; 

• Induction step: 

N 

f3 i(t ) =I aij bj(Ot+ 1 ){3j(t + 1); i = 1... N, t = (T - 1) ... 1; 
j=l 

• Termination step: 

N 

p(Ol-1) =I rrjbj(o1){3j(1) 
j=l 

3.5.3.3. Forward -backward algorithm 

Based on the defin itions for a;(t) and {J;(t): 

Hence, 

(3.40) 

(3.41) 

(3.42) 

(3.43) 

(3.44) 

The above equation means that, given q1, we can split the evaluation of p(Ol..1) in two parts at a 

given time t, t=l.. .T, a forward and a backward. By marginalizing this equation over all possible states 

at time t: 
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N 

p(Olil) = L ai(t)/3i(t); t = 1... T; (3.45) 
i=l 

Therefore, the forward and backward procedures are particular cases of this equation: 

N 

Forward procedure (t=T): p(Olil) = L ai(T)/3i(T) (3.46) 
i=l 

N 

Backward procedure (t=J): p(Olil) = L aJl)/3i(l) (3.47) 
i=l 

3.5.4. Action classification using HMM evaluation 

Using HMM for action recognition converts the recognition problem into classification of time 

series. Let us call C the set of K action cl asses, C = { c1 , .. .,cg, . .. ,cK }, with a con-esponding trained 

HMM for each class c8 , g=l...K, noted by its set of parameters A.ii. Given a new instance 0 , it can be 

classified ·in the most likely class by using maximum-likelihood classifi cation rule as: 

(3.48) 

where p(Ol28 ) is the likelihood function that can be effectively computed based on the forward-

backward algorithm. If fuller Bayesian classification is sought, priors and costs can be easily added. 

3.5.5. ML estimation of HMM parameters using EM algorithm 

Prior to action classification, the HMM parameters are needed to be estimated to fit the model to 

the training observation sequences with maximum likelihood criterion [6]. The most popular HMM 

training algorithm is the Baum-Welch re-estimation algorithm [69], which is of EM-style. As the 
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observations for human actions are continuous, we consider the HMM-GMM as the density model in 

the following. 

Let us assume the sequential data 0 = {o1, ... ,o,, ... ,oT} is generated by an N-state HMM where the 

observation for each state is modelled by a GMM with M components with following pdf: 

M 

bi(ot ) = p(otlqt = sJ =I cu N(otlµu ,.Eu) ; i = 1... N , t = 1.. . T ; (3.49) 
l=l 

where, 8i = { cil, µil, l'il}~ 1 shows the GMM parameters for state si. 

The sequential data 0 in an HMM is considered incomplete and therefore, the value of a hidden 

data q,, indicates the state number at particular time t for the given sample or [69]. Furthermore, inside 

each GMM of every states;, the value of another hidden data Zr;, indicates the index of the Gaussian 

component that generates the sample. Hence, the EM algorithm to estimate the parameters of an 

HMM-GMM deals with two hidden variables : q (state indicator), z (component indicator). 

Consequently, there are two fractional memberships (responsibilities): 

1. The member hip of sample Or to state si, given by ')1(t) which is called the conditional posterior 

state en11s ion: 

Yi(t) = p(qt = sdO,il); t = 1 .. . T, i = 1. .. N; (3.50) 

2. The membership of the fractional sample to the /h component for states;, given by r;1(t) which is 

called the conditional posterior component membership: 

ru(t) = p(zu = llqt = si, Dt,A-); t = 1. .. T, i = 1 . . . N, l = 1. . . M; (3.51) 

Furthermore, let us define (iJ(t) as the probability of being in states; at time t and in state sj at time 

(t+ 1) given the observation sequence 0: 

(3.52) 
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Hence, at iteration (k+ 1) of the EM algorithm: 

E-step: For all t=1...T, i=l...N, )=1...N and l=1...M, and based on the ~(t) and fi(t) of forward-

backward procedure, update the responsibilities '){(t) and rii(t) and the probability (;;{t): 

(3.53) 

(3.54) 

(k) ( I (k) (k)) cu N Ot µu , Eu 
(3.55) 

Now, we can calculate the joint probability that the zth component of the i1
h mixture generates the 

sample 01, by using the probability's product rule: 

(3.56) 

M-step: The estimation formulas for HMM-GMM are as follows: 

(k+l) - . (1) 
Tri - Yi (3.57) 

(k+l) _ r.I;;l foCt) a .. -----
i; l.I;;f Yi (t) 

(3.58) 

52 



(k+l) - I.f=1 p(qt = si,Zti = z10,i1.Ck)) - L.I=1 Yi(t) Tu(t) 
Cu - Lr= 1p(qt = sdO,il_(k)) - Lr=1 Yi(t) 

(3.59) 

(k+l) - L.I=1P(qt = si,Zti = z10,i1.Ck)) Ot - L.r=l Yi(t) Tu(t) Ot 
µil - L.r=lp(qt = si,Zti = llO , il_ (k)) - L.r=l Yi(t) Tu(t) 

(3.60) 

(3.61) 

Now, let us assume a set of E independent observation data {Oe}:=i , generated by an HMM-

GMM where each ae = {of, ... , Of, .. . o~J is a sequential data of length Te. In thi s case, the above 

estimation equations are changed to the following: 

c(k+l) - L~=l L~~l yf (t) Tu (t) 
il - "E " Te e() .L.e=l L.t=1 Yi t 
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(3.62) 

(3.63) 

(3. 64) 



(k+1) _ L~=1 L~~ 1 rt (t) r~ (t) of 
µil - "°'E "°'Te e( ) e () 

L..e=l L..t=l Yi t Tu t 

"°'E "'Te e ( ) e ( ) ( e (k+l)) ( e (k+l))T 
E~k+l) = L..e=l L..t=l Yi t Tu t 0 t - µu Ot - µil 

tl "°'E "°'Te e( ) e ( ) L..e=l L..t=l Yi t Til t 

(3.65) 

(3.66) 

Finally, it should be taken into consideration that, like all EM algorithms, the Baum-Welch re-

estimation algorithm guarantees convergence to a local optimum (or a saddle point) of the data 

likelihood (not the global maximum), and the position and quality of such a maximum depend in turn 

on the initialisation parameters. 

3.5.6. Correlation between parameter estimation and action classification 

As we see in the previous subsection, i\1LE of HMM parameters does not estimate the number of 

states (N) and the number of Gaussian components in each state (M). For these two parameters, we 

simply adopt exhaustive search over a plausible range, N, ME { 1 ... 6} and a selection based on cross·· 

validation accuraci. 

Fuitherrnore, we need to note that the HMM parameters exploited for HMM action cla. sification 

of unseen data have been estimated by training data. The fact that traimng and verification data could 

be totally different may lead to unexpected variation in classification accuracy. Table 3.1 exemplifies 

this variation in a cross-validation test through reporting the overall log-likelihood for trained HMMs 

and corresponding classification accuracy based on the trained HMMs. For the experiment, we 

exploited the Murphy's HMM toolbox [72] on the basis of leave-one-out cross-validation test. For 

video dataset, we exploited the MuHA Vi and for the feature set, we used the projection histograms 

(see chapter 4 for details). The results in Table 3. 1 show that the overall log-likelihood increases as 

t Such parameters coul d be studied by infinite mixture models with reasonable priors, but the 
complexity of such models goes beyond the scope of thi s thesis. 
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the number of states or components increases. This could be expected since HMMs with more degrees 

of freedom can provide a tighter fit to the training data. Hence, the cases N=M=1 and N=M=6 have the 

minimum and maximum overall log-likelihood, respectively. However, from the value of overall log-

likelihood for a specific combination of N and M, we cannot anticipate better or worse classification 

accuracy. For example, in this specific experiment, the achieved classification accuracy is in its 

maximum (86.4%) for N=2 and M=6, while the overall log-likelihood is not. The trade-off between 

poor fitting and over fitting is determined by cross-validation accuracy. 

Table 3.1: Overall log-likelihood and corresponding classification accuracy for a cross-validation test 

using HMM-GMM. 

Overall log-likelihood (*1e+6) Classification accuracy (%) 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 6.95 7.06 7.09 7.11 7 .1 2 7.13 N=l 66.8 79.6 84 .2 84.9 84.4 85.2 

N=2 7.23 7.27 7.28 7.29 7.30 7.31 N=2 80.4 81.4 83.2 80.9 84.9 86.4 
N=3 7.36 7.38 7.39 7.39 7.40 7.41 N=3 81 .7 84.2 84.7 84.7 85.2 83.7 

N=4 7.43 7.45 7.46 7.47 7.47 7.48 N=4 82.9 84.2 84.7 86.2 81.9 85.4 

N=5 7.49 7.51 7.52 7.52 7.53 7.53 N=5 82.4 85.2 83.7 84.4 84.7 85.9 

N=6 7.53 7.54 7.56 7.57 7.57 7.58 N=6 83.7 85.2 85.2 85.2 84.7 84.4 

3.6. Summary 

In this chapter, we have first reviewed the density estimation of the Gaussian distribution and its 

mixture (GMM) based on the Maximum Likelihood (ML) criterion. It was shown that for GMM and 

similar mixture distributions, the ML estimation is usually performed by using Expectation-

Maximisation (EM) algorithm, which can only find the local maxima (not the global maximum) of the 

likelihood function. Then, the HMM graphical model was reviewed, with more focus on HMM with 

GMM observation densities. We showed how the HMM parameters are estimated by using the Baum-

Welch re-estimation algorithm (an EM-style algorithm). Furthermore, the forward-backward 

algorithm has been described for maximum likelihood classification in HMM. In the next chapter, we 

focus on the issue of HMM parameters initialisation, and propose various, novel initialisation 

methods. 
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Chapter 4: 

HMM training initialisation for action recognition 

4.1. Introduction 

As mentioned in chapter 3, the Baum-Welch algorithm is utilised to estimate HMM parameters 

based on the maximum likelihood criterion. Like many mixture likelihood functions, the likelihood 

function of HMM-GMM does not have concave or unimodal shape; instead, it has many local 

maxima alongside the global maximum. However, the Baum-Welch algorithm is of expectation-

maximisation style, and can only find one local maximum for the likelihood in each run. The main 

workaround for this problem is that of repeating the training stage many times from different 

initial isations until satisfactory parameters are found. In most car:;es, the quality of the parameters is 

measured in terms of cross-validation accuracy. 

Hence, in this chapter we investigate and present a number of approaches that can improve the 

training time of HMMs from a Ii rnited set of samples with one-shot initialisation. This advantage is 

significant as training is generally time consuming and has to be iterated many times over various 

experimental setups and datasets. For instance, a single training session over 400 training sequences 

with a 2.8 GHz CPU PC and Matlab 7.9 takes us 16 hours. In the case of larger training sets the 

training time is in the order of weeks and repeating the trailing is heavily time consuming. Please 

note that these figures are net of feature extraction time since feature extraction is performed once and 

for all prior to training. The proposed HMM parameters initialisation methods are applied to 
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recognition of human actions. Various experiments on different video dataset and using different 

feature sets are conducted to compare the classification accuracy achieved with the proposed methods 

against the reference initialisation method. 

Furthermore, as a part of the contributions in this thesis, we propose the "sectorial extreme points" 

feature vector, a simple and fast-to-extract feature set suitable for real-time surveillance applications 

which typically require processing 25 frames per seco nd (PAL video rate). 

4.2. Local maxima issue in the likelihood of mixture distribution 

The likelihood function for the mixture distributions, such as GMM or HMM-GMM, may have 

multiple maxima. The following simple example illustrates this issue for the likelihood function of a 

1-di mensional GMM with only two components. For simplicity, just two parameters (µ 1, µ 2 ) of GMM 

are assumed variable, where the other parameters are fixed (known) as the following pdf: 

p(xl8) = 0.3 N(xlµ11 o-1 = 1.6) + 0.7 N(xlµ2 , o-2 = 1) (4.1) 

The lil eli hood fu nction of p(x) can be calculated by using Eq. (3.8) of chapter 3 as 

L(BIX) = 0~=1 p(xel8). It can easily be visualised for any given range of its two parameters: µ1 , µ2. 

For example, Figure 4.1 displays the likelihood function for the range of l-10 +8]. 
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Figure 4.1: Multiple maxima for the likelihood function of a Gaussian mixture. 
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Figure 4.2: The histogram of a sample set for a mixture of Gaussians distribution. 
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Figure 4.3: Two resulting pdfs using MLE for the likelihood function of a GMM. 

Now, let us assume 300 uni-dimensional samples with the histogram of Figure 4.2, and try to fit 

them to the pdf of Eq. (4.1 ). This requires the estimation of unknown parameters(µ 1, µ1), as discussed 

in the previous chapter. Using the maximum likelihood criterion, two local maxima can be found for 

(µ 1, µ 2) in the range of [-I 0 +8]: 

1. µ 1 = 0.5 , µ2 = -4.5, with the likelihood value of (-775.6) and the con-esponding pdf as shown 

in Figure 4.3(a). 
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2. µ 1 = -4 , µ2 = 1, with the li kelihood value of (-807 .7) and the corresponding pdf as shown in 

Figure 4.3(b). 

Comparing the two pdfs in Figure 4.3 with the data histogram of Figure 4.2 shows that the 

obtained parameter (µ1 = 0.5, µ2 = -4.5) clearly better fits the sample set. This result is confirmed by 

the maximum achieved likelihood (-775.6), which is greater than the likelihood of the other (-807 .7). 

However, in the case of an N-state HMM where the observation for each state is usually modelled 

by a GMM with M components, the total size of the observation probabilities , B, is (N * M * sizeof{µ, 

L, c }). For instance, in an HMM with N=M=5, F= IO-dimensional observations (a conservative figure) 

and full covariance matrices, the size of Bis equivalent to 1,645 scalar parameters. Such a number is 

typically high and confirms that an HMM is a highly parametric model. In this very high dimensional 

space, the likelihood function has many hills and valleys in its surface. Unfortunately, there exists no 

algorithm to find the global maximum of the likelihood function, or to find all its local maxima to 

later select the global one among them, as in the above simple example. 

It should be noti ced that the ' 'brute-force" search cannot be used to solve the maximum Jikelihood 

problem. Unfo1tunately, µ and Lare continuous parameters and therefore, it is impossible to explore 

all possible values as requested in the "brute-force" approach. Whi le a gtid search is possi ble, the grid 

has a number of cells which is exponential in the number of parameters and the "brute-force" 

approach is almost impractical for problems with exponential size. 

Although the EM algori thm guarantees the convergence to a local maxi mum, the calculated 

maximum strongly depends on the arbitrary initiali sation made for the HMM training stage, and 

leaves this question unanswered whether it is good enough or not. 

4.3. Parameters initialisation in HMM training 

The Baum-Welch re-estimation alg01ithm requires an initial assignment of the HMM parameters 

to initiate training. While all the parameters influence the outcome of training, in the following we 

focus only on the parameters of the observation probabilities, B, because their size is typically 

overwhelming. 
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Figure 4.4: Hl\1M parameter initialisation in Murphy's toolbox using random initial centres. 

The problem with HMM initialisation is exacerbated by the fact that only a set of training 

observation sequences is given, without knowledge of the states generating the observations. The 

training data allow us to easily estimate the observation probability marginalised over the states: 

N 

PCot) = L p(ot lqt = sJp(qt = si) (4.2) 
i=l 

Yet, our estimation targets are the conditional observation densities, b,.(oi).·=p(o, lq,=sJ . Further, 

the problem of the quality of the maxima and the generalisation to unseen examples is often worsened 

by the scarcity of training samples . 

4.3.1. Random initialisation method 

Before we start desc1ibing our initialisation approaches, we illustrate a conventional method taking 

Murphy' s HMM toolbox [72] as the reference. Let us assume a set of E independent training data, 

{Oe}~=l, where each oe ={of, ... ,of, ... o~J is a sequential data of length Te. Parameter B requires 

to be initialised with N sets of M weighted Gaussian components, {µit, L,.1, cil}, i=l..N, l=l..M. The 

toolbox obtains such values in two steps: cluster initialisation and component dispatching. 

4.3.1.1. The reference cluster initialisation method 

In the first step of HMM parameters initialisation (Figure 4.4), a k-means algorithm clusters the 

observations from all the training sequences into (N*M) clusters. 
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For this purpose, the observations from all the training instances Oe, e=l ... E, are coalesced into a 

single vector, called super vector hereafter for reference. The (N*M) initial centres required by k-

means are chosen randomly from such a super vector; hence, we call this method "random centres". 

As its output, the k-means algorithm produces a set of (N*M) clusters which are then used to set the 

parameters of a single GMM with (N*M) components: the means are set as the clusters' centres; the 

covariances are computed based on the data in each resulting cluster; the weights are proportional to 

the number of data in each cluster. 

4.3.1.2. The reference component dispatching method 

As the second step of initialisation, the (N*M) resulting components are dispatched over the N 

states (M components to each state) in "appearance order" , to be trained later using EM-HMM. 

It should be noted that the HMM initialisation and training processes has to be repeated with 

different random initial centres until satisfactory parameters are found, in terms of either a 

suffici ently-high likelihood or sufficient accuracy from a cross-validation experiment. The second 

target is much preferable since maximising the likelihood alone may be prone to overfitting. 

However, this process can prove very time consuming and has no formal stop crite1ion. 

In the following sections, we propose two one-off initial isation methods designed to amend this 

trial -and-error style of initialisat10n. Despite their heuristic nature, the proposed methods are founded 

in the temporal and spati al dimensions of the ti me seri es. 

4.4. One-off initialisation methods 

The sequential observation data in an HMM with GMM observation densities (HMM-GMM) are 

modelled based on two dimensions: 

1. Sequentially (or proximity in time) : states have a natural duration expressed by the transition 

probability matrix . Observations which are close in time are more likely to belong to the same 

state and, therefore, GMM. 
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2. Proximity in feature space: each observation has a value, irrespectively of its occurrence in 

time. In general, those observations whose values are close to each other have highest 

probability in (i.e. belong to) the same Gaussian component. 

The role of HMM training is that of balancing these two dimensions. However, the trade-off is not 

known at initialisation time and the natural choice is to use either dimension to develop an 

initialisation strategy. Therefore, we propose the following two cluster initialisation approaches: 1) a 

"time segmentation-based'' approach exploiting sequentiality; 2) a "histogram-based" approach taking 

advantage of proximity in feature space. Unlike random initialisation of clusters' centres, both 

methods permit one-off training of the HMM with the main advantage of saving substantial training 

time. 

4.4.1. Time segmentation-based approach 

In the first approach, we initialise the clusters' centres by using time segmentation. The main 

thesi s of this approach is pai1itioning of each training instance Oe, e=l...E, into segments with equal 

length in the time domain and choosing one representative data from each segment to initialise one 

cluster's centre. KP, p= 1 .. . (N*M) . For the segmentation purpose, we introduce two followi ng 

solutions : 

1. The frame sequence of each training instance Oe is divided into (N*M+ l ) consecutive 

{ }
N *M+l • L . ' J . segments, 5$ p =l , eacn of I e I (N >i<J\!1+1 ) length. After that, the boundary pomts between 

{ }
N*M 

consecutive segments are collected as the segments' representatives, wpe p=l . 

2. First, we divide the frame sequence of each training instance Oe into (N*M) consecutive 

segments , {5$};:~ , each of LTe I (N*M)J length. Then, for each 5$ segment, the mean value 

within the segment is taken as the segment's representative, Wpe . 
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Figure 4.5: The average of training instances time segmentation-based cluster initialisation method. 

Regardl ess of which solution is utilised to calculate the segments' representatives, we propose 

three difference time segmentation-based cluster initialisation methods, where each method is 

explained separately in the following subsections. Before we describe each method in detail, it should 

be noted that the time segmentation-based cluster initialisation is equivalent to assuming that each 

segment's representative is in correspondence with a cluster's centre KP, and that the various cl usters 

occur in a "left-to-right" sequence with equal duration. The aim of this procedure is to sample the 

training sequence along the time in order to extract sensible starting points for the formation of the 

observations' clusters and, in turn, the b;(o1) densities. While the dynamic of the human action is 

certainly not li near in time in general, thi procedure provides useful starting value ; the discovery of 

the non-li nearities is the responsi bility of the following HMM training stage. 

4.4.1.1. The average of training instances cluster initialisation method 

Our first time segmentation-based method is called average of training instances. Here, after the 

segmentation of each training instance Oe, e=l...E, the calculated segment's representatives {Wpe} are 

averaged over all the instances to compose the initial centre for the p-th cluster, kp (Figure 4.5): 

E 

Kp = ~ L wpe; p = 1 ... (N * M); (4.3) 
e = l 
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Figure 4.6: The average of GMM parameters time segmentation-based cluster initialisation method. 

Eventually, like for the reference random centres method, the k-means algorithm exploits these 

initial clusters' centres to calculate the initial parameters of a single GMM with (N*M) components to 

be later dispatched as the components for the HMM-GMM. 

4.4.1.2. The average of GMM parameters cluster initialisation method 

In the average of GMM parameters method, the calculated segments' representatives {Wpe} for 

each training instance ae, e=l ... £, are sepc.u-ately supplied to the k-means algorithm to initialise the 

single GMJvI parameters. The initialised GMM parameters in the output of k-means are then averaged 

over the entire training instances, before component dispatchjng (Figure 4.6). We care to note that this 

is an empirical procedure as GMM parameters, and in particular the covariance parameters, do not lie 

in a vector space. However, we can assume that the various trained models are not too different from 

one another, and that their linear combination is an acceptable approximation. 

4.4.1.3. The average of HMM parameters cluster initialisation method 

The average of HMM parameters method does not just initialise clusters' centres. It mixes both 

steps of HMM parameters initialisation (cluster initialisation and component dispatching) and also the 

HMM training as shown in Figure 4.7. 
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Figure 4.8: The histogram-based cluster initialisation. 

For each training instance Oe, e=l ... E, the k-means algorithm fir t initialises the parameters of a 

{ }
N *M 

single GMM based on the calculated segments' representati ves Wpe p=l, and then the resulting 

GMM components are dispatched over the N states to train individual HMMs. The trai ned HMM 

parameters are averaged over the entire training instances (again, under a small-signal linear 

assumption), and such averages are used as the input for the fi nal HMM learning. 

4A.2. Histogram-based approach 

An alternati ve to identifying the initial clusters' centres by time segmentation is that of exploiting 

proximity in feature space. We therefore consider the marginal di stribution of the observations, p(o1), 

and identify initial centres therein. Whereas mode interference may hide certain modes of the state-

conditional di stributions, p(o1lq1=si), a reasonable expectancy on modes' separation supports thi s 

approach. Considering thi s issue, we propose an approach called marginal histogram of observations 

based on an approximated histogram of the super vector to initialise the clusters ' centres. The aim is 

locating the positions of the main modes of p(o1) and use them as initial dusters ' centres (Figure 4.8). 
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Figure 4.9: Histogram-based initialisation of clusters' centres. 

However, mode seeking in multi-dimensional data can prove inaccurate, especially when the 

training data are not sufficient] y dense. To mollify this issue, we resort to computing 1-D histograms 

of each individual feature separately, and then constructing the initial centre values incrementally, 

feature-by-feature. This simplifying procedure is e.quivalent to assuming convex clusters and feature 

independence. Here, in the case on an F-dimensional data observation, for each feacure.fi, i=1...F, four 

consecutive steps are performed (Figure 4.9): 
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STEP 1: (N*M) equally-sized bins are formed from the super vector based on feature f;. Such a 

histogram is therefore I-dimensional. 

STEP 2: The bin with the highest count is chosen as the first mode for feature f;. Then, the count 

of the chosen bin (in percentage) is decreased by (1 /(N*M)). 

STEP 3: The procedure at the previous step is repeated (N*M) times. A bin may end up being 

chosen more than once if its count remains greater than that of the other bins in successive iterations. 

By proceeding in this way, the selected bins account for the largest part of the measurements and 

equate to a quantization step of a ]-dimensional histogram. After bin construction, we consider the 

samples falling in each bin and we record the mean of their first i coordinates. Such i-dimensional 

means are noted as { ct:i}, p=1...(N*M), and represent the position of each bin in the space spanned by 

the first i coordi.nates . 

While the above three steps construct the bins { cJ:i} of a I-dimensional histogram, the next step 

"consolidates" such bins into a set of dusters' centres, {Kv}, whose dimensionality grows at every 

cycle and ends in the desired F-dimensional pat1ition: 

STEP 4: For feature i = 1, the means {CJ} are simply assigned to be the first coordinate of the 

final clusters ' centres. For the (h cycle, i = 2 .. . F, the {Kv} are already constructed up to thei r (i-1) 

coordinate from the previous cycles and the { ct=i} are just computed. Then, each KJ:i-l is paired with 

vector cri- 1 , l= 1...(N*M), with minimum Euclidean di stance from it: 

l* = argminll(KJ :i-l -- cti- 1)11Lz (4.4) 

Then, the value of the i-th coordinate, c/*, is assigned to be the i-th coordinate of KP. The logic of 

thi s step is simple: to pair each partially-constructed cluster Kp, with the closest bin cti, of the current 

feature ' s histogram based on the available, common coordinates. This approach is reminiscent of 

incremental feature selection techniques [73] ; like any similar heuristic approach, it is reasonably fast, 

yet its outcome depends on the arbitrary order in which the features appear in the feature set. 
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Figure 4.10: An example of cluster's centre calculation using Marginal histogram of observations. 

Figure 4.10 depicts an example of the algorithm 1n the case of 2-dimensional features and N*M = 
6. The six histogram bins for each feature have been drawn alongside the two axes. The Figure shows 

how the mode' 5 mean of Cf (equals to 140) is u. ed as the fi rst coordinate of K1 • K1 i.' then paired with 

Cf 2 (s ince 140 is ciose to l 36) and the second coordinate of Cf 2 (e,qual to 231 ), is consol idated into 

cluster K1• 

4.5. Component dispatching methods 

As mentioned before, the initial clusters ' centres are supplied to the k-means algorithm to generate 

the initial parameters for a GMM with N *J\!J components. Such components later need to be 

"di spatched" as modes of the observation di stributions of an HMM with N states, each with a mi xture 

of M Gaussians . Thi s action may be regarded as non-particularly critical since it may appear that 
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changes to the modes' assignments will be compensated by corresponding changes to A, the state 

transition probabilities. However, there is a principled difference between data generated by 

components in the same mixture and data originated by components from different mixtures: the 

former are mutually independent conditioned on their state, while the latter depend sequentially. In 

addition, different combinations of components in the mixtures lead to different constructive 

interference between the modes, with changes to the overall shape of the distributions. 

As mentioned in subsection 4.3.1, the reference method of component dispatching is based on their 

appearance order in the set; the simplest way to proceed, yet completely arbitrary. Hence, in this 

subsection, we propose two principled component dispatching methods, contrasting them to the 

reference method. 

4.5.1. The nearest neighbours method 

The main theme of this method is to put components with the mutually closest centres in the same 

state. First, we compute aJI the Euclidean distances between pairs of components' centres. Then, we 

create all the possible partitions of components onto states and for each partition, we compute its 

corresponding overall Euclidean djstance. Finally, the partition with minimum overall Euclidean 

di tance is selected as the best dispatching. The total number of possible partitions, Tp, for an N-state 

1:-!MM with M modes per state is given by: 

(4.5) 

where, 

(
n n! J = k! * (n - k)! (4.6) 

hence, 
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(N * M)! 
T =---

P N! * (M!)N 
(4.7) 

As can be seen, Tp is, unfortunately, very high and the combinatorial exploration proves extremel y 

time-consuming even for reasonably low values of N and M. 

4.5.2. The feature sorting method 

The goal of thi s method is to approximate the nearest-neighbour dispatching with a much lower 

computational load. The components' centres are F-dimensional vectors: therefore, they can be seen 

as an F*(N*M) matrix. Here, each row is first sorted in value order and the ranking of each cell in the 

sorted row retained. Then, the average of the ranks along each column is used to determine the global 

rank of each component. Components are eventually dispatched to states in global ranking order. This 

method has a favourable 0 ((N*M) * log (N*M)) complexity which is faster than the nearest 

neighbours method. 

4.6. Utilised feature sets 

As mentioned in chapter 2, recognition of human actions requires the classification of a set of 

measurements (feature set) extracted from the video depicting the action. Hence, another choice 

required to complete the recognition approach is that of choosi ng a di scriminative and workable 

feature vector. Given the tight real-time constraints of video surveillance (e.g. processing 25 frames 

per second), for our experiments on HMM parameters initialisation we have chosen to compare two 

simple and computationally lightweight feature sets: the first is the well-known projection histograms 

[28, 29] and the second is the sectorial extreme points, a contour-based feature set proposed by us. 

However, these feature sets cannot be extracted for more complex human action video datasets, 

e.g. Hollywood dataset, where the segmentation and background subtraction to obtain the subjects' 

masks are almost impossible. For the experiment over the Hollywood dataset, we have exploited the 

STIP [41] features. 
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(a) (b) 
Figure 4.11: The projection histograms feature set for one frame of the Weizmann action video dataset. (a) 

Frame no 11 of video sequence 'daria-jack'. (b) Calculated projection histograms. 

4.6.1. The projection histograms feature set 

A explained in chapter 2, the projection hi stograms are obtained by projecting the object's 

foregrou nd pixels in the image si lhouette onto the coordinate axes x and y, which resu lts into 

horizontal and vertical histograms [28, 29 !. Figure 4.11 depicts the projection histograms for one 

frame of the Weizmann action video dataset L J]. 

Here, we propose two different types of histogram calculation for human silhouette: 

Variable-size window: We first calculate the coordinates of the bounding box ·urrounding the 

human silhouette in the foreground frame. Then, a window is centred on the bounding box' centre, 

and histogram computed. The size of window is variable and equals to the size of the bounding box 

for the current frame. 

Fixed-size window: The window for histogram calcul ation is surrounding the human silhouette in 

the foregrou nd frame. The size of window is fixed for all the frames of the frame sequence, and is 

large enough to cover the bounding box in all the frames. 

Only the projection histograms feature set with variable-size wi ndow is invariant to scale. 

Regardless of fixed or variable wi ndow size, we can add the coordinates of human si lhouette's 

centroid to the feature vector to also encode the absolute positi on of the object. 
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Table 4.1: Different versions of projection histogram feature sets. 

Name of projection histograms feature set Number of features (F) 
fixed-size window 20 

fixed -size w indow with centro id 22 
variabl e-size w indow 20 

variable-size window with centro id 22 

We exploit histograms with 10 bins each, which lead to four versions of the projection histograms 

feature set as shown in Table 4.1. 

4.6.2. The sectorial extreme points feature set 

In our experiments, we make use of a sectorial extreme points feature set showing similarities with 

the "star skeleton" feature set explained in chapter 2. As mentioned, the "star skeleton" features 

consist of the five contour points of the silhouette which are supposed to associate with the top of the 

head and the extremities of the hands and feet [26, 27]. The main difference between our secrorial 

extreme poin1s features and the "star skeleton" is that we enforce anatomical priors re t1icting the 

search for maxima to pre-determined angular sectors. As the propo ed feature et is contour-based, it 

benefits from insensitivity to subject's appearance, similar to other contour-based features (see Table 

2.2). However, it requires the si lhouette of the performing subject and consequently, is sensi tive to 

background and viewpoint. 

We chose to extract a minimal set of shape descriptors with the following procedure: we first 

extract the human silhouette from the background and calculate the coordinates of its centroid, Xe and 

Ye: 

I~=1xi x =---· c N I 

"N L...i=1Yi 
Ye =-N--; 

where N is the total number of foreground pixels of the human subject. 
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The subject's mask is then divided into five circular sectors centred around the silhouette's 

centroid. Finally, for each sector Si, j= 1 :5, we determine the silhouette's contour point farthest from 

the centroid, denoted by kj: 

kj = argmax{(xk - Xc) 2 + (Yk - Yc) 2 }; 
k=l:M j 

j = 1: 5; (4.9) 

where M1 is the number of subject's foreground pixels in the sector S1. 

Figure 4.12 depicts the extracted sectorial extreme points for the same frame of Figure 4.11 (a). 

Our sectorial extreme points feature vector is composed of the centroid's coordinates plus the 

coordinates of the five extracted extreme points, with the total length F = 12. 

We assume the resulting five extreme points would be in frequent correspondence with anatomical 

points. While this is not meant to be an accurate tracking procedure, the trajectory of these five points 

proves action-di scri mi native. 

Figure 4.13 shows an example of trajectories for one extracted feature (Head's row) for different 

actions performed by one subject of the Weizmann dataset [ 1]. 

Right hand Head Left hand 

Centroid 

Right foot Left foot 

Figure 4.12: The extracted sectorial extreme points features for one frame of the Weizmann dataset. 
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Figure 4.13: The time-sequential values of one feature for 10 actions performed by one subject of the 

Weizmann action dataset. 

4.6.2.1. Feature processing by standardisation 

Many of the values in the feature vector are affected by the anthropometry of the subjects i.e. their 

height and limbs' length. In some cases, the feature values for different subjects would be in totaliy 

different ranges and cause over-estimate, of the observations' covariances when learning from 

multiple subjects. In turn, this would affect the clas ification accuracy. One way to address thi s 

problem is to normali se the feature values by common pre-processing techniques, such as 

standardisation or whitening. For this work, we decided to standardise the observations over the 

sequence they belong to as: 

. o~ - µ (oi) 
oi = cr(oi) i = 1 ... F, t = 1 .. . T; (4.10) 

We apply the above standardisation only to the features representing spatial coordinates (the 

sectoria/ extreme points and the centroid). 
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4.6.3. Required processing time and real-time surveilance scenario 

We have measured the required time for feature set extraction and HMM-based action 

classification. It should be noted that the HMM training is performed off-line and should not be 

considered in real-time calculations. For the feature sets, we selected the projection histogram and 

sectorial extreme points feature sets which we believe are fast to extract and more suitable for real-

time surveillance applications. We have calculated the feature extraction and action classification 

times for the Weizmann dataset (93 videos for a total of 5687 frames) with a Matlab implementation 

on an Intel Core 2 Quad CPU at 2.4 GHz. For the action classification, the number of states (N) and 

the number of Gaussian components per state (M) are hyperparameters in the Baum-Welch algorithm. 

Hence, we selected a range of N, M = { 1...6} and report the average classification time in the 

following. 

Feature extraction of all the 93 videos took 11.32 seconds for sectorial extreme points and 4.98 

seconds for projection histogram feature sets, which corresponds to 1.99 ms and 0.88 ms per frame, 

respectively. The average classification time was 3.47 seconds (for 5687 frames) which corresponds 

to 0.61 ms per frame. As explained in subsection 2.6.3, time segmentation enforces each frame to be 

processed (WIS) times for action classification purpose, where Wand S denote the length of window 

and the stride between windows, respecti vely. Assuming a scenario with W = 50 and S = 10, the 

average required classification time would be 3.05 ms per frame. 

In a real-time scenario with 8 subjects per frame (on average), the feature set extraction time would 

be 15.92 ms (sectorial extreme points) and 7.04 ms (projection histogram) for each frame. Similarly, 

the average action classification time would be 24.4 ms per frame. Considering a more efficient 

implementation in other programming languages instead of Matlab, and assuming them to be 10 times 

faster if implemented in the C language, the feature sets can be extracted in 1.59 ms (sectorial extreme 

points) and 0.7 ms (projection histogram) for each frame, respectively. In a similar way, the average 

action classification time would be reduced to 2.44 ms per frame. This means that the total time for 

feature set extraction and action cJassification would be 4.88 ms per frame for the sectorial extreme 

points features and 3.14 ms for the projection histograms features. These processing times are 
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definitely acceptable for real-time video surveillance applications that require processing of 25 frames 

per second (PAL video rate), equal to 40 ms per frame. The small amount of required time for feature 

set extraction and action classification leaves ample room for other required tasks, such as background 

subtraction and blob tracking (see Figure 2. I 3). 

4.6.4. The STIP feature set 

As explained in section 2.4.2, the STIP [41] features are the local space-time descriptors around 

Space-Time Interest Points. We have exploited the STIP detector implemented by Ivan Laptev in [3, 

74] which is based on the extended space-time Harris detector [22]. In this implementation, a 3D 

video patch is first specified in the neighbourhood of each detected Space-Time Interest Point (Figure 

4.14). The patch is then partitioned into a grid with 3*3*2 spatio-temporal blocks to compute the 

STIP desc1iptors. Each descriptor is a 162-element vector: 72-element HOG desciiptor and 90-

element HOF descriptor. 

Figure 4.14: The space-time interest points (STIPs) [3]. 
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4.7. Experiments on HMM training initialisation methods 

We have evaluated our HMM parameters initialisation methods over three human action video 

datasets: Weizmann [l], MuHAVi [2] and Hollywood [3] (explained in chapter 2). The Weizmann 

dataset has been used in many previous papers and allows an extensive comparison with the literature. 

Furthermore, to the best of our knowledge, MuHA Vi dataset is the most comprehensive public action 

dataset to date in terms of combined number of action classes, subjects and cameras. The popular 

KTH dataset [17] has more actors (25) , but only 6 action classes joint with 4 scenarios. 

In contrast to simple datasets, such as Weizmann and MuHAVi, the Hollywood dataset is more 

challenging as the action recognition is targeted from an entire scene rather than from individuals. 

This makes the recognition tasks much more difficult as it is almost impossible to extract the masks of 

the performing subjects . . 

As validation approach for experiments over Weizmann and MuHA Vi datasets, we have used the 

"leave-one-subject-out" cross-validation method; i.e. in each run we leave one subject out during 

training and we use it for testing. Thi s validation procedure is realistic since in real applications 

subjects would not have been seen during training. The final accuracy result is the average over the 

various subjects, which means 9 folds for Weizmann and 7 folds for MuHAVi. The Hollywood 

dataset has its own training and test sets . 

4.7.1. Experiments over the Weizmann video dataset 

In thi s section, we exploit the Weizmann video dataset and the sectorial extreme points feature set 

to conduct three sets of expeiiments: 

1. Experiment on feature processing. 

2. Experiment on various proposed ti me segmentation-based cluster initialisation methods 

compared to the reference method. 

3. Experiment on various proposed component dispatching methods compared to the reference 

method. 
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Each experiment is described in details in the following subsections. For the time segmentation in 

the average of training instances cluster initialisation method, we utilise the first solution of those 

explained in subsection 4.4.1: dividing the frame sequence of each training instance into (N*M+ 1) 

consecutive segments and taking the boundary points between consecutive segments as the segments' 

representatives. 

Since the number of HMM states (N), and the number of components per state (M), are 

hyperparameters in the Baum-Welch algorithm, we decided to experiment over range N, M = {1...5} 

and choose the best combination based on cross-validation accuracy. 

4.7.1.1. Experiment on feature processing 

We ran the first set of experiments to find the influence of feature processing, which is di scussed 

in the subsection 4.6. 2. 1. Table 4.2 compares the results between the original features and the 

standardised features using the random centres for cluster initialisati on and the appearance order for 

component di spatching, averaged over 6 different runs. 

The re ults clearly show the effectiveness of applying standardization to the feature set by 

increasing the classification accuracy over all the values of N and M, with more than 12% 

enhancement (from 82.8% to 95.2%) in the highest achievable accuracy. Using the other methods for 

cluster initialisation and component dispatching confirmed this conclusion. Hence, for all the 

following expe1iments we use the standardi sed feature set. 

Table 4.2: Oassification accuracy(%) with the original and the standardised features. 

Original features (average of 6 ~~ms) _ 
M= l M=2 M=3 M=4 M=5 

Standardised features (average of 6 runs) 
~=1 M=2 M=3 M=4 M=S --·--·-. ____ ,__ ____ ,__ ______ --·-

--·----c----~-- ----------
N=l 82.8 81.0 77.4 69.9 67.6 N=l 94.6 92.3 92.5 93.7 93.0 
N=2 78.1 72 .6 66.1 58.4 53 .8 N=2 93.2 93.4 92 .5 93.0 90.9 
N=3 77.2 62 .2 58.2 52.9 51.8 N=3 95.2 93.9 92.1 92.3 92.5 
N=4 72.4 56.8 53.2 53.4 49.1 N=4 92.3 90.1 90.5 90.7 89.2 
N=S 67.2 53.8 53.9 49.8 46.2 N=S 91.8 90.9 90.0 89.4 89.6 
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Figure 4.15: Accuracy of running the experiment with 100 random starts. 

4.7.1.2. Experiment on time segmentation-based cluster initialisation methods 

Jn the second experiment, we compare our various time segmentation-based cluster initia1i ation 

methods (subsection 4.4.1) with the random centres reference method. Here, the component 

dispatching needs to be fixed to one of the methods discussed in section 4.5; we chose the appearance 

order for direct comparison with the reference method. 

To explore how many random starts would be enough to have a good estimate of the random 

centres method, we ran 100 times the action recognition test for N=3 and M=2, where the achieved 

accuracies are shown in Figure 4. 15. The average accuracy of l 00 random starts was 92.9%, close to 

that of after 6 runs (93 .9%). Furthermore, the minimum and maximum achieved accuracies after 6 

runs were similar to those after 100 runs. Therefore, we believe 6 runs would be adequate to 

approximate the multiple random starts method. 
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Table 4.3: Classification accuracy ( % ) using random centres and various time segmentation-based cluster 

initialisation methods. 

R d an ( om centres average an d d d st . ev. o f 6 run s) A verage o f trammg mstances 
M=l M=2 M=3 M=4 M=5 M=l M=2 M=3 M=4 M=5 

N=l 94.6 92.3±1 .6 92.5±1 .7 93.7±2.9 93 .0±1.9 N=l 94.6 91.4 89 .2 93 .5 92.5 
N=2 93.2±1.1 93.4±2.0 92.5±2.3 93.0±2.2 90.9±1.8 N=2 93 .5 93.5 94.6 91.4 90.3 
N=3 95.2±1.1 93 .9±1.1 92.1±2.2 92.3±0.8 92.5±1.9 N=3 95.7 91.4 92.5 89.2 92.5 
N=4 92.3±2.1 90.1±1.7 90.5±2.0 90.7±1.6 89.2±0.7 N=4 90.3 93.5 89.2 92.5 89 .2 
N=5 91 .8±1.9 90.9±1.3 90.0±1 .8 89.4±1 .6 89.6±1.6 N=5 92.5 87 .1 88.2 88.2 83 .9 

A verage o f GMM parameters A verage o f HMM parameters 
M=l M=2 M=3 M=4 M=5 M=l M=2 M=3 M=4 M=5 

N=l 94.6 92.5 92.5 91.4 93.5 N=l 94.6 90.3 93.5 95.7 94.6 
N=2 94.6 91.4 93.5 94.6 90.3 N=2 93.5 93.5 91.4 92.5 91.4 
N=3 94.6 93.5 86 93 .5 81.7 N=3 92 .5 94.6 89.2 94.6 87.1 
N=4 89.2 91.4 92 .5 78.5 52.7 N=4 92.5 95.7 93.5 82.8 52.7 
N=5 88.2 90.3 82.8 51.6 46.2 N=5 90.3 92 .5 86 52.7 48.4 

Table 4.3 reports the classification accuracy for various cluster initialisation methods. For the 

random centres, we report the average alongside the standard deviation over 6 different runs. The 

main issue with the random centres method is that it might have to be applied several times before 

satisfactory parameters can be found. Conversely, two of our time segmentation-based cl uster 

initialisation methods obtain the maximum accuracy of 95.7% that is mildly higher than the average 

of the random runs (95.2%). 

The average of training instances and the average of HMM parameters methods achieve the same 

highest accuracy. The latter repo1ts very low accuracy for high values of (N*M) , probably because the 

linear approximation for time segmentation becomes more tenuous. We regarded the stabi li ty of 

accuracy across various values of N and M as the second criterion to justify adopting the average of 

training instances as the best cluster initialisation method for the next experiments. By repeating the 

experiment with the other dispatching methods, we achieved equivalent results. 

4.7.1.3. Experiment on component dispatching methods 

In this subsection, we test our proposed component dispatching methods (described in secti on 4.5) 

compared to the reference appearance order method (explained in section 4.3.1) . 
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Table 4.4: Classification accuracy (%) with various component dispatching methods. 

Appearance order Feature sorting Nearest neighbours 
M=2 M=3 M=4 M=5 M=2 M=3 M=4 M=5 M=2 M=3 M=4 M=5 

N=2 93.5 94.6 91.4 90.3 N=2 94.6 95.7 94.6 94.6 N=2 92.5 93.5 94.6 95.7 
tN=3 91.4 92.5 89.2 92.5 N=3 91.4 91.4 90.3 91.4 N=3 94.6 90.3 88.2 92 .5 
N=4 93 .5 89 .2 92 .5 89 .2 N=4 93.5 87.1 94.6 89.2 N=4 91.4 87.1 94.6 No test 
N=5 87.1 88.2 88.2 83.9 N=5 94.6 90.3 86.0 84.9 N=5 92.5 91.4 No test No test 

Table 4.5: Confusion matrix (for the average of training instances cluster initialisation and the feature 

sorting component dispatching methods). 

Class relative accuracy 
ti] &- ~ t... :n (/) (/) ~ ~ ~ Action name (I) c:· c: 

~ ~ ::::i (') 

~ ~ 
c: (§ (§ ::::i -s· -Q. ~ (I) ~ 

"""' I\) 

Bend 1 0 0 0 0 0 0 0 0 0 
Jack 0 1 0 0 0 0 0 0 0 0 

Pjump 0 0 1 0 0 0 0 0 0 0 
Jump 0 0 0 0.78 0 0 0.22 0 0 0 
Run 0 0 0 0 1 0 0 0 0 0 
Side 0 0 0 0.11 0 0.89 0 0 0 0 
Skip 0 0 0 0.10 0 0 0.90 0 0 0 

·->----

Walk 0 0 0 0 0 0 0 1 0 0 
Wave1 0 0 0 0 0 0 0 0 1 0 
Wave2 0 0 0 0 0 0 0 0 0 1 --------------· 

The achieved accuracies using different dispatching methods and average of training instances 

cluster initialisation method are shown in Table 4.4. Cases N = M = 1 are not reported as they are not 

significant. The nearest neighbours method proved very time-consuming and we were not able to 

complete the tests for N * M > 16 in reasonable time. Both our proposed dispatching methods were 

able to improve the best achieved accuracy by 0.9% compared to the reference appearance order 

method (from 94.6% to 95 .7%). The feature sorting dispatching method seemed to satisfy both the 

requirements of speed and accuracy compared to the appearance order (only fast) and the nearest 

neighbours (more accurate, but slow). 

Overall , the highest accuracy we achieved across the various initialisation methods is 95.7 % (for 

N=2, M=3 ), by using average of training instances cluster initialisation and feature sorting 

component dispatching methods. Table 4.5 depicts the full confusi on matrix for this case (rows are the 
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ground truth and columns the cl assi fi cation results), showing that the few errors occur mainl y between 

classes Jump and Skip , where the acti on performances are very similar to each other. 

4.7.2. Experiments over the MuHAVi video dataset 

For the experiments over the MuHAVi dataset, we exploit two feature sets: the sectorial extreme 

points and the projection histograms (variable-size window with centroid), and conduct two sets of 

experiments: 

1. Experiment on various proposed time segmentation-based and hjstogram-based cluster 

initialisation methods compared to the reference method. 

2. Experiment on various proposed component dispatching methods compared to the reference 

method. 

For the time segmentation in the average of training instances cluster initialisation method, we 

argue that the exploited solution in the subsection 4.7.1 to collect the segments' boundary points could 

be occasionally heavily affected by noise. Hence, we exploit the second solution explained in 

subsection 4.4.1: dividing the frame sequence of each training instance into (N*A1) consecutive 

segments and choosing the mean among each segment as the segment's representative. Unlike the 

boundary points, utilisation of average of all the points can increase robustness to noise. Again, for the 

hyperparameters N and M, we decided to experiment over range N, M = { 1...6} and choose the best 

combination based on cross-validation accuracy. 

4.7.2.1. MuHAVi dataset with automated foreground segmentation 

In order to separate issues raised by recognition and foreground segmentation, the MuHA Vi 

dataset aims to make manually annotated silhouettes available (MuHAVi-MAS [2]). However, 

manual annotation is time consuming and the current number of manually-segmented sequences is 

rather limited (a total of 136 sequences from two cameras and only for two subjects). Fm1hermore, 
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using manually-generated masks for training or validation would provide an optimistic estimate of a 

method's accuracy compared to a real application where segmentation must be automated. Hence, we 

decided to use the main dataset and extract the object masks automatically. 

We chose the frame sequences of one camera (camera4) and applied a simple, yet effective 

background subtraction technique. Considering that the first frame only contains static objects, given 

the fixed camera and fixed scene, and assuming no major illumination changes during the short 

duration of the action, we could set the background frame as the initial frame of each sequence. Then, 

we extracted the foreground by thresholding the difference between each frame and the background 

(the threshold value was kept the same for all image sequences). As next step, morphological closing 

and opening were applied to join disconnected foreground regions and remove small regions, 

respectively. Eventually, morphological dilation was used as a di stance function to detect foreground 

regions too far away from the others (outliers). 

While in real applications additional segmentation issues occur (mutual occlusions, illumination 

changes etc.), our procedure is far more reali sti c than manual segmentation . Moreover, the quality of 

the obtained masks is rather good, but not as good as that obtained with manual segmentati on (Figure 

4.15 , making results more significant and generalizable. 

Figure 4.16: Examples of four frames and corresponding automated masks from the MuHA Vi dataset. 
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Table 4.6: Number of action samples with automated mas~ from the MuHA Vi dataset (camera 4). 

~ 
Person1 Person2 Person3 Person4 Persons Person6 Person7 Total 

n samples 

Climb Ladder 1 1 1 1 1 1 1 7 
Crawl On Knees 4 4 4 4 4 4 5 29 

DrawGraffiti 1 1 1 1 1 1 1 7 
Drunk Walk 3 3 4 4 4 4 4 26 

JumpOverFence 4 3 4 4 4 5 4 28 
JumpOverGap 2 2 2 2 2 2 2 14 

Kick 4 4 4 4 4 5 7 32 
LooklnCar 3 3 5 3 4 5 6 29 

Pickup ThrowObject 4 3 3 3 3 4 6 26 
Pul/HeavyObject 4 4 4 4 4 4 4 28 

Punch 4 4 4 4 4 4 8 32 
Run Stop 4 4 4 4 4 4 4 28 

ShotGunCollapse 4 5 4 4 4 4 4 29 
Smash Object 3 3 3 3 3 2 3 20 

WalkFall 4 4 4 4 4 4 4 28 
WalkTurnBack 4 4 4 4 4 4 4 28 

WaveArms 1 1 1 1 1 1 1 7 
Total - 398--

Table 4.6 summarises the number of image sequences with automatically segmented masks for 

each action from the camera4 viewpoint, for a total of 398 sequences (compared to 78 samples from 

one camera in MuHA Vi-MAS). 

4.7.2.2. Experiment on cluster initialisation methods 

In the first set of experiments over the MuHAVi dataset, we compare the reference cluster 

initialisation method (random centres) with two own proposed methods: one histogram-based 

(marginal histogram of observations) and one time-based (average of training instances chosen as the 

best ti me segmentation-based cluster initialisation method in subsection 4. 7.1.2). For this experiment, 

we exploit the appearance order as the component dispatching method. 

Tables 4.7 and 4.8 report the classification accuracy using the sectorial extreme points and the 

projection histograms feature sets (variable-size window with centroid), respectively. For the random 

centres, we report the average accuracy and standard deviation over 6 different random starts, and this 

time also the best accuracy out of the 6 starts. 
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Table 4.7: Classification accuracy (%) with various cluster initialisation methods using the sectorial 

extreme points feature set. 

Random centres (average and std. dev. of 6 runs) Random centres (best of 6 runs) 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N= l 84.9 88.2±0.5 90.7±0.4 91.4±0.5 91.4±0.3 91.8±0.7 N= l 84.9 88.9 91.2 92.2 91.7 92.7 
N=2 88.5±0.5 91.7±0.4 91.9±0.4 92.2±0.6 91.8±0.8 91.6±0.9 N=2 89.4 92.2 92.5 93.2 93.0 92. 7 
N=3 91.5±0.5 92.0±0.6 92.4±0.6 92 .1±1. 3 91.8±0.5 91.8±0.7 N=3 92 .2 93.2 93.2 94.0 92.5 92.5 
N=4 91.9±0.7 92.1±0.6 92.1±0.5 91.8±0.9 91.3±0.6 91.5±0.4 N=4 92.7 92.7 92 .7 92 .7 92.0 92.2 
N=5 92.2±1.1 92 .3±0.3 92 .2±0.9 91.7±0.7 91.3±1 . l 90.6±0.8 N=5 93 .7 92.7 93 .2 92.7 92.5 91.5 
N=6 92.3±0.9 92 .0±0.6 91.9±0.9 91.4±0.8 90.2±0.4 90.4±1.3 N=6 93 .2 92.7 93 .2 92.5 90.7 92 .2 

Average of training instances Marginal histogram of observations 
M=l M=2 M=3 M=4 M=5 M=6 M= l M=2 M=3 M=4 M=5 M=6 

N=l 84.9 88.9 90.5 90.7 92.5 93.7 N=l 84.9 87.7 89 .7 91.7 91.0 91.7 
N=2 89.4 91.5 92.2 91.7 90.7 91.7 N=2 88.4 92.0 91.7 92.5 92.2 92.2 
N=3 91.2 93.7 91.7 93.0 92.5 92.2 N=3 91.5 93.0 91.7 91.5 91.7 91.7 
N=4 91.7 91.7 92.5 93.2 90.2 92. 2 N=4 92.7 92.0 91.0 92.5 90.5 89.7 
N=5 92.5 91.2 92.0 91.7 91.7 91.2 N=5 91.0 93.2 92.0 92 .7 91.7 90.7 
N=6 93.0 93.5 91.7 91.2 91.2 89.7 N=6 92.5 91.7 92.2 89 .9 90.7 89.7 

Table 4.8: Classification accuracy(%) with various cluster initialisation methods using the projection 

histograms feature set. 

Random centres (average and std. dev. of 6 runs) Random centres (best of 6 runs) 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 -· -- ,__, -· --

N=l 66.8 79.5±0.7 84.2±0.6 84.8±0.6 85.2±0.7 85.4±0.7 N=l 66.8 80.9 84.9 85.9 86.2 86.7 
>--·- ·- .,_ ___ ,_ --·--·- - ·- ·- ..._. 
N=2 80.1±0.8 82.2±0.8 83 .6±1.0 84.5±2.1 85 .1±1.l 85.1±1.6 N=2 81.2 83.4 84.9 87.2 86.4 87.2 
N=3 82.4±1.0 83.8±1.1 84.5±1.4 85.1±0.3 84.8±1.l 85.3±1.4 N=3 83.9 85.2 86.7 85.4 86.7 86.9 - - · 
N=4 82 .. 8±0.7 84.4±0.7 84.3±0.8 85.2±0.5 83 .5±1.4 85.0±0.8 N=4 83.7 85.4 85.2 86.2 85.2 86.2 
N=5 82.7±0.3 83.9±1.0 84.0±0.7 84.3±0.7 83.7±1.0 84.8±1.2 N=5 82.9 85.2 85.2 84.9 84.7 85.9 
N=6 82.6±0.8 85.1±0.7 83.8±0.8 84.4±0.6 84.2±0.8 84.8±0.9 N=6 83.7 86.4 85.2 85. 2 85.2 85.9 

Average of training instances Marginal histogram of observations 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 66.8 79.6 83.4 84.4 84.2 85.9 N=l 66.8 78.9 84.4 84.7 85.7 84.7 
N=2 79.6 81.9 83.9 84.7 84.9 84.2 N=2 80.9 83.4 82.7 84.4 83.7 85.2 
N=3 82.2 83.7 84.2 85.2 83 .9 83 .9 N=3 82.4 83.7 82 .9 85.2 84.4 84.9 
N=4 81.4 84.2 82.7 82.9 85 .4 86.4 N=4 82.9 84.7 85.7 85.4 83.9 85.2 
N=5 83.4 83.4 84.2 86.4 82.4 84.4 N=5 83.2 84.9 86.9 84.7 85.2 82.4 
N=6 83.2 84.9 84.2 83.2 83.9 85.2 N=6 82.9 83 .2 84.7 80.9 84.4 84.9 

In the tests with the sectorial extreme points feature set (Table 4. 7), the average of training 

instances and the marginal histogram of observations obtained the highest accuracies, 93. 7% (N = 1, 

M = 6) and 93.2% (N = 5, M = 2), respectively, higher than the average of the six runs of "random 

centres", 92.4% (N = 3, M = 3) and comparable to their best, 94.0% (N = 3, M= 4). 
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Similar results were achieved with the projection histograms feature set (Table 4.7), with 86.4% 

and 86.9% as the highest accuracies of average of training instances and marginal histogram of 

observations, respectively, compared to 85.4% and 87 .2% as the average and best of the six runs of 

random centres. 

If applied an unbound number of ti mes, it is almost certain that the random centres method would 

eventually provide the highest accuracy for any combination of N, M. However, for practical reasons 

the number of starts must always be capped, limiting the trade-off between accuracy and training 

time. While the best accuracy of the average of training instances is higher than that of the marginal 

histogram of observations in the test with the sectorial extreme points feature set, the situation is 

reversed when using the projection histograms feature set. However, the differences in accuracy 

between these two methods are small and either can be regarded as a suitable deterministic solution. 

Furthermore, comparison of the highest achieved accuracies in Tables 4.7 and 4.8 by using two 

different feature sets, the sectorial extreme points and the projection histograms, confirms the strength 

of our proposed sectorial extreme points features in terms of classification accuracy. Its highest 

obtained accuracy (94.0%) is about 7% more than that of the projection histograms case (87 .2%). 

4.7.2.3. Divergence analysis 

Given that the two proposed deterministic cluster initiahsation methods (time-based and 

histogram-based) lead to different initialisations and eventual accuracy outcomes, we have tiied to 

identify an empirical method to choose between them straight after initialisation, prior to performing 

HMM training and cross-validation. To this aim, we have assumed that a satisfactory initialisation 

should provide us with a set of Gaussian components which are as separated as possible. 

We have therefore adopted a divergence measure for measuring the separation between all possible 

pairs of Gaussian components and select the initialisation method producing the smallest overlap 

between components. A common divergence measure between two density functions is the Kullback-

Leibler divergence [75], which is defined as follows: 
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f +oo (p(x)) 
DKL (p 11 q) == _

00 

p(x) ln q(x) dx (4.11) 

where p and q are two distributions of a continuous random variable x. 

For two multivariate F-dimensional normal (Gaussian) densities, N(xlµP, Ip) and N(xlµq, Iq) , 

this divergence has a well-known closed-form solution [75]: 

(4.12) 

However, a weighted Gaussian component, noted as ciN(xlµi , It) , is a denormali sed density in 

that its total probabil ity adds up to its weight c1 (prior probabi1 ity), where 0<c1 s 1. Therefore, we 

make use of the extended Kullback-Leibler divergence as defined in [76] which can be applied to 

denormal ised density fu nctions: 

f +oo (p(x)) DeKL (pl lq) = __ 
00 

q(x) - p(x) + p(x) ln q (x) dx (4.13) 

The extended Kullback-Leibler divergence for two weighted Gaussian components, p(x) = 

cpN(xlµP, Ip) and q(x) = cqN(xl11q 1 Iq). is therefore derived here as follows: 
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(4.14) 

We have used Eq. (4.14) to compute the pair-wise divergence between all components after cluster 

initialisation. We have defined an arbitrary threshold, TKL, (set to 1 in the experiments) and counted 

the number of pairs for which divergence was be]ow such a threshold. These pairs are regarded as 

"undesirable", and the initiali sation method was selected as that providing their smallest number. 

We tested this selection approach over the four parameter combinations with the highest accuracies 

as of Tables 4.7 and 4.8. The results of trus test are shown in Table 4.9: the selection approach is 

successful if the higher of the two accuracies (in boldface) between the average of training instances 

and the marginal histogram, of observations is achieved in correspondence with the sma11est number 

of undesirabl e pairs (al so in boldface) . 

Table 4.9: Divergence exploitation for accuracy assessment with various cluster initialisation methods. 

Total Average of training instances Marginal histogram of 
Feature set _p_air~_ observations 

-·~~---·~~~~~~~~ ,__.~--~·~~~~~~~~--

Acc. No. of undesirable pairs Acc. No. of undesirable pairs 
sectorial extreme points 3570 93.7% 137 91.7% 141 
sectorial extreme points 10710 91.2% 1319 93.2% 1215 

projection histograms 45220 86.4% 14907 84.7% 11151 
projectio~stogram~ 24990 84.2% 7326 86.9% 5812 
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As can be seen in Table 4.9, in three cases out of four the divergence criterion provided us with a 

correct prediction of the more accurate of the two initialisation methods (a lower number of 

undesirable pairs led to higher accuracy). However, the reader ought to keep in mind the heuri stic 

nature of thi s criterion and that it can only be seen as a precursor of the cross-validation accuracy. 

4.7.2.4. Experiment on component dispatching methods 

The second experiment over the MuHAVi dataset is designed to explore the best component 

dispatching method among those described in section 4.5. As tested previously over the Weizmann 

dataset, the nearest neighbours dispatching method proved too time-consuming; hence, we decided to 

run the experiment only between the appearance order as the reference dispatching method and the 

feature sorting. The experiment is cross-run with all the cluster initialisation methods: random 

centres, average of training instances and marginal histogram of observations. 

The achieved accuracies using the feature sorting dispatching method and the sectorial extreme 

points feature set are shown in Table 4. 10. For ease of comparison, in the left column we reported the 

accuracies of the appearance order dispatching method from Table 4.7. The results show that using 

the feature sorting for dispatching the components to tates improves the highest accuracy of the 

marginal histogram of observations initialisation method by 1.3% (from 93.2% to 94.5%) and the best 

accuracy of the random centres initialisation method by 0.7% (from 94.0% to 94.7%). 

However, the feature sorting method did not improve the highest accuracy of the average of 

training instances initialisation method which remained steady at 93.7%. More interestingly, the 

combination of a deterministic cluster initialisation (the marginal histogram of observations) with an 

"intelligent" dispatching (the feature sorting) achieves 94.5% classification accuracy which is above 

the highest accuracy of 6 random sta11s (94.0%) using the reference methods for both cluster 

initialisation and component di spatching. The improvements with the other feature set (projection 

histograms) were not as remarkable. 
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Table 4.10: Accuracy comparison(%) between component dispatching methods: the appearance order 

(left column) and thefeature sorting (right column), for various cluster initialisation methods. 

"Appearance order" "Feature sorting" 

Random centres (average of 6 runs) 
M=l M=2 M=3 M=4 M=S M=6 M=l M=2 M=3 M=4 M=S M=6 

N=l 84.9 88.2 90.7 91.4 91.4 91.8 N=l 84.9 87.9 90.7 91.8 91.4 91.8 
N=2 88.5 91.7 91.9 92.2 91.8 91.6 N=2 88.5 91.9 92.5 91.8 92.2 92.0 
N=3 91.5 92.0 92.4 92.l 91.8 91.8 N=3 91.0 91.9 91.8 92.0 91.8 91.5 
N=4 91.9 92.1 92.1 91.8 91.3 91.5 N=4 92 .2 92.4 92.6 92.0 91.9 90.5 
N=S 92.2 92.3 92.2 91.7 91.3 90.6 N=S 91.6 92.4 92.0 91.0 90.4 90.7 
N=6 92 .3 92.0 91.9 91.4 90.2 90.4 N=6 92.4 91.7 91.7 91.5 89.5 89.7 

Random centres (best of 6 runs) 
M=l M=2 M=3 M=4 M=S M=6 M=1 M=2 M=3 M=4 M=5 M=6 

N=l 84.9 88.9 91.2 92.2 91.7 92.7 N=l 84.9 88 .2 91.2 92.2 92.5 92.2 
N=2 89.4 92.2 92.5 93.2 93.0 92.7 N=2 88.9 92.5 93.5 92.7 94.0 93.0 
N=3 92.2 93.2 93.2 94.0 92.5 92.5 N=3 91.5 92.7 92 .5 92.2 92.5 92.5 
N=4 92.7 92.7 92.7 92.7 92.0 92.2 N=4 93 .2 92.7 94.7 92.7 92.7 91.5 
N=5 93.7 92.7 93.2 92.7 92.5 91.5 N=5 92.7 93 .7 93.0 91.7 92.0 91.7 
N=6 93 .2 92.7 93.2 92.5 90.7 92.2 N=6 93.2 92.7 92.0 92 .5 90.2 90.S --

A verage oft raining instances 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=L_. M=4 M=5 M=6 ·-

N=l 84.9 88.9 90.5 90.7 92.5 93.7 N=l 84.9 88.9 90.5 90.7 92.5 93.7 
N=2 89.4 91.5 92.2 91.7 90.7 91.7 N=2 89.4 91.5 92.5 91.5 90.5 92.7 
N=3 91.2 93.7 91.7 93.0 92.5 92.2 N=3 91.2 92.7 92 92.5 92.2 91.2 
N=4 91.7 91.7 92.5 93.2 90.2 92.2 N=4 91.7 92.7 93.5 91.7 91.7 91.2 ---- --
N=5 92.5 91.2 92.0 91.7 91.7 91.2 N=5 92.5 92 92 90.5 90.5 91.2 

·---- -- -- - ·- -- -·--·-- ·--- ----
N=6 93.0 93.5 91.7 91.2 91.2 89 .7 N=6 93 92.7 91.5 91.5 91.5 90.7 

M . lh. argma 1sto~~ ram of observations 
M=l M=2 M==3 M=4 M=S M=6 M.="l M=2 M=3 M=4 M=5 M=6 

N= l 84.9 87.7 89.7 91.7 91.0 91.7 N=l 84.9 87.7 89.7 91.7 91 91.7 ·- --------· 
N=2 88.4 92.0 91.7 92.5 92.2 92.2 N=2 88.4 91.7 92 91.2 91.7 92 
N=3 91.5 93.0 91.7 91.5 . 91.7 91.7 N=3 91.5 94.S 1 92.5 93.2 91.7 92.2 
N=4 92.7 92.0 91.0 92.5 90.5 89.7 N=4 92.7 92 91.7 91.7 91 90.2 
N=5 91.0 93.2 92.0 92.7 91.7 90.7 N=5 91 91.2 91.5 91.7 91.2 91.5 

·-
N=6 92.5 91.7 92.2 89.9 90.7 89.7 I N=6 92.5 91.7 92.2 89.9 90.7 89.7 

4.7.3. Experiments over the Hollywood video dataset 

To evaluate the effectiveness of our HMM cluster initialisation methods over a more challenging 

dataset, we have repeated the experiment over Hollywood. As mentioned before, background 

subtraction and mask generation are almost impossible for the Hollywood dataset vi deo clips. Hence, 
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we cannot use the previous mask-based features sets (sectorial extreme points and projection 

hi stograms) . For this dataset, we have followed other researchers [3, 21, 77] and exploited the STIP as 

the feature set. We have extracted the STIP features for 172 and 150 action label s of the clean training 

set and clean test set, respectively. 

The number of extracted STIPs for each video frame may be zero, one or more than one. For those 

frames with more than one extracted STIPs, we have chosen to adopt the method in [77] to combine 

and average all the extracted STIPs of the frame and obtain one feature vector for the frame. For those 

frames with no STIP, no feature vector will be generated. The exploited STIP code [3] generates a 

STIP feature of length F=162 and has the option to extract more STIPs by changing the threshold 

argument, where a smaller threshold value produces more STIPs. We have run the experiments with 

two threshold values: "1 e-14" and "1 e-9". 

After feature set extraction, we have trained one HMM per action class with the extracted STIPs of 

the action samples of the clean training set. To calculate the action classification accuracy the HMM 

models were verifi ed by using the extracted STIPs of the clean test set ' s action samples. During thi s 

experiment, we have compared the reference cluster initialisation method (random centres) with our 

histogram-based method (marginal histogram of observations) and our time-based "average of 

training instances" method. The appearance order was exploited as the component dispatching 

method. Tables 4. 11 and 4.12 report the classification accuracies with various cluster initialisation 

methods using the STIP feature set and different STIP extraction threshold values . Similar to previous 

experiments with Weizmann and MuHAVi datasets, for the random centres initiali sation method, we 

report the average and maximum accuracy over 6 different random starts. The achieved results are in 

line with the results of the other datasets (Weizmann and MuHAVi): both our proposed methods 

could achieve higher accuracies than that of average of random centres method and comparable to its 

best . With threshold= (1 e-9) , the maximum achieved accuracy with the average of training instances 

method over the various combinations of N, M was 28.7 % which is 3% more than the maximum for 

the average over 6 runs with the random. centres method (25.3%) and equal to the maximum for the 

best run over 6 runs . In thi s test, the "marginal histogram of observations" method could achieve 

28% recognition accuracy, very close to the maximum of the other two methods (28.7%). 
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Table 4.11: Classification accuracy(%) with various cluster initialisation methods using STIP feature set 

with threshold=le-14. 

Random centres (average and std. dev. of 6 runs) Random centres (best of 6 runs) 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 14.0 18.1±1.2 19.7±1.4 21.1±2.1 22.4±1.2 24.1±1.5 N=l 14.0 19.3 21.3 24.0 24.7 26.0 
N=2 12.8±2.5 22.0±2.9 23.9±0.8 23.6±2.7 22.8±2.1 24.1±2.4 N=2 17.3 26.0 25.3 26.7 24.7 26.7 
N=3 14.9±1.5 23.6±2.7 24.0±3.1 23.3±2.5 24.4±1.3 24.7±1.6 N=3 16.0 26.7 29.3 26.7 26.0 26.7 
N=4 16.0±2.1 23.6±1.3 22.1±1.8 23.6±1.4 23.1 ±1.6 23.2±2.1 N=4 18.7 26.0 24.0 25.3 25.3 26.7 
N=5 16.2±2.1 23.3±0.8 23.6±2.1 24.8±0.9 22.7±3.3 23.9±1.0 N=5 19.3 24.0 26.0 26.0 27.3 25.3 
N=6 17.6±2.8 22.9±2.2 23.0±2.7 24.0±1.7 24.3±2.4 23.4±1.9 N=6 22.7 26.7 26.7 26.7 26.7 25.3 

Average of training instances Marginal histogram of observations 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 14.0 17.3 18.7 20.0 22.0 25.3 N=l 14.0 17.3 18.0 24.7 24.0 14.0 
N=2 14.0 18.0 25.3 25.3 16.0 14.0 N=2 12.0 22.0 24.0 22.0 24.7 12.0 
N=3 16.0 24.0 12.7 12.0 13.3 17.3 \1=3 15.3 24.0 22.0 27.3 23.3 15.3 
\1=4 16.0 23 .3 10.7 18.7 16.0 11.3 \1=4 14.0 21.3 26.0 24.0 21.3 14.0 
\1==5 10.7 14.0 14.0 17.3 18.7 4.7 '1=5 15.3 22.7 23.3 24.0 20.0 15.3 
\1=6 14.0 10.0 14.7 11.3 4.0 4.7 '1=6 14.7 27.3 22.7 20.7 23.3 20.7 

Table 4.12: Classification accuracy(%) with various cluster initialisation methods using STIP feature set 

with threshold=le-9. 

Random centres (average and std. dev. of 6 runs) Random centres (best of 6 runs) 
M=l M=2 M=3 M=4 M=5 M=6 I M=l M=2 M=3 M=4 M=5 M=6 

N= I 18.0 23.9±1 .7 23.4±0.9 24.7±1.5 24.0±1.3 238~~ -------- ----
N=2 16.7±1 .3 23.7±2.4 25.0±0.9 25.3±2.1 23.9±2.2 24.9±0.7 

·--·-·-------------
N=3 18.0±2.2 24.1±2.6 25.1±0.8 23.4±2.6 24.4±0.5 23.9±1 .4 
N=4 20.8±2.3 24.2±1.4 24.8±1.0 24.4±1.3 24.8±0.8 23.0±1 .6 

N=l 18.0 25.3 24.0 26.7 26.0 25.3 --
N=2 18.7 26.0 26.7 28.7 26.7 26.0 ,_ ____ ,__ ____ ------ --·---·-
N=3 20.0 28.0 26.0 27.3 25.3 25.3 
N=4 24.7 26.0 26.0 26.7 26.0 24.0 

-· 
N=5 22.3±3.4 25.3±0.9 24.0±0.9 25.2±0.8 22.0±2.5 22.0±2.9 N=5 28.0 26.7 25.3 26.0 24.0 25.3 
N==6 21 .7±3.4 24.3±0.4 24.1±0.3 23 .3±1.7 22.9±2.4 23.3±1.1 j N=6 26.7 24.7 24.7 24.7 24.0 24.0 

Average of training instances Marginal histogram of observations 
M=l M=2 M=3 M=4 M=5 M=6 1 M=l M=2 M=3 M=4 M=5 M=6 

N=l 18.0 22 .7 22.7 22.7 25.3 25.3 N=l 18.0 24.0 24.0 20.0 24.7 28 
N=2 15.3 23 .3 25.3 22.0 13.3 13.3 N=2 17.3 19.3 25.3 24.7 25.3 24.7 
N=3 18.7 23.3 12.0 11.3 12.0 12.7 N=3 18.7 26.7 25.3 24.7 24.7 24.0 
N=4 20.0 22.7 12.7 12.0 14.7 14.0 N=4 16.7 26.0 24.7 24.7 24.7 24.0 
N=5 24.0 12.7 12.7 15.3 19.3 4.7 N=5 20.0 25.3 24.0 24.0 24.7 24.7 -- -·----·--·------------>--·--- --- ~--·- ---->--·-·--·-·->--·--

N=6 28.7 10.7 11.3 14.7 4.7 4.7 N=6 20.0 25 .3 24.0 24.0 24.7 25.3 

Among our proposed methods, while the "average o,ftraining instances" method outperformed the 

"marginal histogram o.f observations" method for threshold= (le-9), the situation was reversed for 

threshold = (le-14), where the best accuracy of the marginal histogram of observations method 

(27.3%) proved 2% above that of the maximum of the average of training instances method (25.3%). 
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The main noticeable difference between the experimental results over the Hollywood dataset and 

the previous datasets is that of the considerable drop in recognition accuracy of the "average of 

training instances" method in the case of large number of (N*M) components. For example, with 

threshold= (le-14) and N=M=6, this method achieved only 4.7% accuracy compared to 23.4% of the 

random centres method. It seems that the wide variation among the extracted SIFT features of 

different samples made ineffective the temporal averaging of the features of various samples when the 

number of components is large and the temporal segments correspondingly short. However, the other 

proposed marginal histogram of observations method still works well with large (N*M) values 

(25.3%) as it does not involve temporal averaging. 

In general, the maximum recognition accuracy over the Hollywood dataset (29.3% in Table 4.11) 

is much lower than that of the Weizmann (95.7% in Table 4.3) or MuHAVi (94.7% in Table 4.10) 

datasets as this challenging dataset consists of scenes extracted from real movies. The achieved 

accuracy is still comparable with that of other researchers ' work. For example, Laptev in [3] achieved 

42.9% average precision with a similar STIP features (by trying various combination of HoG and 

HoF) and using the whole video clips: 231 training action labels and 217 testing action labels. It 

should be noted that we train and test with less action labels and do not try all the possible 

combination of HoG and HoF for the STlP features. With a similar condition, our accuracy results 

could increase. 

4.8. Summary 

In this chapter, we have explored the Baum-Welch algorithm for HMM parameters estimation and 

showed it is based on the maximum likelihood criterion (an EM-style) and can only find local maxima 

of the likelihood function. Moreover, it was discussed that such local maxima depends strongly on the 

initial HMM parameters. Hence, the conventional method of HMM training (as exploited by 

Murphy' s HMM toolbox), is based on repeated, random initialisations until satisfactory parameters 

are achieved. 
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In contrast, we have proposed two one-off methods for initialising the training of HMMs, in 

contrast to the usual approach of repeated, random initialisations. The first method segments the 

training sequences in the time domain to compute the initial centres for the Gaussian components. The 

second alternative exploits the hi stograms of observation data in an incremental manner, feature-by-

feature. In the reference HMM toolbox, the initialised Gaussian components are then dispatched in an 

arbitrary order into HMM states. On the other hand, the basis of our intelligent component dispatching 

methods is putting closer components in the same state. 

The main thesis in the proposed one-off initialisation approaches is saving the training time while 

keeping the recognition rate better than that of the average of multiple random initialisations and 

comparable to their best. 

Moreover, we have proposed the sectorial extreme points feature set which is extracted in just 1.6 

ms per frame on a cutTent PC and therefore can satisfy the 25 frames per second processing 

requirement used as reference for real-time applications. During various validation tests, our proposed 

feature set achieves better classification accuracy compared to the si rnilar star skeleton feature set [ 4] 

(more than 3%), and also, the well-known projection histograms (about 7%). 
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Chapter 5: 

Student's t-distribution for robust data modelling 

5.1. Introduction 

The sequential data modelling may encounter the presence of unusual observations (outliers) due to 

inaccurate feature extraction or noisy (non-perfect) backgrounds. Consequently, the sequential data 

cannot be easily fit by the short tails of the Gaussian distribution rrtixture model s (GMM). The 

cova1iance of the normal Gaussian has to be stretched to cover the outliers which, in turn, affects the 

estimation of the component means and covariance substantially and leads to improper rn.ixture 

fi tting. Another alternative for out1ier incl usion in GMM is to have many mixture components, but 

that would affect computational efficiency of model trai ning significantly. The issue of outliers in 

mul tivariate data would be worsened as the dimensi onalit y of the observati ons increases. 

To tackle the outlier problem, the Student's t-distribution - which has a longer tail compared to the 

Gaussian density - has been exploited in various papers in the recent decade [56, 78-80]. For example, 

Chatzis et al. in [80] exploited the Student's t-mixture model (SMM) for sequential observation 

modelling of HMM states ' densi ties to recogn.ise the gestures of the Ame1ican Sign Language of the 

gesture dataset in [81]. The obtained recogn.ition error rate using SMM is 5.96% compared to 11.44% 

with GMM. For this reason, in thi s chapter we apply a similar model to the problem of human action 

recognition. 
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We first study the Student's t-di st1ibution and its mixture (SMM), and explain how the expectation-

maximi sation (EM) algorithm can be exploited for maximum likelihood estimation (MLE) of their 

density parameters. Then, SMM is utili sed as observation probability density in HMM (HMM-SMM), 

where the EM is again expl oited for MLE of HMM-SMM parameters. The chapter will be fini shed by 

a series of experiments to expl ore the effecti veness of action classifi cati on using HMM-SMM instead 

of HMM-GMM. 

5.2. The single component !-distribution density 

The Student's t-distribution could be considered as an infi nite mixture of scaled Gaussians with the 

same mean but variable variance (covariance) produced by a prior Gam ma distributi on. The variable 

vari ance enables the t-distribution to give less weight to abnormal observations in the mixture 

parameter calculation and makes it more robust to outliers. The t-di stribution has a long tail controll ed 

by a new parameter v (degrees of freedom). Larger values of v make the tail shorter (Figure 5.1 ), 

which in case of v~oo the t-distri bution becomes a normal Gaussian distribution. 

Longer tail makes it pos ible fort-distribution to cover those observation data that are far from its 

mean. Figure 5.2 shows how the presence of the outliers can deform the normal Gaussian (compare 

part (b) with part (a) of the Figure) while the !-distribution is influenced negligibly. 

0.5 ..-------
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0.1 

v 
l/ == 1.() 

v -== 0.1 

o ~~~---==~~~~~~"--~~~~~.:="JD--~~--' 

-5 0 

Figure 5.1: The Student's I-distribution with various values of v (reprinted from [82]). 
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Figure 5.2: (a) Similar observation fitting fort-distribution (red curve) and Gaussian (green curve, 

hidden by the red curve) when no outlier presents. (b) Influence of outliers (reprinted from [82]). 

10 

William Sealy Gosset was the inventor of the t-distribution in 1908 under the pseudonym Student 

as hi s emplo yer had prevented scientific paper publications. This is why this di sttibution is known as 

"Student '. t-distribution". 

5.2.1. Univariate single component I-distribution 

For a univariate random variable x. with mean µ., the abovementioned scaled Gaussian mixtures 

can be written as the following integral [82]: 

p(xlµ,a,b) = i 00 

N(xlµ,w-1 )Gamma(wla,b)dw (5.1) 

where w = 11 A. is the scaled variance. The parameter). is called the precision; however, it is not exactly 

the inverse of the t-di stribution density' s variance. The precision scale 71 is a Gamma distributed 

variable, where the probability density function of the Gamma(yla,fJ) is: 
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(5.2) 

In Eq. (5.2), I'(a) is the gamma function for a and defined as: 

(5.3) 

By defining the new parameter v (degrees of freedom, v E (0, oo]) and assuming v = 2a and A.=alb, 

then, it can be seen that: 

( I
v v) 1 v v 

Gamma(wla,b) =Gamma TJA Z'2A =~Gamma(1712'2) (5.4) 

Conside1ing that A. is fixed, we have dcv =A. drr Hence, the Eq. (5.1) can be rewritten as: 

(5.5) 

The precision scale 1'/ depends on degrees of freedom v. By some algebraic operations, the 

univariate t-distribution ' s pdf can be given by [82]: 

f(v/2 + 1/2) A 1/2 [ A.(x - µ)2]-v/2-1;2 
St(xlµ, A, v) = -f(v/Z)--(~) 1 + -~-- (5.6) 

If v > 2, then the variance of x is: 

var(x) = ~ C: 2) 
(5.7) 
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5.2.2. Multivariate single component !-distribution 

In the case of F-dimensional multivariate random variable x, with mean µ=[µ 1 , . .. , µ F] and the 

F* Finner product mat1ix l/f, the t-distribution ' s pdf is given by [82] : 

(5.8) 

Similar to the univariate case it can be achieved as: 

- I'(v/2 + F/2) llJll-1/2 [ 8(x,µ;1Jl)]-v/2-F/2 
St(xlµ, lJl, v) - I'(v/ 2) (rrv)F/2 1 + v (5.9) 

where, bis the Mahalanobis distance from x to the meanµ with respect to l/f and defined as: 

(5.10) 

If v > 2, then the covaiiance matrix of xis: 

v 
co11[x] = (v _ 2)1Jl (5.11) 

If v-Hx:i, then the precision scale 'f/~ 1, which makes the t-distribution of x as a normal Gaussian. 

5.2.3. ML parameter estimation of a single component !-distribution 

Let us assume {xe}~=l is a set of E independent F-dimensional observation data generated by a 

singlet-distribution density with parameters fJ={µ , l/f, v}, that means for each Xe: 

I'(v/2 + F /2) llJll-1/2 [ 8(xe,µ; lJl)] - v/2 - F/2 
p(xe I 8) = St(xe Iµ, lJl, v) = I'(v /2) (rrv)F /2 1 + v (5.12) 
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In a single t-distribution, the observation data {xe}~=l is considered as incomplete data. That 

means for each sample Xe, the value of unobserved data 17e indicates the weight of precision scale. 

Hence, the EM algorithm should be exploited to estimate the parameters for a singlet-distribution by 

considering the hidden variable 17. 

Liu and Rubin [83] have presented the following EM solution for thi s purpose. The algorithm 

introduces the ue as the conditional posterior expectation of preci sion scale 1Je for given sample Xe: 

e = 1. .. E; (5.13) 

At iterati on (k+ 1) of the EM algori thm: 

E-step: Calculate ue based on the Mahalanobi s distance <5 as follows: 

vCk) + F 
e = 1 ... E; (5. 14) 

M-step: Update the mean and preci sion parameters based on the calculated ue: 

(5.15) 

E 

l/J (k+l) =~I Ue (Xe - µ (k)) (Xe - µ (k)) T (5.16) 
e=l 

The v <k+l ) does not have a closed form solution and can be obtained by finding the solution of the 

equation: 

[ (
v ) (v) L~= 1 [ln(ue) - Ue] (v(k) + F) ( v(k) + F)] 1 - <P - + ln - + + <P - ln = 0 
2 2 E 2 2 

(5.17) 

where, <P(x) is the di gamma function: 
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d(r(x)) 

( ) 
_ d [ln(I'(x))] _ dx 

<P x - dx - I'(x) 
(5.18) 

In alternative to its maximum likelihood value, the parameter v can be fix ed in advance and hence, 

is not updated duri ng the M-step. 

5.3. The mixture oft-distributions (SMM) 

Let us assume X = {xe}~=l is a set of E independent F-dimensi onal observation data that is 

generated by a mixture of M Student's t-distribution components (SMM) with the following pdf [78]: 

M 

p(xe l8) =I Cz St(xe lµ z, l/Jz, Vz); e = 1 .. . E (5.19) 
l=l 

where {ci}f!, 1 are the mixing weights such that 1:~ 1 Cz = 1. µ1, 1/11 and v, are the mean, inner product 

matrix and degrees of freedom of the zt" component respectively, and hence, 8 = {cz, µ£, l/Jz, vz}f'!: 1 . 

5.3.1. ML parameter estimation of a SMl\tl 

Like any mixture of components distribution, the observation data X in a SMM are regarded as 

incomplete data and for each sample Xe, the value of an unobserved data Ze indicates the component 

number that generates X e [69]. In addition to component indicator z, precision scale 'fl is the other 

hidden variable in a SMM (like a singlet-distribution). 

The fol lowing EM algorithm has been proposed by Peel and McLachlan [78] to estimate 

parameters of a SMM. The algorithm introduces Tei as the conditional posterior component 

membership forgiven sample Xe, and u e1 as the conditional posterior expectation of precision scale for 

sample Xe given that it is generated by the th component: 
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Tel = p(ze = llxe, 8); e = 1. .. E, l = 1. .. M; (5.20) 

Uel = E(J?elze = l 1 Xe 1 8); e = 1...E, l = 1 ... M; (5.21) 

At iteration (k+ 1) of the EM algorithm: 

E-step: Calculate Tet and Uet as follows: 

Tel = M (k) ( I (k) (k) (k)) Lh=l ch St Xe µh , l/Jh , vh 

(k) St ( I (k) ,,,(k) (k)) 
cl Xe µl , 'f'l • vl 

(5.22) 

Uel = (k) 8 (x µ(k). ,1,(k)) 
vl + e• l • 'f'l 

v(k) + F 
l (5.23) 

. . (k+l) (k+l) (k+l) M-step: The EM for SMM [78] results mto closed form solut10ns for cl , µl and l/Jz , 

l=l...M: 

E 
(k+l) 1 '\' 

cl =E L Tel 
e=l 

\..,E ( (k+l)) ( (k+l))T 
(k +l) L..e=l Tel Uel Xe - µl Xe - µl 

l/Jz = E 
Le=l Tel 
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However, similar to the single component t-distribution case, no closed form solution exists 

for vl(k+l), and it requires to be computed iteratively through the following equation: 

[ 
_ (Vi) (Vi)_ ( v?) + F) ( v?) + F) L~=l Tei[log(uei) - Uei]]-1 <P 2 +log 2 log 2 + <P 2 + "E - 0 

L..e=l Tez 
(5.27) 

Now, we want to compare Eq. (5.24-26) with the estimation formulas of EM for GMM from 

chapter 3 (see subsection 3.4.4), which we repeat here for quick reference: 

(5.28) 

(5.29) 

(5.30) 

First of all, based on the probability's product rule: 

(5.31) 

Hence, the formulas of Eq. (5.24-26) can be rewritten as in the following: 

(5.32) 
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(5.33) 

'\"E ( - l I (k)) ( - (k+l)) ( - (k+l))T (k+l) - L..e=l E Ze - I rJe Xe, e Xe µl Xe µl 

1/Ji - I~=i p(ze = llxe , e Ck)) 
(5.34) 

It can be concluded that in the M-step of SMM compared to GMM, the formula for the posterior 

mixture weight, c1, does not change. However, instead of probability of component indicator z, the 

joint probability of component indicator z and precision scale 'f/, applies to both the numerator and 

denominator of mean µ 1, and to the numerator of precision I/fl · For the denominator of precision l/fi, 

still the probability of component indicator z (as GMM case) applies. 

5.4. The hidden Markov model (HMM) with SMM density modelling 

Recalling from chapter 3, an HMM can be fully represented by its parameter set: 

/l = {A, 8, rr} (5.35) 

where A is the N x N state transition probability mat1ix, B represents the parameters of the observation 

probabilities for each state, and JCare the N x I initial-state probabilities. 

In the case of continuous observation, the observation distribution is usually modelled by a GMM 

(Gaussian Mixture Model) for each state (HMM-GMM). However, the SMM can also be utilised to 

model the observation to tackle the outlier issue [80] . Let us consider the observation sequence 0 = 
{01,. . .,01, ••• ,oT}, that is generated by an N-state HMM. Furthermore, let us assume the observation 

probability of each state Si, i= 1 .. .N, is modelled by an M-component SMM as fo11ows (HMM-SMM): 
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M 

bi Cot) = p(ot lqt = sJ = L cu St(ot lµu, 1/Ju, vu ) ; i = 1. .. N, t = 1 ... T; (5.36) 
l=l 

where {cu}~ 1 are the mixing weights for the SMM of state Si such that 2:~ 1 cu = 1. µi1, I/fit and vn are 

the parameters of the th component of SMM for state si, and hence, the whole HMM-SMM is 

represented by: 

(5.37) 

5.4.1. ML parameter estimation of an HMM-SMM 

Recalling from HMM [69] , the sequential data 0 = {0 1,. . . ,01, ••• ,oT} in an HMM is considered 

incomplete and the value of an unobserved data q1 indicates the state value at particular time t for the 

given 0 1 [69]. Hence, the EM alg01ithm to estimate the parameters of an HMM-SMM requires dealing 

with three hidden variables: q (state indicator), z (component indicator) and Y/ (preci sion scale). It 

should be considered that, the formula') for state transition matrix A and initial state Jrare the ame as 

HMM-GMM, as they are not dependent on the observation density. 

Similar to the EM algorithm for HMM-GMM (explained in chapter 3), we need to calculate the 

conditional posterior state emission }1(1), and the conditional posterior component membership ril(t): 

Yi(t) = p(qt = sd0,'1); t = 1...T, i = 1 ... N; (5.38) 

ru(t) = p(zti = llqt =Si , Dt ,'1); t = 1. .. T, i = 1 ... N, l = 1 .. . M; (5.39) 

Furthermore, we define ui1(t) as the conditional posterior expectation of precision scale for sample 

0 1 given that it is generated by the t 11 component of the ith mixture: 
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uil(t) = E(17tlzti = l, Ot,A); t = 1. .. T, i = 1... N, l = 1... M; (5.40) 

At iteration (k+ 1) of the EM algorithm: 

E-step: By considering that HMM observation density has no effect on the probability ')f(t), it can 

be seen that the Eq. (5.38) is similar to the case of HMM-GMM with similar estimation solution. The 

probability r;1(t) is also similar to that of HMM-GMM, except that we need to replace the Student's t-

distribution instead of Gaussian distribution, hence: 

Tu(t) = M (k) ( I (k) (k ) (k)) 
Lh=l cih St 0t µih 1 l/Jih 1 vih 

(k) ( I (k) (k) (k)) cu St at µil , l/Jil. , vil 
(5.41) 

The solution for u;1(t) , is also similar to ue1 of SMM in the Eq. (5.23) and just needs considering the 

parameters for the th component of the zth mixture, therefore: 

(5.42) 

M-step: The solution can be infeITed by putting together the EM solution for SMM and the EM 

solution for HMM--GMM. First, let us recall the est1mat1on formulas for HMM-GMM from chapter 3 

as follows. For i=l...N and /=l...M: 

(5.43) 

(5.44) 
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(5.45) 

In the previous subsection for a SMM, we learnt that the posterior mixture weight c1 has the same 

formula as the GMM case. However, in SMM the probability of precision scale 17 will join the 

probability of component indicator z, for the numerator and denominator of mean µ 1, and for the 

numerator of preci sion If/I· Nevertheless, the probability of precision scale 17 does not apply to the 

denominator of precision I/ft· Hence, we can infer the following formulas for the HMM-SMM: 

(5.46) 

(k+1) _ I.I=1E(qt = si,zti = l,rJtlo,JlCk)) at 
µil - I.f=l E(qt =Si, zu = l, 71tl0, ,;t(k)) 

(5.47) 

(5.48) 

Recalling from subsection 3.5.5 of chapter 3, we already know that : 

(5.49) 

Similarly, based on the probability's product rule: 

(5.50) 
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By substituting Eq. (5.49-50) in the Eq. (5.46-48), we achieve the following closed form solutions 

(k+l) (k+l) (k+l) ) d ) ._ d - . for Cu , µu and 1/Ju based on the calculated '}1(t , ri1(t) an uu(t . For t-1...N an l-1.. .M. 

(5.51) 

(5.52) 

'°T ( ) (k+l) (k+l) T 
,,, Ck +l) =.L.t=iYi t Tu(t)uu(t)(ot-µu )(ot-µu ) 
'f'il '°T .L.t=i Yi(t) Tu(t) 

(5.53) 

Derivation of the model's posterior expectation of the complete data log-likelihood (Q) results into 

same formulas [80] . 

Now, let us assume a set of E independent observation data {Oe}~=l , generated by an HMM-SMM 

where each oe = (of, ... , of, ... oi-J is a sequential data of length Te . In this case, the above update 

equations are changed to following: 

'\.'E °''Te e ( ) e ( ·) 
c (k +1) _ L.e=1 .L.t=1 Yi t Ta t 
il - "E " Te e ( ) 

L•e=l L.tt=l Yi t 

"E "Te e ( ) e ( ) e ( ) ( e (k+l))( e (k +l) )T 1/J ~k+l) = .L.e=l .L.t=1 Yi t Tu t Uu t Dt - µu Dt - µil 
il "E "Te e ( ) e ( ) .L.e=1.L.t=1 Yi t Tu t 
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Nevertheless, similar to the single component t-distribution and SMM cases, vi~k+l ) does not have 

a closed form solution, and it can be obtained by solving the equation: 

v ~k) + F l 
- l og ( tl 

2 
) = 0 

(5.5 7) 

5.5. Experiments of robustness using HMM-SMM 

In thi s section, we explore the robustness of action recognition by exploiting HMM-SMM instead 

of HMM-GM M. For this purpose, the Murphy's HMM toolbox [72] needs to be modified to include 

HMM-SMM alongside HMM-GMM. We altered the mhmm_em fu nction that performs the EM for 

HMM with nu xture of Gaussians. Both E-step and M-step have been changed, so SMM can also be 

utili sed as the observation density of HMM. Furthermore, the mhmm_logprobe function that 

originall y computes the log-like1ihood of a dataset using a mixture of Gaussians, now can also 

compute the log-likeli hood of a SMM data too. 

5.5.1. Experiment of using HMM-Sl\1M with estimation of v 

In the first experiment, we want to explore the classification accuracy of using HMM-SMM density 

modelling with maximum likelihood-estimated v and compared it with HMM-GMM. We model the 

observation sequences with HMM-SMM and then, the density parameters for each SMM are 

estimated using the EM algorithm as di scussed in the previous section. For this experiment, the 

parameter v is estimated in conjunction with other mixture parameters. The parameter v is first 

initiali sed with an arbitrary value (10 in the experiment), and is updated in each M-step iteration based 

on the formula of Eq. (5.57). To prevent v from tending towards 0 or infini te on occasions, we also 

placed a mini mum and a maximum threshold for the updated values of v, 0. 1 and 200, respectively. 
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For the first set of experiments, the "random centres" reference cluster initialisation method (see 

subsection 4.3.1) is utilised to initialise each component's mean and also the inner product matrix 

based on the covariance formula of Eq. (5.11). After cluster initialisation, the resulting components 

are dispatched in the "appearance order" reference method (see subsection 4.3.1). As action video 

datasets, we utilised the Weizmann [1] and MuHAVi [2] with automated extracted masks (explained 

in subsection 4.7.2) on a variety of feature sets. The experiments are based on the leave-one-out cross-

validation method with values { 1 .. . 6} for both N (number of states) and M (number of components). 

Tables 5. land 5.2 report the average and best classification accuracies obtained over 6 different 

runs from random initial parameters for both HMM-GMM and HMM-SivlM with estimated v over the 

Weizmann and MuHAVi datasets usi ng the projection histograms feature set (fixed-size window 

version, explained in subsection 4 .6.1 ). The results show that by using HMM-SMM we could improve 

the accuracy considerably for all the combinations of N and Mover both datasets. Over the MuHA Vi 

dataset, the increase in hi ghest accuracy is over 6% (from 80.7% to 86.9%) and it is over 5% (from 

88.2% to 93.5%) over the Weizmann dataset. It seems that the main reason for these improvements is 

the signi ficant presence of outliers in the observation data using thi s feature set. 

Table 5.1 : Classification accuracy(% ) for Hl\1M-GMM and HMM-SMM with l\1L-estimated v over the 

Weizmann dataset using the projection histograms feature set. 

HMM-GMM, average of 6 runs HMM-SMM, average of 6 runs 
1M=l- M=2 'M=3-

------ --- M=6 l M=4 M=5 I M=l M=i-- M=3M=4-- M=S-~4---4 M=6 

fN=l 75.3 72 72 72 72 72 
N=2 83.7 80.8 81 80.6 80.8 81.4 

·- ·-
N=l 90.3 90.9 87.3 88.7 88 88 
N=2 88.4 87.6 88.7 87.5 88 86.7 

N=3 82.8 81 80.5 82.1 84.1 81 N=3 88.2 87.5 87.8 87.3 87.8 86.2 
N=4 83.2 84.4 83 82.8 83 .9 83 .5 N=4 88.2 86.9 87.5 86.7 85.7 86 
N=5 83.9 85.1 83.7 84.9 84.2 83.7 N=5 87.5 86.9 86.7 86 86.6 85.8 
N=6 85.3 84.4 85.8 85.8 85 .7 83.7 N=6 87.3 86.7 87.1 85.7 85.8 84.6 

HMM-GMM, best of 6 runs HMM-SMM, best of 6 runs 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N= l 75.3 72 72 72 72 72 N=l 90 .3 93.5 89.2 90.3 90.3 89.2 -·--- -·- - - ---- -·--'--·--->-·--
,__ ____ 

N=2 84.9 84.9 83.9 81.7 82 .8 82.8 N=2 90.3 89.2 90.3 89.2 90.3 88.2 
N=3 83.9 81.7 83.9 84.9 87.1 83 .9 N=3 90.3 90.3 91.4 90.3 89.2 87.1 
N=4 84.9 86 84.9 84.9 86 87.1 N=4 89.2 88.2 89.2 88.2 87.1 88.2 
N=5 84.9 87.1 88.2 86 84.9 86 N=5 89.2 88.2 88.2 88.2 89.2 89.2 
N=6 87.1 84.9 87.1 88.2 88.2 86 N=6 89.2 88.2 89 .2 87.1 87.1 86 

·- --·-
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Table 5.2: Classification accuracy(%) for HMM-GMM and HMM-SMM with .ML-estimated v over the 

MuHA Vi dataset using the projection histograms feature set. 

HMM-GMM, average of 6 runs HMM-SMM, average of 6 runs 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 64.1 70.4 73.5 74.2 74.3 74.5 N=l 83.7 85.0 84.1 84.5 84.5 85.1 
N=2 67.6 71.8 72 .4 72 .2 72.2 72.7 N=2 84.7 84.8 83.9 84.6 84.4 83.7 
N=3 73.1 74.8 74 .5 75.2 74.9 74.4 N=3 84.4 83 .9 84.1 84.0 83.6 84.1 
N=4 76.3 76 .3 76.2 77.3 77.3 78.0 N=4 84.3 84.4 83.9 83 .5 83.1 83.8 
N=5 76.4 78.5 78 .1 77.3 77 .8 77 .8 N=5 84.5 84.2 83.5 84.0 84.0 83.3 
N=6 77 .1 78 .7 78.9 77 .8 77.8 78.3 N=6 84.3 84.2 84.0 83.9 83.3 82.7 

HMM-GMM, best of 6 runs HMM-SMM, best of 6 runs 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 64.1 71.1 74.4 74.6 74.6 74.6 N=l 83.7 85.7 84.9 85.7 84.9 86~9 

N=2 69.1 73.1 74 .1 73 .9 73.9 74.4 N=2 86.2 86.2 84.4 86.2 85.4 84.9 
N=3 74.4 79 .6 76 .6 76.6 76 .4 75.6 N=3 84.9 85 .9 84.9 85.4 84.4 85.4 
N=4 77 .6 77.6 77 .4 79.9 78 .6 79.6 N=4 85.2 85.4 85.2 85.2 85.2 84.9 
N=5 77.9 80.7 80.2 79.4 79 .1 79 .1 N=5 86.2 85.4 84.2 85.2 84.9 85.4 
N=6 78 .4 79.9 80.2 78.9 79.4 79.9 N=6 85.4 85 .7 84.7 86.2 83.9 83.9 

Table 5.3: Classification accuracy(%) for Hl\1M-GMM and HMM-SMM with .ML-estimated v over the 

Weizmann dataset using the sectorial extreme points feature set. 

HMM-GMM, average of 6 runs HMM-SMM, average of 6 runs 
M= l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 94.6 91.2 92 .5 93.5 93 .9 93.9 N=l 95.7 97.5 97.0 97 .0 97.3 95 .5 - --
N=2 94.1 94.1 93.5 90.7 91.8 90.9 N=2 97.7 96.8 96.1 94.3 94.4 92 .5 -
N=3 93 .5 92.3 92.8 89.8 90.0 90 .7 N=3 96.2 96.6 93.7 93 .2 91.6 92.3 - - -- -- -- -- -- ----
N=4 93.7 91 .2 89.4 88 .0 89.1 88.4 N=4 ~~·H6.~ 93 .2 92.5 91.6 90.0 

-·--·-· 
N=5 92 .7 90.7 90.7 90.0 87.6 87.8 N=5 96.2 94.1 93.7 91 .8 89.1 86.6 
·-· -- ·-·· 

N=6 92 .1 89.6 88.5 88 .7 88.2 87.6 N=6 95.9 94.4 91.6 90.1 88.0 83.9 

HMM-GMM, best of 6 runs HMM-SMM, best of 6 runs ---· ____ r-'" ____ 

M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 
N=l 94.6 92 .5 92.5 94.6 94.6 94.6 N= l 95 .7 97.8 98 .9 98.9 100 96.8 
N=2 95.7 96.8 95.7 93.5 93.5 92.5 N=2 97.8 98.9 98 .9 96.8 96.8 95 .7 
N=3 94.6 96.8 94.6 91.4 93 .5 92 .5 N=3 97 .8 97.8 96 .8 95 .7 94.6 95 .7 
N=4 94.6 92.5 91 .4 91.4 92 .5 91.4 N=4 97 .8 97 .8 95 .7 93.5 94.6 92.5 
N=5 93 .5 92.5 93 .5 93.5 89.2 90.3 N=5 96.8 95 .7 95 .7 94.6 90.3 89.2 
N=6 94.6 91.4 91.4 91 .4 92 .5 91.4 N=6 96.8 95 .7 93.5 93 .5 91 .4 87.1 

We repeated the experi ment with another feature set, the sectorial extreme points (explai ned in 

subsection 4.6. 2) , on both Weizmann and MuHAVi datasets and reported the results in Tables 5.3 and 

5 .4, respecti vely. 
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Table 5.4: Classification accuracy(% ) for HMM-GMM and HMM-SMM with ML-estimated v over the 

MuHA Vi dataset using the sectorial extreme points feature set. 

HMM-GMM, average of 6 runs HMM-SMM, average of 6 runs 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 84.9 88.2 90.7 91.4 91.4 91.8 N=l 88 .4 90.0 92 .1 92.1 91.9 91.9 
N=2 88.5 91.7 91.9 92 .2 91.8 91.6 N=2 90.2 92.0 92.3 92.0 92.2 92.3 
N=3 91.5 92.0 92.4 92.1 91 .8 91.8 N=3 92.0 92 .4 92 .8 92 .6 92.4 93.0 
N=4 91.9 92 .1 92 .1 91.8 91.3 91 .5 N=4 92 .7 92.4 92.4 92 .8 92 92.3 
N=5 92 .2 92.3 92 .2 91.7 91.3 90 .6 N=5 92.7 92 .5 93.0 92.8 92 .6 91.0 

N=6 92.3 92.0 91 .9 91.4 90 .2 90.4 N=6 92 .9 92 .4 92 .5 92.0 92.1 91.0 

HMM-GMM, best of 6 runs HMM-SMM, best of 6 runs 
M= l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N= l 84.9 88.9 91.2 92 .2 91.7 92 .7 N=l 88.4 90.2 92 .7 92 .7 92.7 92.7 
N=2 89.4 92 .2 92.5 93.2 93.0 92 .7 N=2 90.7 92 .2 93 .7 92.7 92 .7 93 .2 
N=3 92 .2 93 .2 93 .2 94.0 92.5 92 .5 N=3 93 .0 92.7 94.S 93 .7 93 .0 93 .7 
N=4 92 .7 92 .7 92 .7 92 .7 92.0 92 .2 N=4 93.2 93 .0 93.0 94.2 93 .2 93 .5 
N=5 93.7 92 .7 93.2 92.7 92 .5 91.5 N=5 93 .0 93 .0 94.S 93 .7 93 .7 92 .2 
N=6 93 .2 92 .7 93.2 92.5 90 .7 92 .2 N=6 93 .5 94.0 93.7 92.7 93.0 92.0 

Whjle the achieved improvement over MuHAVi was limited with the sect01ial extreme points 

feature set (likely because of the lack of significant outliers), over the Weizmann dataset HMM-SMM 

reached the maximum possible accuracy of 100% (not one single misclassification). This extremely 

high accuracy also confirms the ability of the sectorial extreme points feature set to discriminate 

amongst various actions. 

During the experiment, we fou nd out that with the sectoria! extreme points feature set, the final 

estimated values of vii ,i= ] ... N and l= l ... M , are between minimum and maximum threshold. However, 

using the projection hi stograms feature set, all Vii values reach the threshold value after estimation. 

Hence, we repeated the latter experiment with similar conditions except that of fixing the value of v to 

the same value of the threshold (0.1 ) in advance. Therefore, the new experiment has no ML estimation 

for v and just es ti mates c ;1, µ ;1 and 1f1;1 for each SMM. 

The comparati ve accuracy for HMM-SMM with fixed v using the projection hi stograms feature set 

over the MuHAVi dataset is reported in Table 5.5 . 
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Table 5.5: Classification accuracy(%) for HMM-SMM with fixed v=0.1 using the projection histograms 

feature set over the MuHA Vi dataset. 

HMM-SMM, average of 6 runs HMM-SMM, best of 6 runs 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 83 .7 85.3 84 84.5 84.4 84.9 N=l 83.7 85.9 85.4 85.9 85.4 85.4 

N=2 84.4 83.7 84.6 84.9 84.6 84 N=2 86.2 84.2 85.2 85.2 85.2 84.7 

N=3 84.3 84.8 83.8 84 84.3 84.4 N=3 86.4 85.4 84.2 84.4 84.9 85.4 

N=4 83.4 83 .8 84.1 83 .7 83 .8 83.9 N=4 85.4 84.9 85.4 84.7 85.2 84.7 

N=5 83 .7 84.2 84.6 83 .8 83 .6 84.l N=5 85.2 85.2 85.7 84.9 84.2 84.9 

N=6 83 .5 83.9 83.4 84.2 83 .5 83 N=6 83.9 84.7 84.9 85.2 84.9 84.4 

In both experiments with ML-estimated v and fixed v, the fi nal vii after EM are the same or equal to 

the threshold; however, the estimated values forµ and I.fl of each component are different. This is due 

to the different starting values of v (10 or 0.1, respectively), which lead to different estimated 

parameters and, consequently, different classification accuracy. Comparison of res ults in Tables 5.5 

and 5.2 shows that the classification accuracy using HMM-SMM with fixed v=0.1 (by achieving a 

maximum of 86.4%) was comparable with that of HMM-SMM with estimated v (which achieved 

86.9% as maximum). 

5.5.2. Experiments using HMMaSMM with fixed v 

In this experi ment, we examine the effectiveness of densi ty rnodelJing using HMM-SMM with 

fixed v. The aim of this experiment is assessing the impact of various values of v={3,5,7 ,10} on the 

resulting classification accuracy. For these experiments, the MuHA Vi dataset is exploited with leave-

one-out cross-validation test across values { 1. .. 6} for both N and M . In each cross-validation 

experiment, we consider the highest achieved accuracy among various values of Mand N. 

We decided to test with another cluster initialisation method, the average of training instances 

(explained in subsection 4.4.1) to verify the effectiveness of SMM density modelling, regardless of 

the uti li sed initiali sation method. 
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Table 5.6: Classification accuracy(%) for density modelling by HMM-GMM, HMM-SMM with various 

fixed v and HMM-SMM with estimated v over the MuHA Vi dataset. 

HMM-GMM HMM-SMM with estimated v (initially:O. 1) 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 64.1 70.6 73.4 74.4 74.4 74.4 N=l 83 .7 84.9 84.4 84.4 84.2 84.7 

N=2 67.6 73.6 70.9 72.4 71.9 72.1 N=2 85 .2 84.7 84.7 85.4 85 .2 83 .4 

N=3 72.1 72.9 75.4 74.9 73 .4 72 .1 N=3 85.7 83.7 83.2 84.9 84.4 82 .2 

N=4 75.4 75 .6 76.4 73 .6 73 .9 76.4 N=4 83.2 82.7 83.4 83.9 82.9 83.9 

N=5 77.6 76.6 77.6 78.6 77.9 76.6 N=5 84.2 85.4 83.4 83.7 85.4 83.2 

N=6 78.1 78.6 78.4 77.4 78.4 77.9 N=6 84.4 84.9 82.7 84.4 83 .4 81.9 

HMM-SMM with fixed v = 3 HMM-SMM with fixed v = 5 
M=l M=2 M=3 M=4 M=5 M=6 M=l M=2 M=3 M=4 M=5 M=6 

N=l 76.6 81.7 83.7 84.2 86.2 85 .9 N=l 74.4 79.9 82.4 81.9 82.2 83.2 

N=2 81.7 85 .7 84.9 83.4 85.2 85.4 N=2 78.9 82.2 82.9 82.7 83.7 82.7 

N=3 83.9 85.9 86.7 85.2 85.4 84.7 N=3 81.7 84.2 83.9 85.2 82.7 83 .4 

N=4 86.7 82.9 85.4 86.4 84.9 84.9 N=4 84.4 83.4 86.2 84.2 83.7 82.9 

N=5 84.7 84.2 85.4 83.9 85.4 85.7 N=5 85.2 85.4 85.4 84.2 86.2 84.2 

N=6 85.2 85.4 85.4 84.2 83 .9 85.7 N=6 85 .2 85.7 84.9 81.4 84.4 84.9 

HMM-SMM with fixed v = 7 HMM-SMM with fixed v = 10 
M=l M=2 M=3 M=4 M=5 M=6 M==l M=2 M=3 M=4 M=5 M=6 

N=l 72 .4 77 .1 79.7 80.2 80 .7 81 .2 N= l 71.1 75.9 78.1 79.4 78.9 78.9 
N=2 77.4 81.9 78.9 79.4 80.2 79.9 N=2 74.1 81.2 77.l 78.4 80.9 77.1 

·- ·-·-~·--· - ·-·-~--·-~·-·--·-·-·-·-·-- · 
N=3 80.7 82.7 82.7 84.4 79.7 84.2 N=3 78.6 82.2 82.2 80.2 78.9 80.9 
N=4 83 .9 82.2 85 .2 81.9 83 .9 81.9 N=4 82.4 82.4 82.7 81.9 82.4 81.4 
N=5 84.2 84.7 84.2 82 .9 85.7 84.4 N=5 82.9 81.9 83.9 82.2 83.2 83.7 

-· -- -- -
N=6 83 .4 84.4 85.7 82.2 84.4 84.9 N=6 81.9 83.7 83.2 80.4 83.4 81.9 

Table 5.6 compares the classification accuracy with HMM-GMM and different HMM-SMM using 

the projection histograms feature set (fixed-size window version). Results again confirm the 

effectiveness of SMM density modelling to achieve better classification accuracy compared to GMM. 

While the maximum accuracy with HMM-GMM is 78.6%, HMM-SMM improves it by more than 8% 

to 86.7% (with v=3). 

To examine the effecti veness of SMM density modelling on robustness with various feature sets, 

we repeated the above expe1iment and recorded the highest classification accuracy - among various 

values of M and Nin a cross-validation test - as shown in Table 5.7. 
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Table 5.7: Maximum classification accuracy(%) for HMM-GMM and HMM-SMM using different 

feature sets over the MuHA Vi dataset. 

HMM-SMM 
HMM- estimated fixed fixed fixed fixed 
GMM v (initially= v=3 v=5 v=7 v= 10 

0.1) 
"Sectorial extreme points" feature set 93.7 94.2 93 .0 93.2 93.5 93.5 

Projection fixed-size window 78.6 85.7 86.7 86.2 85.7 83.9 
histograms fixed-size window with centroid 92.0 93.7 93.7 93.2 92.7 92.7 
feature set variable-size window with centroid 86.4 95.2 91.7 90.5 89.2 88.4 

The results in Table 5.7 emphasise the obvious accuracy improvement by using HMM-SMM with 

fixed v among various feature sets except the sectorial extreme points. In this exceptional case, the 

maximum achieved accuracy was not improved by SMM density modelling with fixed v, although the 

SMM with ML-estimated v still was able to slightly improve it (from 93.7% to 94.2%). Furthermore, 

when using a different version of the projection histograms feature set (the "variable-size window 

with centroid"), SMM density modelling with ML-estimated v was able to enhance the accuracy by 

about 9% compared with HMM -GMM (from 86.4% to 95.2%). 

5s6. Summary 

In thi s chapter, we have explained how the Student's t-distribution can be exploited in density 

modelling to tackle the issue of the presence of outliers in the observations. As shown, the t-

di stribution has longer tail s - compared to the Gaussian distribution - whkh makes the density model 

more robust to outliers during estimation. We utilised a mixture oft-distribution components (SMM) 

to model the observation probability in an HMM for action recognition purpose, instead of traditional 

GMM observation modelling. The EM algorithm is exploited for ML parameter estimation of a single 

component t-distribution, as well as SMM. We inferred the EM estimation formulas for HMM-SMM 

by putting together the formulas of EM for SMM and EM for HMM-GMM cases. 
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To assess the effectiveness of density modelling using HMM-SMM against HMM-GMM, we ran 

various experiments over the Weizmann and MuHAVi video datasets, using various feature sets. 

Using the projection histograms feature set, the experiments showed considerable improvements 

when using HMM-SMM (close to 9%), which may be explained with the presence of major outliers in 

the observations when using this feature set. The experiments were run with both "random centres" 

and "average of training instances" cluster initialisation methods, and the obtained results emphasise 

the effectiveness of the t-distribution, irrespectively of the applied initialisation method. However, 

with the sectorial extreme points feature set, we could not achieve a significant improvement in the 

experiments over the MuHAVi dataset, unlike the Weizmann dataset case. We concluded that 

possibly, in this particular case the presence of outliers was Jess significant. 

Overall, the t-distribution density modelling is effective in the presence of outliers, and the extent 

of accuracy improvement depends on the selected dataset and feature set. 
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Chapter 6: 

Using MPEG-7 to standardise action recognition 

6.1. Introduction 

Automated video surveillance aims to detect objects and events of interest for safety and security 

via automated analysis of closed-circuit television (CCTV) videos. As an area of technology, 

automated video surveillance still has significant unresolved issues and dorninated by many 

proptietary solutions from various manufacturers. The integration of product from different 

manufacturers require the compliance (conformity) with a global standard. To address the 

standardisation issue, the ONVIF (Open Network Video Interface Forum) [10] was established in 

2008 to pave the way for a global open standard for the interface and communication of IP-based 

video surveillance products and devices . The main goal of the ONVIF is to ensure the interoperability 

between various IP-based video devices and products in a whole system itTespectively of their 

manufacturers. 

While ONVIF is mainly focussed on the standardisation in the network layer, the issue of 

standardisation in the upper application level (e.g. video analysis) is still a main challenge in the area 

of video surveillance. The automation of video analysis tasks , such as video retrieval, has become 

more imp01tant in the presence of an increasing amount of videos stored in huge databases. Although 

some automatic video analysis platforms, mainly for low-level based tasks, have been introduced to 
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the video surveillance community in the recent years (e.g. Vi SOR [11 ]), still video surveillance 

suffers from the lack of standardised platforms for the higher level analysis tasks. 

Certain multimedi a standards such as MPEG-7 (the standard for multimedia content description) 

[84], could be used for the standardi sation of interfaces in video surveillance appli cations. MPEG-7 

was ori ginally proposed for facil itating effici ent search and retrieval from multimedia databases. 

Being an open standard, it could be used in a variety of video survei ll ance applications incl uding 

moving object detection and classification, object tracki ng, human action recognition and others . 

In this chapter, the importance of standardised video analysis is firs t discussed. The MPEG-7 

standard for multimedia content description is then introduced with greater focus on the visual part 

that is related to this thesis. After that, we review some previous works on using MPEG-7 for video 

surveillance, where MPEG-7 were utili sed for video applications that classify still frames. However, 

to recognise human actions we require classifying a whole video sequence. Finally, we argue that the 

current MPEG-7 descriptors are not adequate for action recognition, and propose new MPEG-7 

descriptors and architectures specifi c for human action recognition. 

In a way, if one regards MPEG-7 as a container of built-in descriptors, its adoption has been 

minimal. However, the fact that the MPEG-7 standard provide the opportunity of new descriptors' 

creation promotes the role of standard from just a collection of pre-defined descriptors to a standard 

platform of applicable descriptor generation. 

682. Multimedia standardisation in video surveillance 

The emergence of huge amounts of visual data captured by surveillance cameras has highlighted 

the requirement for standardi sed techniques for both ontology-based retri eval and video analysis. To 

this aim, various platforms and frameworks have been developed to facilitate the automatic video 

analysis tasks. For example, ViSOR (Video Surveillance Online Repository) [11] is a recent 

framework that establi shes an open platform for video collection, annotation and ret1ieval, as well as 

performance eval uation of automatic surveillance systems. It also has a web interface for video 
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browsing, querying and compressed video previ ewing. However, the ViSOR framework does not 

address the issue of standardisation for the higher level analysis tasks, e.g. human action recognition. 

6.3. MPEG-7 standard for multimedia content description 

In 2001, the Moving Picture Experts Group (MPEG) committee proposed the MPEG-7 standard 

for describing multimedia contents as metadata which enables effective searching, filtering and 

indexing in a multimedia database [84]. 

The scope of MPEG-7 is shown in Figure 6.1. The description production part extracts a feature 

(or a set of features) from the corresponding multimedia; e.g. an image or a video. The extracted 

feature is then represented in a standard way that is called MPEG-7 descriptor. MPEG-7 descriptors 

define the representation' s syntax for different multimedia features , e.g. visual and audio features 

[84]. This description standardi sation is the normative part of MPEG-7. Finally, the produced 

descriptor can be consumed by vari ous applications for different purposes, such as a search engine for 

retrieval or indexing. Unlike the normative description standardisation pait, the feature extraction 

algorithms and description consumer applications are not a normative pan of the MPEG-7 standard 

and can be chosen by the users. 

De .. .-,·cription Standard Description 
production deuription consumption 
(extraction) 

Non:nat;,.e part o f 
M Pf:G-7 standard 

Figure 6. 1: Scope of MPEG-7 (reprinted from [85]). 
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Figure 6.2: Possible scenarios of MPEG-7 application (reprinted from [84]). 

MPEG-7 utilisation can faci litate rettieval, filte1ing. organisation and navigation inside very large 

collections of multimedi a databases. Figure 6.2 depicts a pos ible scenario of MPEG-·7 system. An 

audio-visual description is manually or automatically extracted from a multi media content, and i 

either stored or streamed directly. The Figure shows a scenario where the descriptor is stored and later 

consumed on the client consumer side by query submission to the descriptions ' repo ·itory. On the 

response to the query, a set of descriptions that matches the query is retrieved for the consumer to 

inspect or manipulate. 

MPEG-7 can be exploited in many application areas, such as [84]: 

• Digital libraries (e.g. image catal ogue or video archives). 

• Investigat ion services (e.g. human characteristics recognition). 

• Video survei ll ance (e.g. traffic control). 
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Figure 6.3: Differentiating between images using colour descriptors (reprinted from [85]). 

6.3.1. MPEG-7 visual descriptors 

The MPEG-7 visual descriptors describe the basic visual features of media, including colour, 

texture, shape, motion, and so on [84, 851. In this subsection, we review briefly «ome MPEG-7 visual 

descriptors. 

6.3.1.1. Visual colour descriptors 

MPEG-7 visual colour descriptors include Colour Spaces Descriptor, Colour Quantisation 

Descriptor, Scalable Colour Descriptor, Dominant Colour Descriptor, Colour Layout Descriptor, 

Colour Structure Descriptor and Group-of-Frames/Group-of-Pictures Colour Descripror. The full 

detailed description of these de criptors could be found in [84, 85]. Each colour descriptor can 

achieve specific similarity of style images to match similar ones. Figure 6.3 depicts three colour 

images and their conesponding histogram colour distributions represented by MPEG-7 Scalable 

Colour Descriptor. This specific MPEG-7 descriptor recognises the two left images as more similar 

compared to the right one. 
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Figure 6.4: Differentiating between images using texture descriptors (reprinted from [85]). 

Figure 6.5: Image similarity matching using Region-Based Shape Descriptor (reprinted from [84]). 

6.3.1.2. Visual texture descriptors 

The Homogenous Texture Descriptor, Texture Browsing Descriptor and Edge Histogram 

Descriptor compose the MPEG-7 visual texture descriptors [84, 85]. By exploiting the visual texture 

descriptors, the two gray images on the bottom in Figure 6.4 are identified as more similar in terms of 

texture, compared to the images on top of the Figure. 

6.3.1.3. Visual shape descriptors 

The two main MPEG-7 shape descriptors are the Region-Based Shape Descriptor and the 

Contour-Based Shape Descriptor. The Region-Based Shape Descriptor match the left and the middle 

images in Figure 6.5 as similar (despite the crack on the handle in the left image) but different from 

the right image, due to its filled handle. 
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1-
Figure 6.6: Image similarity matching using Contour-Based Shape Descriptor (reprinted from [85]). 

In contrast to the Region-Based Shape Descriptor, the three regions' shapes in Figure 6.6 are 

discriminated using the Contour-Based Shape Descriptor, due to differing edges. 

The Region-Based Shape Descriptor is based on the Angular Radial Transformation (ART), and 

the Contour-Based Shape Descriptor uses the curvature scale space (CCS) of an object' s outline. 

6.3.1.4. Visual motion descriptors 

The MPEG-7 visual motion descriptors include Motion Activity Descriptor, Camera Motion 

Descriptor, Motion Trajectory Descriptor and Warping Parameters Descriptor [85]. The Motion 

Acti vity Descriptor [85, 86] denotes the overall intensity of an action for a video sequence (for 

instance, slow or fast paced); and the Motion Trajectory Descriptor characterises the displacement of 

a representati ve poi nt of each moving object over the time [85, 86]. 

6.3.2. MPEG-7 XM software 

The power of MPEG-7 standard is its extendibility using the Description Definition Language 

(DDL) which allows the creati on of new descriptors [84]. The MPEG-7 Reference Software, also 

called eXperimentation Model (XM), is used to validate MPEG-7 descriptors [84]. The XM 

implementation contains the normative pa1ts of the MPEG-7 standard: the descriptors , DDL and the 

Coding Scheme module. This last pa11 includes an encoder to dump the descriptor to a file and a 

decoder to load and parse the desc1iption from file. Furthermore, to simulate the description extraction 

and search in MPEG-7 descriptor database, the MPEG-7 XM software contains non-normative 

components of feature extraction and query processing for some MPEG-7 descriptors. 
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Figure 6.7: Application types in MPEG-7 XM software. {a) The extraction from media server application. 

(b) The search-and-retrieval client application (reprinted from [84]). 

XM provides extraction (server) applications to generate descriptors from the input media database 

and store in de cription files [84]. For example, the extractionfrom media server application in Figure 

6.7(a) extracts the MPEG-7 descriptors from the input media database and stores encoded descriptors 

as an output description database in a file. 

In contrast, client applications in XM use the extracted MPEG-7 descriptors for retrieval , filtering 

or transcoding tasks based on a query [84]. For example, the search-and-retrieval client application in 

Figure 6.7(b) first loads the descriptors from a desc1iptor database file. The input query is then 

matched against all the descriptors to produce a sorted list of matching media with decreasing 

similarity to the query. 
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6.4. Some example works on using MPEG-7 for video surveillance 

Since the emergence of the MPEG-7 standard, various papers have been publi shed exploiting 

MPEG-7 visual descriptors for video surveillance. In this section, we review some of them. 

6.4.1. "The Use of MPEG-7 for Intelligent Analysis and Retrieval in Video 

Surveillance" 

Berriss et al. in [87], one of the first works on usi ng MPEG-7 for video survei llance dating 2003, 

exploited MPEG-7 descriptors for the following two surveillance applications: 

1. Real-time people matching at the entrance and exit of a convenience store. 

2. Finding the person that left an unattended baggage. 

In the first application, matching is performed onl y on one camera' s observations. In the event of 

motion detection in the scene, segmentation is first performed to achieve up to three moving objects . 

Then, the object 's MPEG-7 Contour Shape Descriptor is extracted and compared with a database of 

known shapes for object classification purpose (human or animal). Finally, the authors exploit the 

object's MPEG-7 Dominant Colour Descriptor to produce a ranked list of the frames that best match 

with this object. The authors achi eved 65% to 71 % retrieval success rate. 

For the second application, first the authors ttigger a query by drawi ng an outline around the 

abandoned baggage and in turn, an MPEG-7 Dominant Colour Descriptor is extracted. Then, the 

search for a similar object (unattended baggage) is performed through all the stored frames between 

specified intervals of time. No accuracy figure was reported. 

6.4.2. "Evaluation of MPEG7 Colour Descriptors for Video Surveillance 

Retrieval" 

In this paper [88] , Annesly et al. evaluated retrieval efficiency of four MPEG-7 colour descriptors 

- Dominant Colour, Colour Layout, Colour Structure and Scalable Colour - alongside two own 
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introduced validation desc1iptors - Mean (r,g,b) and random - to match people entering and exiting a 

room monitored by two distinct cameras. 

The evaluation with Colour Structure and Scalable Colour descriptors were performed with two 

different quantisation values Q=32 and Q=256. The authors exploited the ANMRR (Average 

Normalised Modified Retrieval Rate) evaluation measure, which is used by the MPEG-7 group, to 

compare the image retrieval efficiency using various descriptors. The ANMRR measure takes value in 

the range [O, 1 ], where 0 means full retrieval and 1 means no retrieval. Hence, the lower the ANMRR 

value is, the better is the performance of the retrieval system. 

In one camera expe1iment (re-identification of same person in entering and exiting the scene), the 

best retrieval performance was achieved by using the MPEG-7 Colour Structure Descriptor (Q=256), 

with repotted ANMRR of 0. I 5, using manual foreground segmentation and manual splitting of top 

and bottom clothing (Figure 6.8) . 
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Figure 6.8: Retrieval rate to match people entering and exiting a room (reprinted from [88]). 
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Figure 6.9: Correct and incorrect matches for two MPEG-7 Colour Descriptors (reprinted from [89]). 

6.4.3. "On the Use of MPEG7 for Visual Surveillance" 

Annesley and Orwell proposed in [89] an extensible profile of MPEG-7 to fulfil the necessities of 

video surveillance applications. In their proposed schema for an indoor surveillance activity, they 

represent the observed pedestrians with two layers of description: 

• LLID (Low Level Identifier): Expressing the features of the moving objects when observed by 

a single camera. 

• UU!D (Uniform Unique Identifier): Constant reference for the object in the scene which is 

unique in the whole system. The UUID links to an LLID. 

The authors also exploited probabilistic estimation to match two objects that refer to the same 

person monitored by two cameras in a room. Unlike the ANMRR measure, this probabilistic 

estimation is not ranking-based. The MPEG-7 Colour Layout and Scalable Colour desc1iptors were 

utilised to compare between the query image and database images resulted in two-class classification: 

• True match: same person observed at different time or by different camera. 

• False match: different persons observed in the experiment. 

The accumulation of frequency histograms for these two matches are calculated and exploited as 

probability density functions (pdt) for classification purpose (Figure 6.9). The Scalable Colour 

Descriptor outperforms the Colour Layout Descriptor in terms of separation of true and false 

matches . Yet, a significant error area is sti 11 visible. 
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(b) 

(d) (C) 

Figure 6.10: Step-by-step running of the human detection algorithm in [90] (rep1inted from [90]). 

6.4.4. "Human Object Tracking Algorithm with Human Colour Structure 

Descriptor for Video Surveillance Systems" 

Jn thi s paper 190], Chi en et al. proposed a human detection algorithm that perform required steps 

of segmentation, tracking and description extraction of individuals, all in one algorithm to avoid 

redundant processing. Moreover, they introduced a new MPEG-7 descriptor specific for human 

detection, named (Human Colour Structure Descriptor (HCSD). Figure 6.10 shows an example of 

step-by--step results by applying their proposed algorithm to the frame in Figure 6.10(a). The 

algorithm is as follows: 

• Object masks of foreground subjects are generated by a segmentation algorithm (Figure 

6. 1 O(b)), and then labelled using a connected component operation (Figure 6.1 O(c)). 

• A morphology skeleton operation is applied to each connected component, then the resulting 

object's skeleton is divided into body skeleton, legs skeleton and shoes skeleton (Figure 

6.10(d) and (e)). 
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• The HCSD descriptor is extracted, by combining the average colour of pixels on body, legs 

and shoes of the human object with the centre-of-gravity positions of body and legs . 

• In the final step, the extracted HCSD descriptor is exploited to classify objects . 

In a human object classification experiment, the authors claimed 100% accuracy usi ng HCSD 

descriptor compared to maximum 70% and 97% by MPEG-7 Scalable Colour and Colour Structure 

descriptors, respectively. Furthermore, their proposed descriptor requires only 112 bits per descriptor 

compared to 1000 bits required by the two mentioned MPEG-7 descriptors. 

6.4.5. "A framework for integrating MPEG-7 knowledge templates into video 

surveillance applications" 

Barais et al. in [91] showed the semantic gap that exists between low-level MPEG-7 visual 

descriptors and moving object classification, as a video survei11ance application. They highlighted the 

difficulty of mapping the extracted low level metadata onto human objects. To overcome this 

problem, they proposed an ontology database for describing the cene regions in the video 

surveillance application prior to cJassification of moving objects in the scene. They utilised Gaussian 

Mixture Model (GMM) per background pixel to detect the moving blobs and the MPEG-7 Dominant 

Colour and Region Shape descriptors to update moving object classification. Finally, the resulting 

metadata were encoded and stored in compliance with the MPEG-7 standard. 

The proposed ontology was applied to a surveillance scenario for a city (Figure 6.11 ), by 

describing the possible scene regions (e.g. road, lawn) and specifying the properties and constrains for 

each scene (e.g. orientation and occlusion type). Also, the possible target objects (e.g. vehicle and 

pedestrians) and their features (e.g. speed range and expected size) were modelled. Moreover, they 

specified the influence of the background scenes on the target objects to improve the classification 

accuracy of moving objects. 
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Figure 6.11: Scene region description (left) and occlusion map (right) for a city video surveillance 

scenario (reprinted from [91]). 

6.4.6. "Chaos-Synchronisation Based Representation of Objects and Events 

From l\1PEGu 7 LowuLevel Descriptors" 

In this paper [92 J, the authors empha. 1sed on inadequacy of low level MPEG-7 descriptors to 

identify semanti c entiti ,s in the scene, such as object labels, concepts (e.g. indoor, crowd) or events 

(enter, move). Hence, they exploited combination of various low-level MPEG-7 descriptors - Contour 

Shape, Region Locater, Region Shape, Colour Layout, Dominant Colour, Edge Histogram and 

Scalable Colour - to generate a unique numeric high-level description of semantic entities. Feature 

binding of MPEG-7 descriptors were performed by using chaos synchronisation. The resulted chaotic 

descriptors were exploited for the experiment of objects and events classification. The efficiency of 

classification depends on the contributed MPEG-7 descriptors. The authors declared that successful 

classification was not targeted in their effort, but the chaotic descriptor is applicable for specific 

object identification. 

130 



6.4.7. "Human Body Posture Recognition using MPEG-7" 

Goldmann et al. in [31] proposed a human posture recognition system based on the MPEG-7 

Contour-Based Shape Descriptor (CBSD) and a feature vector derived from projection histograms. 

Their aim was to recognise four main body postures (standing, bending, sitting and laying), and four 

possible viewpoints of the camera with respect to the subject (front-view, right-view, back-view and 

left-view). They applied background subtraction to segment foreground from background and obtain 

the binary object masks. For classification purposes , they exploited two non-parametric classifiers: the 

k-nearest neighbour (k-NN) and the minimum distance classifier (MDC). 

For evaluation the authors assessed their posture recognition system on a video database that 

includes 4 persons, 4 main postures and 4 views. Using the projection histograms feature set and the 

k-NN classifier on a k-fold cross-validation test experiment, they achieved 95.59% correct 

classification for main posture recognition and 78.53 % for viewpoint. By using the MPEG-7 CBSD, 

the main posture recognition rate was 90.39%, and 77.84 for viewpoint by a modification of the 

MPEG-7 descriptor. To recognise simultaneously the main posture and the viewpoint, they examined 

various hierarchical and non-hierarchical classification strnctures. Finally, they obtained 79.77% 

classification accuracy by using a specific hierarchical classification: first, the projection histograms 

feature was exploited to classify the main posture and, then, CBSD was utilised for viewpoint 

classification. Their main conclusion from various experiments is that the projection histograms 

feature is more appropriate for posture recognition while the MPEG-7 CBSD can recogni e the 

viewpoint better. 

6.5. Using MPEG-7 descriptors for human action recognition 

The extendibility of the MPEG-7 standard makes it a suitable platform for the development of 

action recognition applications. To extend the MPEG-7 descriptors to video classification - such as in 

human action recognition - two main approaches could be considered. In the first approach, the video 
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would be processed as a sequence of frames and, consequently, in each frame various features of each 

human subject, such as shape, colour and/or texture descriptors would be exploited. In the second 

approach, we might consider the video as a whole unit and motion descriptors would be the 

appropriate choice. Hereafter, we briefly review the adequacy and suitability of such descriptors for 

action recognition purpose. 

Shape information is one of the most useful properties to inform human action recognition. 

Whereas a variety of specific shape features have been used in the literature (contours, snakes, interest 

points, region templates and others), contour-based shape feat ures have proved discriminative and 

computationally lightweight [26, 27]. The MPEG-7 Contour-Based Shape Descriptor was 

intentionally designed to be invariant to rotation, hence, is not suitable to discriminate across certain 

types of human actions . 

Among the MPEG-7 visual motion descriptors, the Motion Activity Descriptor [85] can only 

describe the pace of action, e.g. fast or slow, not the type of action, e.g. run or jump, hence, is not 

sui tabl e for the purpose of action recognition. Similarl y, the current implementation of the MPEG-7 

Motion Trajecto ry Descriptor exploits the spatio-temporal positions of the object 's centroid (as the 

representative point) [86] and is not suitable to encode the articulated shape of humans. Moreover, as 

we discuss in the next section, the use of the MPEG-7 Motion Trajectory Descriptor may imply a 

considerable overhead due to the uncertain time segmentation of human actions. 

6.5.1. Inadequacy of current MPEG-7 descriptors 

According to the reviewed literature, previous research has mainly exploited MPEG-7 for 

cl assification of still frames rather than that of whole frame sequences . However, human action 

recognition adds the new dimension of time and requires the extension of existing vi sual descriptors 

to sequences of frames . Moreover, we argued in the previous subsection that the va1ious MPEG-7 

shape, colour and motion descri ptors do not sati sfy the requirements of human action recognition. 

Hence, we propose in the next section two new MPEG-7 descriptors specific for human action 

recognition. Furthermore, two novel, practicable MPEG-7 based architectures are introduced to 
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recognise human actions under real-time constraints (e.g. , the requirement of processing 25 frames 

per second) and over a variety of platforms such as servers, PCs and mobile devices . 

6.5.2. Action recognition steps using MPEG-7 

An MPEG-7 based human action recognition system should respond to an MPEG-7 query for 

retrieval of a specific action. The related query could be in the following general format : 

"Show me the frame sequences of people peiforming action <ActionClass> during interval [Ts1arr 

... Tend] in the areas inspected by cameras {C1, .. . , CM}". 

In the fo llowing, we explain how action recognition is sub-divided into main steps and how they 

relate to the mentioned MPEG-7 query. In general, any action recognition approach consists of two 

main steps: 1) the extraction of a feature set from the video data and 2) action classification based on 

the extracted features. However, other processing steps are possibly involved such as: 3) foreground 

extraction, 4) tracking and 5) time segmentation. 

Step lu Feature set extraction: As we mentioned in chapter 2, a variety of features were 

suggested for human action recognition such as optical flow, silhouette-based approaches and spatio-

temporal feature descriptors. However, v,;e argue that for real-time action recognition applications 

which usually requi res processing of 25 frames per second (PAL video rate), a simple and fast -to-

extract feature set is more appropriate, such as the projection histograms or om proposed sectorial 

extreme points (see chapter 4). 

Step 2- Action classification: We explained various approaches exploited for action classification 

in chapter 2: using discriminative classifiers , e.g. SVM; recognising the action directl y in the time 

domain, e.g. DTW; recognising the action by graphical models, e.g. HMM or CRF. 

Step 3- Foreground extraction: In some cases , the extraction of the feature set (step 1) is 

preceded by the extraction of the image' s foreground pixels. While this step is not strictly necessary 

for action recognition and is regarded as a potential source of early eITors, it is still often applied in 

applications where reliable background modelling is possible. The extraction of the foreground pixels 

can help identi fy regions of meaningful features and solve the data association problem in the 
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presence of multiple actors. Hence, this preliminary step returns the foreground masks of candidate 

objects (blobs) in each frame. 

Step 4- Tracking: Tracking and data association need to be performed to track each blob along 

the frame sequence. In some approaches, the entire object is tracked at once, in others individual 

features are tracked explicitly and the object's location is inferred [63]. 

Step 5- Time segmentation: Prior to attempting classifications (step 2), the start and end times, 

T.Hart and T end, of an action should be determined (time segmentation) . Depending on the specific 

scenario, information may be available to support time segmentation prior to recognition. In some 

cases, action classification and time segmentation have been attempted joi ntly [64]. Very often, 

however, time segmentation is conducted in terms of fixed-length , overlapped windows of frames. 

The length of the window, W, and the stride between windows, S, must permit an approximate 

alignment with the action's actual time segment [27]. 

Figure 6.12 illustrates the time segmentation and action classification steps for action recognition. 

It gives evidence to the main drawback of desctiptors such as the MPEG-7 Motion Trajectory 

Descriptor or similar when used for human action recognition. The main problem lies in the high data 

redundancy deriving fro m the overlapped windows: with these descriptors, the . ame frame description 

would be repeated WIS times. With practical values for this ratio (in the order of 5 to 10), the 

redundancy is excessive. 

r·············••••••·•••·•···············································································••• •·············•••••····················•••••·•······························: 
; i 

frame frame frame frame 
(i) (i+S) . . . (i+W- 1) . . . (i+S+W- 1) 

window for action classification 

Figure 6.12: Time segmentation and action classification steps 
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6.6. Proposed MPEG-7 descriptors and architectures for action recognition 

In this section, we introduce two MPEG-7 based archi tectures, namely Server-Intensive and 

Client-Intensive, to perform the human action recognition steps discussed in previous section. These 

architectures mainly follow the model of MPEG-7 extraction and search applications, discussed in 

subsection 6.3.2. 

In both architectures, we allocate the computationally-intensive tasks of foreground extraction, 

tracking and feature set extraction to a so-called server system. Conversely, the client device is a 

system responsible for the search and retrieval tasks. Moreover, depending on the processing power 

and connection bandwidth of the client device, we categorize it as either a thick client, such as a PC, 

or a thin client, such as a Personal Digital Assistant (PDA), a mobile device or a smartphone. 

6.6.1. Server-Intensive architecture 

In the case of a thin client device, we suggest the Server-Intensive architecture would offer a good 

resources ' balance (Figure 6.13). In this architecture, the server system performs all the steps of 

foreground extraction. tracking, feature set extraction, time segmentation and action classification. It 

then stores the recognised action for a sequence of frames in the form of a text string in a new motion 

descriptor which we called the ActionC/ass descriptor. 
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Figure 6.13: Server-Intensive architecture. 
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: 

<Descriptor xsi :type="ActionClass"> 
<FrameSeqStart> 400 <I FrameSeqStart> 
<FrameSeqEnd> 450 <I FrameSeqEnd> 
<Blobldentifier> 13 <I Blobldentifier> 
<ActionName> "Run" <I ActionName> 

<I Descriptor> 
L ............... ............................................ .............. ........ ............... ... ...... .. ............................ .............. ....................................... ...................... l 

Figure 6.14: An example of the ActionClass motion descriptor. 

'Object Features' 

Foreground ext. 
Time seg. & Action 

class ification 

Feature set Client Device 

extraction 

Server System 

i ............... ..................................................................................... .................................................................................... _. ............. ........................................................... ................................ ....... .i 

Figure 6.15: Client-.Intensive architecture. 

The client device in the Server-Intensive architecture performs j ust the lightweight task of NfPEG-

7 query matching against all the ActionClass descriptors in the descriptor database. An example of the 

ActionClass motion descriptor is shown in Figure 6.14. 

6.6.2. Client-Intensive architecture 

In contrast wi th the Server-Intensive architecture, we suggest the Client-Intensive architecture 

would offer an appropriate resource trade-off for thi ck cli ents (Figure 6. 15). Here, the server system 

only performs the foreground extraction, tracking and feature set extraction steps for each frame and 

each object, and then stores the extracted features in a new visual desc1iptor which we called 

ObjectFeatures. On the client side, the client device uses the ObjectFeatures descriptors for time 

segmentation and action classification, and performs the MPEG-7 query matching. 
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Right hand Head Left hand 

Centroid 

Right foot Left foot 

(a) 

<Descriptor xsi :type="ObjectFeatures_ExtPts"> 
<FrameNo> 11 <I FrameNo> 
<Blobldentifier> 1 </ Blobldentifier> 
<CentroidCoords > 77 56 <I CentroidCoords> 
<HeadCoords> 49 54 <I HeadCoords> 
<LHandCoords> 49 75 <I LHandCoords> 
<RHandCoords> 51 35 <I RHandCoords> 
<LFootCoords> 111 66 <I LFootCoords> 
<RFootCoords> 110 46 <I RFootCoords> 

<I Descriptor> 

(b) 
, .. ........................................... .................................................. ..... ......... .. ...... ............................................................. .. ....................................................................................... , 

Figure 6.16: An example of the ObjectFeatures visual descriptor using the extracted "sectorial extreme 

points" feature set for one frame of a 'ideo sequence in Weizmann dataset. 

The OhjectFeatures 1isual descriptor should ideall y be simple and fast to extract to satisfy the 

real-time requirements of human action recognition (processing 25 frames per second). Here, we 

illustrate two examples for this descriptor using the sectoria/ extreme points and the projection 

histograms feature sets (explained in section 4.6) . 

The first descriptor is based on our proposed sectorial extrenie poinrs feature set which describes 

the position of physical points of head, left and right hands and feet in the object's silhouette, and also 

includes the centroid ' s coordinates. for a total of F = 12 features . Figure 6.16(a) depicts the extracted 

points for one frame of the "Jumping-jack'' action from the Weizmann video dataset [1]. The 

corresponding Object Features descriptor is also shown in Figure 6. l 6(b) . 
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(a) 

<Descriptor xsi :type= "ObjectFeatures_Proj Hist"> 
<FrameNo> 11 <I FrameNo> 
<Blobldentifier> 1 <I Blobldentifier> 
<Horizontal Bins> 

0.119 0.197 0.104 0.094 0.111 
0.104 0.090 0.097 0.082 0.000 

<I HorizontalBins> 
<Vertical Bins> 

0.017 0.026 0.077 0.279 0.221 
0.238 0.102 0.027 0.01 1 0.000 

<I Vertical Bins> 
<I Descriptor> 

(b) 

Figure 6.17: An example of the Object Features visual descriptor using the projection histograms feature 

set for one frame of a video sequence in 'Weizmann dataset. 

The second example of ObjectFeatures descriptor exploits the projection histograms as the feature 

set. Projection histograms consist of the frequency bins of an object's pixels projected onto the image 

horizontal and vertical coordinate axes [28, 29] . We used 10 bins histograms, leading to a total feature 

set of size F = 20. Figure 6. l 7(a) depicts the projection histograms of the same frame of Figure 

6. l 6(a). Again, the resulting ObjectFeatures descriptor is also shown in Figure 6.17(b). 

The two examples of the Object Features visual desc1iptor show that this descriptor is not restricted 

to specific feature sets. The two fundamental identifiers are those of the frame and the object: the 

identification of the frame is implicit and that of the object is unavoidable if the feature set is to be 
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referred to a specific subject. Moreover, the frame identi fi ers do not need to be contiguous and 

permits sparse frame encoding as with spatio-temporal interest poi nts [74]. 

6.6.3. Architecture evaluation 

In this subsection, we comparatively evaluate the two proposed architectures with thick and thin 

clients. The evaluation mainly depends on the execution time of the time segmentation and action 

classification steps since the other steps are expected to be executed on a server of theoretically 

unrestricted resources. 

The parameters involved in the evaluation are: 

• P = (Tend - Tsrar1) : the observation period of interest, in seconds; 

• 0: the average number of object instances (e.g., people) in each frame; 

• W: the window size, in frames; 

• S: the stride size for time segmentation task, in frames; 

• F : the frame rate, in frames per second; 

• X: the average action classification time , in secondi;; per frame for each object instance 

Each frame is pro essed (WIS) times due to overlapping windows, hence, the total execution time 

for action classification (R) is given by: 

R P·F·X·O·W/S (6.1) 

As caJculated in subsection 4.6 .3 of chapter 4, the required time for action classification (without 

considering time segmentation) was 0 .61 ms per frame in a Matlab implementation, and by assuming 

a 10-times speedup in a C implementation it would be possible to reduce X to approximately 0.061 

ms. 

Hence, for a possible scenario with a sequence of duration P = 10 minutes, 0 = 8 moving objects 

in the scene on average, window W = 50 frames , stride S = 10 frames and frame rate F = 25 fps, the 

execution time R would become 36.6 seconds. Thi s response time is typical of a thick client in a 

Client-Intensive architecture and can be regarded as acceptable and "real ti me". 
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However, with the same architecture but a thin client such a a mobile handset 10 times slower 

than a typical PC, the response time would become over 6 minutes and obviously not acceptable in 

real-time surveillance applications. Consequently, in the case of a thin client, the alternative Server-

Intensive architecture should be considered as the soluti on of choice. 

6.7. Summary 

In this chapter, we have discussed the importance of using standardised interfaces for video 

analysis in video surveillance applications and in particular in human action recognition. We argued 

that the MPEG-7 standard could offer suitable interfaces, yet the existing MPEG-7 visual descriptors 

are not adequate for the task, hence, new descriptors were proposed: the ActionClass motion 

descriptor and the ObjectFeatures visual descriptor. In addition, two novel MPEG-7 based 

architectures, namely Server-Intensive and Client-Intensive, have been introduced alongside the two 

new descriptors. We conclude that the Server-Intensive architecture is the most appropriate in the case 

of "thin" client devices such as PDAs and mobile phones, whereas the Client-Intensive architecture is 

the most suitable when ·'thick" clients such as desktops can be employed. The performance analysis 

presented in this chapter can also be parameterised to specific platforms and the approach outlined can 

be extended to other architectures such as server-less architectures and intelligent cameras (93, 94]. 
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Chapter 7: 

Conclusions and future work 

7 .1. Conclusions 

Despite the many proposed approaches during the last two decades, action recognition still 

encounters some practical obstacles of which some were targeted in this work. 

As a main contribution of thi s thesis, we have proposed two one-off methods for initialising the 

training of hidden Markov models (HMMs), in contrast to the usual approach of repeated, random 

initialisations. The two methods are based on a different rationale: in the time segmentation--based 

approach (proximity in time), each training sequence is divided into N segments of equal length. The 

mean values of the features of the training sequence in each segment are computed and averaged over 

corresponding segments across all the training sequences. Such averages are then used as the initi al 

centres. The underlying assumption is a linear progression of the human action, leaving the discovery 

of non-linearities to the subsequent HMM training phase. The histogram-based approach (proximity 

in feature space) is based on partitioning the marginal hi stogram of the observations and makes use of 

incremental histogram construction to mollify the issues associated with histograms in high-

dimensional spaces. Either approach is followed by a cluster dispatching step based on a heuristic 

feature sorting procedure. In addition, an empirical measure of divergence was proposed as an 

indicator of the quality of the initialisation. 

141 



The proposed deterministic approaches aim to achieve high recognition accuracy from a single 

model training, thus saving substantial learning time comp ared to multiple-starts methods. 

Experimental results with three significant video datasets, Weizmann, MuHAVi and Hollywood, 

showed that the proposed initialisations are capable of achievi ng 1 to3 per cent better accuracy than 

the average of six random initialisations and comparable to their best. The one-off methods have 

allowed us to decrease the training time by over 83% in thi s case, from approximately four days to 

sixteen hours (this figure is subject to vary with the various configurations used in the experiment). 

We also argue that the proposed approaches are general and can be usefully extended to sequential 

data of other nature and more complex, discrete latent-state models such as more general dynamic 

Bayesian networks and other graphical models in which the probability of observable random 

variables must be modelled conditional to di screte latent states. 

Another contribution of thi s thesis was the proposal of a computationally lightweight and fast-to-

extract feature set, named sectorial extreme points. The proposed feature set can be extracted in just 

1 .6 ms for each frame on an typical PC and consequently, it meets the requirements of real-time 

surveillance applications (as reference, we used the 25 frames per second of the PAL video rate). This 

feature set represents the five extreme points of the contour of the body's silhouette, usuall y 

associated with the top of the head and the extreme points of the limbs. However, the association is 

loose and not 'trictly required for successful action recognition . It has performed well in various 

validat]on experiments and obtained better classification accuracy compared to similar feature sets: 

3% and 7% better than the star skeleton [4] and projecti on histograms [25] , respectivel y. 

Another main issue in action recognition stems from the possible presence of unusual observations 

(outliers) which could significantl y affect the parameter estimation of HMMs with Gaussian 

emi ssions. The problem ari ses as the short tai ls of Gaussian distributions cannot easily cover the 

outliers in the observation data. The recommended alternative to the Gaussian is the Student' s t-

di stribution that benefits from longer tai ls and makes density modelling more robust in the presence of 

outliers. As another main contribution, we have utilised a mi xture of !-distributions (SMM) to model 

the observation probabilities in an HMM in li eu of the usual GMM for application to human action 

recognition in videos . We exploited the EM al gorithm to estimate the HMM-SMM parameters with a 
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maximum likelihood objective. The experiments conducted over the Weizmann and MuHAVi 

datasets have proved the effectiveness of using HMM-SMM for robustness density modelling, with 

accuracy improvements in the order of 8 to 9 per cent over the conventional GMMs. 

Finally, we have addressed a different aspect of practical action recognition, namely the 

importance of standardi sed interfaces for automated video analysis tasks in video surveillance 

applications. To this aim, we have suggested the exploitation of MPEG-7 which is the standard for 

multimedia content description. We have argued that the current MPEG-7 visual descriptors cannot 

satisfy the requirements of action recognition tasks, and consequently, new MPEG-7 descriptors are 

needed. Hence, as the last contribution, we have presented two novel MPEG-7 based architectures, 

namely Server-Intensive and Client-Intensive, alongside two new descriptors. Based on the evaluation 

with different platform scenarios, the Server-Intensive architecture was suggested for "thin" client 

devices, e.g. PDAs and mobile phones, whereas the Client-Intensive architecture can better benefit 

"thick" clients such as desktop computers. 

We believe that our contributions improve the state of the art of human action recognjtion systems 

towards their more practical utilisation. 

7 .2. Future work 

The targeted problems in tills thesis are not all the issues raised by "practical" action recognition 

systems. As discussed in chapter 2, changes in the illumination and individual appearance can 

influence considerably the recognition rate, and makes them a good target for future work. 

Furthermore, a real system is usually developed on the basis of multiple cameras which generally 

require more complicated feature sets compared to the simple ones that were proposed and exploited 

in this work. Hence, another suitable expansion of practical action recognition is the discovering of 

more suitable feature sets that can meet si multaneousl y the requirements of multiple camera 

environments and real-time video surveillance applications. 

Greater challenges lie ahead in the time segmentation of multiple actions and their composition 

into longer, more complex activities. Effectively recognising such activities will possibly require the 
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integration of Bayesian techniques with other paradigms such as symbolic reasoning. However, we 

believe that the contributions offered in thi s thesis will still be useful "building blocks" in such an 

extended scenario. 

Finally, while the proposed HMM initiali sation methods are applicable in generative models, 

similar issue still exists for discriminative models, such as hidden conditional random fields (HCRF). 

The training of HCRF suffers from the same problem of local maxima and resorts to similar 

initialisation heuristics. As future work, we wi sh to explore if techniques analogous to those proposed 

in thi s thesis can be devised for use with HCRF. 
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