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Abstract  

 

The development of ambient intelligence in the past decades calls for the smart 

environment that is able to respond to entities inside. The technology of context-

awareness is a promising solution to this mobile distributed computing, not only in small 

personal electronic devices, but also in robotic systems.  

A prototype of context-aware assistive robotic system is designed and implemented 

in this thesis on the purpose of providing assistive services to the seniors and people with 

disabilities. The issue of context reasoning is extensively reviewed and researched. The 

particle filtering algorithm is improved in terms of proactive particle sampling, fuzzy 

based velocity estimation, and active observation selection, for the basic tasks of robotic 

tracking and following. The Monte Carlo partially observable Markov decision process is 

enhanced in terms of belief state augmentation, value function computation based on 

direct sampling, and non-greedy action execution, for the task of path planning. 

Experimental results are carried out to validate the feasibility and effectiveness of the 

proposed solutions. The prototyped robotic system can be further implemented on other 

potential applications for the aim of advanced service provision.  
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Chapter    1  

 

Introduction 

 

1.1    Background 

With the development of mobile internet technology, the ambient intelligence in 

computing is becoming a hot research topic. There is a strong requirement that the 

environment with ambient intelligence be sensitive and responsive to the presence of 

entities inside, such as people, devices, sensors, central servers, etc. In this collaborating 

environment, all the devices are working together to support the users, to carry out 

necessary tasks for the users, and to provide required services in an automatic manner, 

using information and intelligence hidden and processed in the network that connects all 

the entities in the environment [1]. This is also conforming to the current trend of internet 

of things. 
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1.2    Concept of Context and Context-awareness 

Through the past few decades, the technology of context-awareness has offered 

considerably new opportunities for the end users and the developers in software 

applications. First introduced in [2], it has been widely utilized in the mobile distribution 

computing systems, e.g. notebook, PDA, smart phone.  

It is essential while difficult to organize a general concept of context. In some 

previous work, context was just referred to by enumerations of examples. For instance, in 

some research, context was defined as location, identity, time, users’ intention and 

emotion, etc. In other research, context was simply provided as synonyms: environment 

or situation which contained three main parts: computing environment, user environment 

and physical environment. To the best knowledge, the current most accurate and general 

definition is from Dey et al. in [3]: 

Context is any information that can be used to characterize the situation of 

entity where entity is a person, place or object considered relevant to the 

interaction between users and applications including users and applications 

themselves. 

The basic idea of this definition is that, as long as a piece of information can be 

used to characterize a situation, that information is context. For instance, in the area of 

medical care, the contexts can be users’ body signals such as electrocardiogram (ECG), 

electroencephalogram (EEG), and electromyography (EMG) that is detected by wearable 

sensors, users’ status and activities detected by camera or sonar sensors mounted on 

moving robot, or users’ intention estimated using probability theory. 
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In general, there are four primary types of context: location, identity, time and 

activity. These four contexts can be categorized as the basic contexts that can be further 

used and processed to obtain other contexts in higher level. For example, if a user is 

detected to be in the bedroom at midnight with the light off, it can be inferred that the 

user’s activity is sleeping. 

As for context-aware computing, previous definitions fall into two categories: using 

contexts and adapting to contexts. The first category focuses on detecting, sensing, 

interpreting and then displaying contexts. The second focuses on how the applications 

can dynamically change their behaviors to adapt to the sensed contexts. Again, Dey et al. 

[3] gives the definition of context-awareness: 

A system is context-aware if it uses context to provide the relevant 

information and/or services to the user, where relevancy depends on the 

user’s task. 

This definition is more general, including both “using contexts” and “adapting to 

contexts”, and is focusing more on the users, not just the applications. 

Overall, context-awareness means that the systems can use the necessary contexts 

from the surrounding environment to execute required tasks and to adjust their operations 

accordingly. The principle here is that, applications should be aware of the contexts and 

should adapt to the changes of contexts to provide “anytime, anywhere, anyone” 

computing service for the users, with all these processes vanishing into the application 

background to make the users and their tasks the central focus, without users’ explicit 

interventions [4]. 
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1.3    Context-aware System Design 

1.3.1    General Context-aware Systems 

For context-aware system design, one basic rule is the separation of detecting from using 

contexts. Under this rule, several frameworks have been proposed in previous research 

with different functional ranges, locations, naming of layers, etc. Framework technique 

has the advantage of simplifying the design of context-aware system since it can hide the 

low-level details of context-aware system and allow the developers to focus on the goals 

of the system. The properly designed framework can be also conveniently modified and 

extended in accordance with specific applications. To the best knowledge, the most 

common approach for context-aware system design in the previous research is the 

classical layered and centralized structure [4], presented in Fig. 1.1. 

 

Application 

Storage/Management 

Preprocessing 

Raw data retrieval 

Sensors 

 

Figure 1.1: The layered structure of context-aware system 
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Figure 1.2: The five-layer context-aware system architecture  

 

In order to realize the separation of detecting from using context to improve the 

system extensibility and reusability, the most commonly used method is the design of 

layered and centralized architecture. Ailisto et al. [5] proposed a five-layer context-aware 

system architecture, by adding the functions of context reasoning into the current context 

detecting and using. This layered architecture is shown in Fig. 1.2, in which each layer is 

illustrated with one typical object. Specifically, in the physical layer, physical or virtual 

sensor objects were responsible for detecting raw data from the surrounding environment. 
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These raw data were pre-processed in the data layer using signal processing techniques. 

Then the pre-processed data were modeled and converted into meaningful contexts in the 

semantic layer. In the following inference layer, the modeled contexts were reasoned for 

the decisions and policies making, using the pre-defined inference rules. In the end, these 

decisions and policies were fed into the application layer to be executed as services. 

There has been extensive research in the field of context-aware system design. 

Korpipää et al. [6] developed the architecture of the Context Managing Framework, a 

classical hierarchical infrastructure with one centralized component, using layered 

structure. It consisted of four parts: context manager, resource server, context recognition 

service and application. In general, the context manager functioned as a central server, 

while other entities as clients. Two main features in this framework were the utilization 

of blackboard-based mechanism in the context manager and the context ontology in 

resource server and recognition service. The blackboard mechanism, used for 

communication between entities, was a data-centric model, which processed the posted 

messages to a shared media (blackboard) and subscribed to it to be notified when some 

specified event occurred. It was therefore simple to add new context resource and easy to 

configure. 

Similarly, Service-Oriented Context-Aware Middleware (SOCAM) in [7] adopted a 

central server as well, called context interpreter, which collected context data from 

context providers in a distributed manner and processed it to applications, using the 

ontology mark-up language (OWL). The SOCAM architecture mainly consisted of 

Context Providers, Context Interpreter, Context Database, Service Location Service and 

Context-Aware Mobile Services. Context Providers were responsible for context 
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abstraction to separate the low-level sensing from the high-level manipulation. All the 

information from Context Provider was processed and interpreted, by Context Interpreter, 

into the form of OWL descriptions, and was stored in the Context Database for future 

retrieval. Context-aware mobile services were applications and services that consumed 

different level of contexts and adapted their behaviour. Service Locating Service was 

important for the interaction between different components in that different providers 

registered and advertised their services through it so that context interpreter or mobile 

services were able to locate a context provider and to obtain context. Context interpreter 

and mobile services were also able to register themselves to the Service Locating Service 

in order to be discovered and accessed by other context-aware systems. 

The Context Toolkit developed by Dey and Abowd [8], was another example of 

hierarchical framework but with peer-to-peer architecture using one centralized 

discoverer. The distributed sensor units, called widgets, which were sensor software 

wrappers or agents similar to the blackboard media in [6], had the ability to standardize 

the sensed context, to transform the information into a uniform representation, and to 

provide them to components or applications that consumed the context. One feature of 

widget was that it could hide the low-level sensing mechanism and details. Context 

Interpreter was responsible for context abstraction, i.e. transforming the valued context 

data (temperature) into semantic context (hot, cold, etc.). Moreover, it could fuse the 

contexts from multiple sources to develop more complex context representation. Context 

Aggregator was more specialized in collecting multiple context sources and in making 

decision about a single entity, e.g. person, place or object, thus facilitating the access of 

several contexts of a single entity. The Context Toolkit structure is illustrated in Fig. 1.3. 
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Figure 1.3: The structure of the Context Toolkit  
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applications can query and register for particular context information and higher-level 

context objects. Context File System used application-defined properties and 

environmental context to execute tasks that were otherwise performed manually with 

additional programming, facilitating the provision of services. It presented context as 

directories, in which the path was used to represent context types and values. 

One possible disadvantage of the centralized architecture is that the system may be 

over-dependent on the central context agent, creating a “bottle neck” in large applications. 

In order to overcome this limitation, Chen et al. [11] developed Context Broker 

Architecture (CoBrA) by adopting a fault-tolerance design. This architecture also adopted 

the idea of central intelligent context broker for maintaining and managing the contexts. 

However, in order to be fault-tolerant, a group of brokers, instead of a single broker, was 

created as a broker federation. The federation managed a shared contextual model for the 

community of agents that were corresponding to different applications, e.g. mobile 

wearable devices, services for auxiliary contexts, or web services for the presence of 

users. These brokers were responsible for each part of space and were able to exchange 

contexts between each other. Each broker consisted of four functional components: the 

Context Knowledge Base, the Context Inference Engine, the Context Acquisition Module 

and the Privacy Management Module. 

1.3.2    Robotic Context-aware Systems 

In addition to the area of mobile distribution computing, in the past decades the interests 

of context-aware research is increasingly falling into the robotic control of the intelligent 

assistive applications. This idea of context-aware robotic system conforms to the trend of 
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intelligent robots, particularly in the highlighted assistive applications. Lacey and 

MacNamara [12] developed a context-aware shared control of robot with mobility aid for 

the elderly blind. This proposed control solution used the Bayesian network to provide 

context-aware shared control. The main approach was the combination of Bayesian 

network and user input with high-level contexts to infer an estimate of user’s navigation 

goal. In [13], Khan et al. researched on context-aware navigation using sensor association 

rules. Specifically, data mining methodology was adopted for retrieving significant 

frequent patterns and was extended to facilitate robots to learn and navigate on unknown 

terrain in a natural way. Röning et al. [14] designed an agent-based architecture for 

context-aware service management. This architecture was implemented on a personal 

tele-operated robot, in the application of intelligent home assistance and remote 

monitoring of the aged. In other cases, robot with the ability of following people is 

required in assistive service provision application. Yuan et al. [15] developed context-

aware human-like following behavior for domestic robot by adopting three basic 

following behaviors: path-following, direction-following and parallel-following. Apart 

from the industrial robot, context-aware robot can be considered as service robot to 

provide intelligent service. Hong et al. [16] introduced the context-awareness for a 

network-based service robot by implementing the Context-Aware Middleware for URC 

Systems (CAMUS) [17, 18], based on which different types of service robots could be 

designed. Applications included robot greeting, home monitoring, personal aid, and 

human-following, etc. 
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Figure 1.4: The conceptual structure of the layered and centralized context-aware robotic system 
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sensors such as camera, sonar, laser, or from other remote sensors (e.g. body signal 

sensor) that detect user and environment conditions. These raw data are processed in the 

central agent layer where signal processing components are adopted. The processed data 

are also modeled and converted into high-level contexts, and then corresponding 

decisions are made based on reasoning rules. Finally, these decisions are fed into the 

application layer for task execution and service provision. 

1.3.3    Requirements of Context-aware Robotic System 

In order to develop the context-aware robotic system, its relationship with traditional 

context-aware system should be highlighted. Many of the previous context-aware 

research is in the field of mobile computing application, and there are several distinctive 

properties and requirements in the context-aware robotic system. 

1. The previous context-aware mobile systems are concerned with various types of 

information, or contexts. These contexts include locations, time, user identities, 

environment, etc. However, although the context-aware assistive robotic system still 

takes the above contexts into consideration for the execution of the normal tasks, it also 

focuses more on the users and is more specialized in user contexts, e.g. ECG signal, 

blood pressure, heart pulse, etc. The context-aware assistive robot can be considered as a 

traditional context-aware system that is more user- and assistance-oriented. 

2. Since the context-aware robotic system is more interested in assistive 

applications, it can focus on fewer types of contexts than in traditional context-aware 

mobile systems. Therefore, sensor fusion technique, which is required in case of large 

amount of sensor information, is not so necessary in context-aware robotic system, 
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making the whole system more concise and with better real-time quality, fulfilling fast-

response requirement in the assistive applications. 

3. A large portion of previous context-aware systems mainly has the function of 

displaying contexts, since the primary objective is to present the information that is 

possibly required by users. Thus, the users often need to complete the final tasks by 

themselves in the physical world. Since the context-aware robot is with the task-

execution ability, it can execute the tasks required by users, especially when users’ 

abilities are not powerful enough or even are not available. This task-execution ability 

also conforms to not only “using contexts”, but also “adapting to, or changing contexts”. 

These requirements can be considered as the guidelines when designing the 

context-aware robotic system for assistive purpose, i.e. selecting the user related contexts 

and providing physical services for the users. All these will be reflected in the contexts 

that are researched and implemented in the later chapters of this thesis. 

1.3.4    Design of Context-aware Robotic System 

Considering the general features and requirements mentioned in the above sections, the 

general context-aware robotic system design with the layered and centralized architecture 

is shown in Fig. 1.5, based on the structure of Context Toolkit [8]. 

Local sensors contain sonar, camera, laser, etc., whose data can be directly accessed 

by middleware infrastructure. Remote sensors can detect the body signals from the target 

people, e.g. ECG, EEG, for monitoring purpose, as well as the auxiliary signals, e.g. light, 

humidity, thermal condition of remote areas. The direct human input can be sensed 

through a properly designed GUI. This input is used as the original system status, e.g. the 



 14 

intention of user, or in some emergent situation, e.g. emergency stop. All of these signals 

are collected by software widgets, which consist of the necessary drivers and programs 

dedicated to the corresponding sensors. 

The interpreter has the function of context processing to enhance the quality of the 

raw data, and inferring high-level context based on the data and making corresponding 

decisions. This component implements the techniques including signal filtering, context 

modeling, context reasoning, decision making, etc. The Context History & Storage 

component is acting as a database which is responsible for storing previous contexts. 

Therefore, the contexts can be fast accessed and retrieved in case of estimating user 

preferences and providing proactive personalized services. This component can be 

implemented based on universal database or other specific software, depending on the 

application requirements. The central component, aggregator, regulates all the necessary 

components and executes the required tasks on the mobile robot platform for applications 

of target tracking, object localization, auto-navigation, etc. As one example, the 

implementation of the visual tracking and position monitoring can be designed with the 

utilization of local sensor, middleware widget, interpreter of tracking and locating 

algorithm, aggregator of robot OS, context history of the past states of target, and 

corresponding applications. 

Since the robotic system is user service oriented, the context-aware robotic system 

places more focus on the user contexts, which by nature are difficult to reliably collect 

due to its different features, domains, and requirements. Therefore, most research work in 

the current literature only focuses on a specific domain of contexts, which however 

requires some extra adjustment before being implemented on other domains. The 
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Figure 1.5: The context-aware robotic system design with the layered and centralized architecture 
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additional applications can be added with comparatively little effort. While in most 

current literature, the system is usually designed with respect to only a single application. 

Overall, the proposed system structure provides a general guideline the design of 

context-aware robotic system. All the advantages are aligned with the requirements of the 

context-aware robotic system, which is elaborated in the previous section. 

 

1.4    Research of Context-awareness 

In the broad research area of context-awareness, a lot of investigation focuses on the 

approaches to the context data representation and context inference, namely, the context 

modeling and context reasoning. 

Context modeling, which is related to the topic of knowledge representation, is 

required because, in the context-aware environment, all the involved entities are 

interconnected together in some way and there is a large amount of context information 

exchanged among them in a real-time manner at the background. Unfortunately, all the 

contexts are collected from various sources that often bear different and incompatible 

features with each other. Moreover, due to the vast complexity of the context-aware 

applications, there are various requirements as to how the context information be 

represented. Therefore, there should be a universal and formal scheme in which all the 

sensor information collected from the surrounding environment and consumed by 

applications can be represented as a general form that is understandable by all the 

involved lower and upper entities. A good context modeling scheme has the advantage of 
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reducing the context-aware system complexity and improving the system maintainability 

and evolvability, thus making the context information easy to reuse and share. 

There has been extensive research in the context modeling. The approaches of 

modeling differ, in terms of the ease of usability by the applications, the expressive 

power of environmental information, the support to the system construction, the 

scalability of future management, etc. However, since this thesis mainly focuses on the 

issue of context reasoning, only a brief review of context modeling is provided. Early 

modeling approaches include the key-value and markup models. The key-value models 

use the simple key-value pair to describe the corresponding entity-attribute pair in the 

context-aware environment, while the markup models use more formal markup languages 

to perform this task, such as XML, the CC/PP standard [19]. Although these models are 

easy to use, they have limited capabilities to cover a variety of contexts and to represent 

the sophisticated relationship, timeliness and quality of contexts. Domain-focused 

modeling represents the various types of contexts by their application domains, such as 

Who, What, Where and When, the so called W4 model [20]. All contexts are then 

grouped and managed according to their different domains. Although this model works 

well in some domain-specific context-aware applications, it inevitably lacks the property 

of generality and cannot be utilized in other non-domain-specific scenarios.  

More advanced context modeling approaches include the object-role based models, 

spatial models and ontology-based models.  The object-role based models have their 

roots in database techniques and focus on the Context Modeling Language (CML) [21]. 

The CML provides a graphical notation to satisfy the requirements of context-aware 

system. The main strengths of CML are the capabilities of capturing the different classes 
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and sources of contexts, representing the imperfect contexts, and storing the 

dependencies and histories of certain contexts. However, since all the contexts in CML 

are represented in a flat style, the hierarchical structure, in which one domain of contexts 

is higher than another, cannot be well supported. The fundamental of spatial models lies 

in the fact that space is an important context in many applications and the contexts in this 

model are organized by their physical locations which can either be a geometric 

coordinate such as a GPS data or a symbolic coordinate such as a room number. The 

spatial models can also have hierarchical structure by using different semantic levels [22]. 

Although the location-based modeling provides many benefits to location-based and even 

non-location-based applications, one possible weakness is that it takes effort for the 

applications to collect reliable location information and keep it up to date. Ontology-

based models treat the contexts as a specific type of knowledge and ontology, a type of 

description logic [23], is used to model the contexts and their relationships. The basic 

formalism of ontology-based model is OWL-DL [24], in which classes, individuals, 

characteristics and relations can be modeled. It has been adopted by several context-

aware architectures, such as the SOCAM [7], GAIA [10] and CoBrA [11], mentioned in 

section 1.3.1. The OWL-DL indeed has a strong expressive power. However, it still has 

trade-offs. In some cases, the OWL-DL has the efficiency problem and therefore the real-

time quality of the system cannot be always guaranteed. 

On the other hand, the importance of context reasoning lies in the fact that, in many 

cases, the raw data directly collected from the sensors are basic and trivial, and are 

vulnerable to small disturbance. Moreover, they are normally so atomic that each of these 

contexts only provides a single piece of information that is usually too limited and too 
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specific to be efficiently utilized by the applications. For the example of location-

awareness, the position data provided by the GPS device are in the form of grid, which 

are hardly meaningful to human users. Therefore, context reasoning or interpretation is 

required to abstract the high-level contexts from low-level ones. These high-level 

contexts are often called the situational contexts, or simply situations [25]. In the above 

example of location-awareness, a simple reasoning procedure can translate the grid 

number into a name of street in the case of outdoor location, or into a room number in the 

case of indoor location, where the construction of a mapping between grid numbers and 

names are required. Moreover, the initially reasoned context of location can be combined 

with other contexts to infer more advanced contexts by other reasoning techniques. For 

instance, after combining the location context of the user with the user’s identity, 

schedule or preference, it can be inferred if the user is at the right location at the right 

time. 

The topic of context reasoning, as an important research area of context-awareness, 

has been extensively investigated. In [26], the context reasoning techniques were 

surveyed along with context modeling, and the context reasoning were reviewed 

according to three main types, namely the object-role based context, space based context, 

and ontology based context. A more concurrent work is presented in [25], where the 

context reasoning was researched according to two streams, the specification-based 

techniques and the learning-based techniques. In this thesis, the context reasoning 

algorithms are reviewed with a newly proposed taxonomy. Specifically, the context 

reasoning is categorized into the non-probability-based reasoning and the probability-

based reasoning, along with the argument and analysis as to why and how the 
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probability-based techniques are chosen as the main context reasoning in this thesis. 

More details will be presented in Chapter 2 as the literature review on the topic of context 

reasoning. 

 

1.5    Contributions of the Thesis 

The main contributions of this thesis include: 

1. A new layered and centralized structure of robotic context-aware system is 

designed based on the discussion of the state-of-art research on general context-aware 

systems. The robotic context-aware system has centralized components of widgets, 

interpreters, aggregators and applications, which are structured in the layers of context 

acquisition, context processing and reasoning, and application. The designed structure 

can be implemented in many assistance-oriented applications, e.g., to provide support to 

elder people with moving disability, to tracking and monitor patient’s state and location. 

[89] K. Wang and X. P. Liu, “Visual object tracking based on filtering methods,” in 

Proc. Instrumentation and Measurement Technology Conference (I2MTC), 

Hangzhou, China, May 2011, pp. 1–6. 

         2. The context reasoning techniques are extensively researched based on a new 

taxonomy proposed in this thesis. This new taxonomy classifies the reasoning techniques 

according to the theory base of the techniques which are either probability-based or non-

probability-based.  
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3. A novel probability-based technique of proactive particle sampling is developed. 

This technique is based on the methods of adaptive multiple system state transition model 

and the fuzzy-logic-based velocity estimation to update the proposal distribution of the 

particle filter. The model transition matrix is updated in a way that model with higher 

potential is assigned with a higher transition probability. Meanwhile, each transition 

model is adjusted by the fuzzy-logic based velocity estimation to keep track of the most 

recent changes in target motion. 

[107] K. Wang and X. P. Liu, “Particle Filtering Enhanced Human Tracking on 

Context-Aware Robotic System,” Proc. Int’l Symp. Haptic Audio-Visual Environ. 

Games, Oct. 2013, pp. 92-97. 

[108] K. Wang and X. P. Liu, “Particle Filtering-based tracking and localization on 

context-aware robotic system,” Proc. Int’l Conf. Computer Science & Education, 

Vancouver, BC, 2014, pp. 229-234.  

4. The active system observation approach is developed. In this approach, instead of 

treating all the system observations equal, each system observation is evaluated and only 

those with higher quality are incorporated into the final system belief. Therefore, the 

system can actively select the observations to strengthen the belief and to reduce the 

effects of uncertainties. Entropy is adopted as the metric to evaluate each system 

observation. 

[109] K. Wang and X. P. Liu, “Adaptive multi-model and entropy-based 

localization on context-aware robotic system,” IEEE Int’l Conf. Systems, Man, and 

Cybernetics (SMC), San Diego, CA, 2014, pp. 3755-3760. 



 22 

5. An enhanced version of path planning algorithm is proposed based on the Monte 

Carlo partially observable Markov decision process, namely the MC-POMDP. 

Specifically, the belief state space, or particle set, is augmented by incorporating the 

index of entropy, which is further integrated into the Monte Carlo computation of the 

value function to alleviate the negative impact of the uncertainties in the belief space. The 

value function is represented by expectation of the distances between the particles that 

are directly sampled from the query set and the reference sets. The values of each action 

are represented as weight, which guides the selection of the corresponding action for next 

update cycle. 

 

1.6    Thesis Outline 

In this introduction of Chapter 1, the background of the study, the concept of 

context and context-awareness, the review of context-aware systems, and the main 

research issues in context-awareness are discussed. Chapter 1 also provides the objectives 

and outline of the thesis, as well as the main contributions. 

The literature review is presented Chapter 2, focusing on the main topic of the 

context reasoning techniques. Several taxonomies of review of context reasoning are 

presented, along with a newly proposed taxonomy, namely probability-based reasoning 

and non-probability-based reasoning. An extensive amount of reasoning techniques are 

reviewed and analyzed pertaining to this taxonomy. Chapter 2 also provides the reason 

why probability-based approaches are selected as the main context reasoning techniques 
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for the probabilistic robotic system, as well as the scheme of reasoning for the 

implementation of context-aware assistive robotic system in the following chapters. 

The two main parts of the probability-based particle filter reasoning approaches are 

the system dynamics and system observations. The issue of system dynamics is 

investigated in Chapter 3 in which a new dynamics model is proposed to closely track the 

system state transition. The system observation is researched in Chapter 4 to deal with the 

issue of observation noise and how to accommodate the system to alleviate the effects of 

the uncertainties. 

Chapter 5 reviews the Markov Decision Processing (MDP) and the partially 

observable MDP, and presents and illustrates the enhanced version of Monte Carlo 

POMDP for the implementation of assistive robotic system. The enhancements come 

from the augmentation of the belief state space, value function computation, and non-

greedy action selection. 

Chapter 6 firstly presents and compares the performance of the standard particle 

filtering and the proposed particle filtering in the experiments of human tracking and self-

localizing. Then the results of the traditional MC-POMDP and the proposed MC-

PPOMDP in the experiments of autonomous path planning are illustrated, along with the 

performance analysis to prove and validate the feasibility and effectiveness of the 

proposed algorithms. 

Chapter 7 concludes this thesis and summarizes the future works. 
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Chapter    2  

 

Context Reasoning and Inference 

 

As one of the main topic of context-awareness, the methodology of context reasoning has 

been extensively investigated in the past decades. Tremendous techniques of context 

reasoning were developed with different technical bases, and have been widely 

implemented in various scenarios. Therefore, at this point of view, the work of the review 

of most, if not all, of these techniques is a matter of necessity. This issue is covered in 

this chapter. First, the literature review of other researchers is briefly introduced. Then 

the review is performed based on a newly proposed criterion, which classifies the 

reasoning techniques into the two categories of probability-based and non-probability-

based. At the end of the chapter, the reason why the probability-based reasoning 

techniques are selected for the implementations later in the thesis is provided, along with 

the basic scheme of context reasoning that is adopted. 
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2.1    Related Work of Context Reasoning Techniques Review 

Bettini et al. in [26] surveyed the context reasoning techniques in conjunction with 

different context modeling methods. Specifically, the authors classified the reasoning 

techniques into three categories, namely, the object-role based, the spatial model based 

and the ontology based. The object-role modeling originates from the roots in database 

modeling techniques and supports for reasoning in the forms of assertion evaluation and 

database-like queries. The spatial model based reasoning focuses on the important 

context of space in many context-aware applications. It allows the reasoning about the 

context of location and spatial relationships of objects in the form of three typical queries, 

which are position, range, nearest neighbor. Besides, the spatial model can facilitate the 

partition of large amount of context information along the spatial dimension. For the 

ontology based reasoning, the benefit lies in that it is possible to automatically derive 

new knowledge using the pre-defined classes and properties, and that it is able to detect 

inconsistencies in the context information as well, which is crucial in the ontology 

definition. Overall, it is a fact that the performance of reasoning algorithms are affected 

by the choice of context modeling method. Therefore, the advantage of this survey 

methodology is that it relates the context reasoning to modeling as a single research topic 

and that it provides guidance regarding how to develop context reasoning algorithms 

depending on different modeling methods that are adopted in the system design. 

In [25], the context reasoning techniques were reviewed according to two 

mainstreams, which are specification-based and learning-based. The former was 

developed and implemented in the early stages of context reasoning with few sensors that 

provided easy-to-interpret data information. The main reasoning approach was to design 
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proper reasoning engines to infer required context from sensor input, using expert 

knowledge in logic rules. The logic reasoning belongs to this category, as well as the 

more advanced ontological reasoning. When taking the issue of uncertainty into 

consideration with more sensors deployed, the probabilistic approaches were 

incorporated. The main feature is to associate the level of certainty with the 

corresponding inferred context to deal with the imprecision and incompleteness of sensor 

data, as well as their unequal contribution to reasoning the required context. However, 

with the boot of sensor deployment, the expert knowledge used in the specification-based 

approaches became less feasible. Therefore, more research focused on the incorporation 

of machine learning and data mining techniques into context reasoning. The Bayesian 

derivative models, including the naïve Bayes, Bayesian networks, HMM, etc., are in this 

category, as well as the grammar-based approaches, such as context free grammars. 

Furthermore, in order to deal with the requirement of large amount of precious training 

data, the data mining techniques are applied to uncover the relationships between data 

and contexts. These techniques include suffix-tree, Jeffrey divergence, etc. Overall, in 

addition to surveying the traditional reasoning methods, this review method also covers 

the topic of how to integrate machine-learning algorithms into context reasoning, which 

has a strong potential in the future development of context-awareness. 

A similar survey is conducted in [27], where the reasoning techniques were 

reviewed in the categories of ontological reasoning, rule-based reasoning, and distributed 

reasoning. The key techniques in this review were those that employed Semantic Web-

based representations, due to the efficient and strong capability of context description, 

sharing and reuse. Moreover, the survey also pointed out that the advantages of 
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distributed reasoning were better control, fast design and easy maintenance. The 

alternative techniques, including learning, offline reasoning and probabilistic reasoning, 

were also investigated. There are also other surveys in the context reasoning, in which the 

reasoning techniques were divided into case-based, logic-based, ontology-based and 

probability-based. 

Recently, more attention has been attracted to the issue of uncertainty in context 

information. It is a fact that the context information inevitably contains different types of 

uncertainties, due to the nature of sensor imperfection, information incompleteness, 

ambiguity, etc. Even though the contexts were precise, there still exist other issues 

including fast-changing and redundant information from multiple sources, which 

profoundly affects the usability of contexts. Therefore, the theory of probability has been 

implemented to cope with the issue of uncertainty and there has been a great body of 

work in this area. In the following sections, the criterion of non-probability-based and 

probability-based is used for the context reasoning techniques review. 

 

2.2    Non-probability Based Context Reasoning 

At the traditional and early stages of context-awareness, the services that many context-

aware systems provide are based on one common rule: different services are according to 

different contexts collected. Normally the contexts that are considered in these scenarios 

are atomic and independent. Taking the objective contexts (environmental contexts) as an 

example, these contexts, including time, temperature, light condition, etc., are usually a 

single unit in the system, which is stable without fast change. The detection and 



 28 

collection of these simple context units is usually accurate and reliable, which is able to 

satisfy the requirements of the context-aware system. Under this principle, some 

mainstreams of context reasoning techniques are reviewed in this section, including rule-

based reasoning, ontology-based reasoning, etc. 

 

Logical rules 

The logical rule based approach is one of the basic context reasoning method, with the 

key underlying assumption that knowledge or context is discrete and thus can be 

modularized. It provides a formal model for context reasoning. The objective of the logic 

rule is to represent logical specification of context, to check the consistency of contexts in 

the rule base, and to expand the intelligence of the system by incorporating more context 

data. The main reasoning process here is to collect sensor data and then, based on the 

predefined rule base, to infer new context by simple logical formulae. The newly inferred 

context can be further utilized for reasoning at the next level [28][29]. In [28], the author 

introduced how to define the status of the person by collecting several necessary contexts, 

specified in the following rule. 

Occupied(person): 

  ∃t1,t2,activity ● engaged_in [person,activity,t1,t2] ● 

  (t1≤timenow()∧ (timenow()≤t2 ∨ isnull(t2)) ∨ 

  (t1≤timenow()∨ isnull(t1) ∧ timenow() ≤ t2) ∧ 

  (activity = “in meeting” ∨ activity = “taking call”) 
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In the above example, the status “Occupied” is inferred if the person is detected as 

“in meeting” or “taking call” in the time interval (t1, t2) specified by the timenow() 

function, on the basis of the temporal “engaged_in” fact type/relation. Based on this 

basic rule reasoning, more advanced work has been performed [30][31][32]. The authors 

in [30] extended the logical rule reasoning to multi-level. The following example shows 

how the situation of “in_meeting_now” is inferred. 

if in_meeting_now(E) then 

with_someone_now(E), 

has_entry_for_meeting_in_diary(E). 

if with_someone_now(E) then 

location*(E, L), people_in_room*(L, N), N>1. 

if has_entry_for_meeting_in_diary(E) then 

current_time*(T1), 

diary*(E, ‘meeting’, entry(StartTime, Duration)), 

 within_interval(T1, StartTime, Duration). 

Specifically, the “in_meeting_now” status is defined upon two conditions or sub-

status, which are “with_someone_now” and “has_entry_for_meeting_in_diary”. Each 

of these conditions has its own reasoning rules depending on the ultimate sensor data. In 

this way, the sensor data can be converted into more abstract and meaningful contexts. 

Furthermore, the whole reasoning process can be modularized and decoupled into several 

phases in different levels, which can facilitate the development of easy-to-amend and 

easy-to-maintain system. The inferred sub-status from the middle levels can also be re-

used for multi high-level contexts inference. 
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The idea of multi-level context reasoning was also implemented in the situation 

theory [33], where an intermediate level micro situation was introduced between infons 

and situations. Generally, the infon represents the discrete unit of information for a single 

unity and the situation consists of several infons. With the introduced intermediate micro 

situations, the hierarchical aggregation and reuse of information is realized, where the 

infons can be initially processed into micro situations which are then further reasoned to 

create the required high-level situation of users. 

Although the rule-based context reasoning has been widespread utilized in many 

context-aware systems, it lacks the ability to deal with the contexts that are ambiguous, 

uncertain and fast changing. Therefore, it is common to implement the rule-based 

reasoning along with other necessary mechanisms. 

 

Temporal-spatial logic 

In many scenarios, the time and location information is so essential to context reasoning 

that very little can be inferred without the knowledge of where and when the targeted 

context occurs. Therefore, tremendous research on time-spatial reasoning has been 

carried out. In [34], the status of the user was reasoned by the introduction of the 

temporal operators ANDlater and ANDsim in Even-Condition_Action rules. The 

ANDlater operator relates two events that are happening consecutively, while ANDsim is 

for concurrent events. One reasoning example is show below. 

IF  at_kitchen_on  ANDlater  tdRK_on  ANDlater  no_movement_detected 

THEN  assume the occupant has fainted 
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where the event of at_kitchen_on represents that the user is at the kitchen,  tdRK_on 

that the user is passing through the door between kitchen and reception area, and the 

event no_movement_detected that no movements of user is detected. With the two 

temporal operators, the three events are related sequentially and the corresponding 

context can be specified as “the user has fainted”. 

More advanced temporal relations were developed in [35] by the adoption of 

Allen’s temporal logic [36] and the point algebra [37]. The Allen’s temporal logic dealt 

with time intervals instead of time points. Specifically, thirteen atomic temporal relations 

between time intervals were introduced as in Fig. 2.1.  

These relations can be used to describe how one event is related to another. For 

instance, if the door is opened (I1) before the user enters the room (I2) and the presence 

sensor is triggered (I3) during the user stays in the room, we can have the following event 

relations: I1 < I2  and I2 di I3, which can further infer that  I1 <  I3, meaning the door is 

opened before the sensor is triggered. On the other hand, the point algebra uses time point 

to describe event relationships in a similar way, to deal with some scenarios where the 

time interval logic is intractable. 

In terms of spatial reasoning, there are a number of calculi, including topology, 

where the Region Connection Calculus (RCC) is used to describe the spatial relationships 

between different regions, as well as the spatial arrangements in each region. For 

example, the binary predicate C(x,y) indicates whether two regions or objects x and y are 

connect or not [38], and TPP(x,y) indicates x is tangential proper part of y [39]. Based on 

these binary predicates, one simple reasoning rule can be realized as below. 
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Relations Illustration Interpretation 

I1 <  I2 

I1 > I2 

     I1  ---------- 

                      ---------- I2 

I1 before I2 

I2 after I1 

I1 m  I2 

I1 mi I2 

      I1  ---------- 

                 ---------- I2 

I1 meet I2 

I2 met by I1 

I1 o  I2 

I1 oi I2 

         I1  ---------- 

              ---------- I2 

I1 overlap I2 

I2  overlapped by I1 

I1 s  I2 

I1 si I2 

        I1  ---------- 

     ----------------- I2 

I1 start I2 

I2  started by I1 

I1 d  I2 

I1 di I2 

              I1  ---------- 

            ----------------- I2 

I1 during I2 

I2  started by I1 

I1 f  I2 

I1 fi I2 

                I1  ---------- 

           ----------------- I2 

I1 finish I2 

I2  finished by I1 

I1 = I2              I1  ---------- 

      ---------- I2 

I1 equal I2 

 
 

Figure 2.1: Thirteen atomic temporal relations 

 

NTPP(chair, light-cone) ∧ TPP(light-cone, living room) → NTPP(chair, living room) 

where NTPP means “not tangential proper part of”. 

The reliable spatial reasoning also depends on the context of distances and sizes of 

object. For instance, in a smart home environment, it may be required to provide 

direction to the elderly to get to the nearest seat. In [40] a simple distance metric such as 

far or close was used to provide distance information. And the delta calculus was 

implemented to describe the scale information between two objects, which introduced a 

triadic relation x(>,d)y indicating that x is larger than y by an amount d. For example, 

daylight(>,1.2)light-cone indicates that daylight is stronger than the light from light-cone. 

This reasoning is important to the systems that are expected to adapt the light of light-

cone accordingly.   
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The temporal logic can also be extended into the spatial reasoning. In [41], the 

Allen’s temporal logic was generalized to reason the spatial arrangement in a region by 

describing the order of object along a certain dimension. For instance, based on the 

relation of I1 < I2, it is then possible to infer the similar relationships that object I1 is 

behind object  I2, or  object I1 is inside (or on top of) object I2  if I1 d I2.  

 

Ontology 

The advantage of ontology lies in its expressive ability to specify and represent the 

domain knowledge into well-structured terminology, providing a formal way to make 

them understandable, sharable and reusable. The theory of ontology is similar to the 

object-oriented concept in that it defines classes, individuals, attribute properties and 

object properties. For instance, two domain concepts “dining room” and “eating activity 

space” are related by the “is-a” property [42]. The properly built ontological models can 

be integrated into different types of reasoners to derive new knowledge from the low-

level sensor data. In [43], the following simple forward-chaining reasoning rule was 

deployed to infer the user’s status. 

(?user rdf:type socam:Person), 

(?user, socam:locatedIn, socam:Bedroom), 

(?user, socam:hasPosture, ‘LIEDOWN’), 

(socam:Bedroom, socam:lightLevel, ‘LOW’), 

(socam:Bedroom, socam:doorStatus, ‘CLOSED’) 

-> (?user socam:status ‘SLEEPING’) 
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As shown above, the sensor data of location, posture, light level and door status 

were ontologically modeled, and the status of the user was inferred as “SLEEPING”. 

However, one possible drawback of this reasoning is that, with the same sensor data, the 

user’s status may be “READING” instead of “SLEEPING”. Apparently the above method 

of forward-chaining rule is unable to handle this type of ambiguity. Fortunately, the 

ontology can be used to deal with this issue by validating the results inferred from 

reasoning techniques. In [44], a similar case was researched in a smart home environment, 

where “RestRoom” and “LivingRoom” were the subclasses of “Room” with the property 

of “hasArtifact.Sink” and not “hasArtifact.WaterFixture”, respectively, while “Sink” 

was a subclass of “WaterFixture”.  The user activity of “BrushingTeeth” was a subclass 

of “PersonalActivity” which was only possible in a location with “Sink”. This pre-

defined knowledge can be ontologically shown as below.  

RestRoom ⊂ Room ∩ ∃hasArtifact.Sink 

LivingRoom ⊂ Room ∩ ¬ ∃hasArtifact.WaterFixture 

BrushingTeeth ⊂ PersonalActivity ∩ ∀performedIn.(∃hasArtifact.Sink) 

Based on these ontological definitions, the user’s location that is inferred from 

other reasoning techniques can be further validated. For example, if the user’s activity is 

determined as “BrushingTeeth” and the possible detected locations are “RestRoom” and 

“LivingRoom”, the above ontological definitions can be used to validate the two 

locations, which will probably filter out “LivingRoom” and keep “RestRoom”. 

Another significant usage of ontology is to detect the inconsistencies in the contexts 

[45]. In the structure of class hierarchy, the ontological reasoner can check if a class is a 
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subclass of tow disjoint classes, or if two classes are contradictory to each other, e.g. a car 

cannot be driven by two people at the same time, or a person cannot be two disjoint 

places at the same time. Ontology can also serve as the sematic base for some 

knowledge-centric software, as in [46], where the central layers of the system is 

constructed by using ontology to provide a homogeneous representation of heterogeneous 

data, thus facilitating the context interoperability and automatic high-level reasoning. 

One main benefit of ontological reasoning is that it is well integrated with the 

ontology models that have been widely utilized in context representation, with low 

computational burden. However, the benefit comes with trade-off. As in rule-based 

reasoning, one weakness of ontology is that a pre-constructed knowledge base is 

expected, which requires a considerable amount of knowledge engineering effort and is 

difficult to update once designed. Besides, it can only deal well with simple ambiguity. 

When complexity grows, the ontological validation is not powerful enough to filter out 

all the invalid inferred results. A possible treatment to these issues is to leverage the 

strong representation capability of ontology and then to incorporate with other reasoning 

techniques, instead of only using ontology itself as a standalone solution. 

 

Contextual graph 

Another modeling approach based context reasoning is the contextual graph, which is the 

directed acyclic graph to represent the necessary actions to perform in accordance with 

the contexts. In the graph, the action nodes denote the actions to achieve the required 

objective and the context nodes describe the possible contextual issues of a given event. 
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The main advantages of contextual graph is that, it allows for a clearer representation of 

multiple contexts and considers the context dynamics. Therefore, it is able to deal with 

contexts with large structure in industrial implementations. In [47], the contextual graph 

based reasoning was used in the application of subway line control, where there was a 

great amount of actions to deal with multiple objectives, in comparison with the 

traditional decision tree based reasoning. The author pointed out that, compared with a 

decision tree, the adoption of the contextual graph was beneficial not only to the 

graphical simplification, but also to the ability of self-evolution to accurately represent 

the dynamics of context reasoning. It was also demonstrated that the contextual graph can 

deal with the issue of parallel sequences of actions, which is on the other hand another 

concern in the decision tree models. 

The objective of contextual graph is to solve the issue of the mutual relationships 

among contexts, which is caused by the context mobility. One character of context 

mobility is that sometimes only part of the context changes. For example, taking the 

whole room as a single context, the context of people’s activities in the room may change 

fast, while the context of temperature only exhibits small fluctuation and the context of 

room location remain static. In [48], this issue of context partial change was researched. 

Specifically, the changing part of contexts was grouped as the dynamic context and the 

static part as shared context. The exemplar structure of contextual graph is shown in Fig. 

2.2, where the round and rectangles shapes denote the action nodes and the context nodes, 

respectively. The shared contexts are described in the grey rectangles that are connected 

to the action nodes by dotted lines.  
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Figure 2.2: Context framework based on contextual graph 

The basic process of reasoning is to determine a path from a start node to an end 

node and this path is corresponding to the specific way for problem solving. If an action 

is linked to the context that has been detected, then this action will be executed and 

generates a new successive context, and another possibly action linked to this new 

context will be carried out. This process continues until the final goal is achieved or the 

required level of context is inferred. The whole graph is also updated once there is new 

context or action detected.  

Other related research works include [49] where the contextual graph was used for 

modeling the agent activity in the agent-based context-aware system, and [50] which 

described the implementation of contextual graph in decision support system in order to 

solve the common user interaction problems of irrelevancy and redundancy. 
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2.3    Probability Based Context Reasoning 

The non-probability based techniques have constructed a valid base for context reasoning. 

They are feasible in many simple implementations where only low-level or raw contexts 

are considered. However, when it comes to high-level contexts, especially where the user 

subjectivity (personal context) is related, more advanced usage of context reasoning is 

required. The most distinguished character of user subjectivity is that this context cannot 

be detected by sensors in a direct way. For example, the motion sensor can accurately 

detect that a person is walking through the hall way and even detect what object this 

person is possibly holding, but it can hardly detect where the destination is. Moreover, in 

many cases, only detecting the person’s movement is far from enough to generate the 

meaningful contexts for the system. Hence, in order to make decisions in an intelligent 

way, the system usually is more interested in high-level contexts, such as where the 

person is headed, or what task this person may be performing. Unfortunately, these 

contexts cannot be detected by sensor devices with full certainty. In other words, there is 

no single solid high-level context that can be reliably detected. For instance, with rule-

based reasoning techniques, there can be many possible destinations the person is headed 

to, which is a confusing factor for the system to make decisions. As a result, the system 

sometimes has to predict the required context in some manner. Moreover, even for the 

objective contexts mentioned in the previous section, there exists an implicit assumption 

that the contexts detected are precise and complete, which is not always true in practical 

cases. Taking temperature as an example, even if being pre-processed, the sensed results 

are sometimes still not fully accurate in some adverse environmental conditions due to 

the noise, fluctuations, as well as the quality of sensing device. All the above factors 
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result in the issue of uncertainty. Uncertainty implies that in a certain situation a person 

does not dispose about information which is quantitatively and qualitatively appropriate 

to describe, prescribe or predict deterministically and numerically a system, its behavior 

or other characteristics [51]. Uncertainty is so common an issue that the reasoning 

techniques to handle it are required. This is also where the theory of probability is 

integrated. In this section, some main types of probability-based context reasoning 

techniques are reviewed. 

 

Fuzzy logic 

The fuzzy logic theory has been widely utilized to deal with uncertainty due to vagueness, 

by introducing the fuzzy set and the corresponding membership function. The uncertainty 

is reflected by the degree to which an element belongs to a fuzzy set. This type of degree 

can be expressed as the similarity between the element and the prototype element in the 

fuzzy set or as the preference of one choice over some other possible ones. In this way, 

the raw and imprecise numerical sensor data can be translated into linguistic variables, or 

fuzzy sets, that make sense to human’s natural understandings, with a probability of a 

certain value to represent its reliability, and vice versa. For example, the specific 

temperature degree provided by sensor device can be translated into “cold” with a fuzzy 

value of 0.6, “cool” with 0.3 or “warm” with 0.1, the specific period of time into “long” 

or “short”. Similarly, the knowledge expressed by a human observer “cold” can be 

translated into a corresponding numerical value. The fuzzy logic is viewed as one of the 
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methods that can deal with uncertainty [51] and support several operations of fuzzy sets, 

e.g. intersection, union, complement and modifier. 

Another application of fuzzy logic for the numerical-linguistic mapping is in [52], 

where the fuzzy logic was integrated into the Context Spaces model to present the Fuzzy 

Situation Inference (FSI) for situation modeling and reasoning under uncertainty. Two 

basic reasoning methods were analyzed. The first one was based on weights of the 

contexts and level of confidence of the values, as in (2.1). 

𝐶𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 =∑ 𝑤𝑖𝜇(𝑥𝑖)
𝑛

𝑖=1
                                           (2.1) 

where 𝜇(𝑥𝑖)  denotes the membership degree of the element 𝑥𝑖 , 𝑤𝑖  the corresponding 

weight assigned and n the number of elements. The result of Certainty represents a 

weighted membership degree of 𝑥𝑖 . The second method took into consideration the 

inaccuracies of sensors, which calculates the Certainty as follows. 

𝐶𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 =∑ 𝑤𝑖𝜇(𝑓(𝑥𝑖, 𝑒𝑖))
𝑛

𝑖=1
                                   (2.2) 

where 𝑤𝑖  is still the corresponding weight assigned while 𝜇(𝑓(𝑥𝑖 , 𝑒𝑖))  denotes the 

membership degree of element 𝑥𝑖 which also considers the sensor reliability or error rate 

𝑒𝑖 . The above two fuzzy functions were then implemented in a heath monitoring 

application to reason about patients’ situation of “normal”, “hypotension”, or 

“hypertension”. 

A general model to represent semantics of uncertainty is provided in [53] at 

different levels, e.g. sensors, low-level contexts and high-level contexts. By modeling 
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context as ((s, p, o), t, conf), where (s, p, o) is a RDF triple to evaluate uncertainty, t is the 

life span and conf is the context confidence, the situation was abstracted as the invariant 

characteristics of contexts which was interpreted as constraints on context values and life 

span. In order to identify the possible situation, a set of contexts was evaluated to verify if 

they satisfied the corresponding constraints by intuitively computing the match degree in 

the framework of fuzzy set. This proposed method was implemented in an office 

environment for demonstration and evaluation. Besides, the authors in [54] involved 

situation awareness as an abstraction of context awareness, and introduced the use of 

fuzzy logic for inferring and reasoning about the users’ current situation as an extension 

of classificatory problem solving. Specifically, ontology was used to model the situation 

and similarities among diverse situations were measured and reasoned about to identify 

users’ situations. In addition, two metrics, the degree of situation involvement, which 

referred to the degree of belief that a user was involved in a situation, and the degree of 

system pervasiveness, which denoted whether the system was capable of reasoning about 

the situation, were introduced and evaluated by the fuzzy logic to make proper system 

decisions. 

 

Naive Bayes and Bayesian networks 

The Bayesian techniques are based on the well-known Bayes’ theorem that can be 

generalized in (2.3). 

𝑃(𝐻|𝑋) =
𝑃(𝑋|𝐻)𝑃(𝐻)

𝑃(𝑋)
                                                    (2.3) 
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where H is the target hypothesis, X the evidence to support the hypothesis, 𝑃(𝑋) and 

𝑃(𝐻) the prior probability density function (PDF) for X and H, 𝑃(𝑋|𝐻) is the likelihood 

function, and 𝑃(𝐻|𝑋) the required posterior PDF. It can be basically interpreted as that, 

the probability of hypothesis H conditioned on evidence X can be obtained based on the 

probability of X conditioned on H, multiplied by the prior of H and normalized by prior 

of X. When there are multiple evidences supporting the same hypothesis, or the evidence 

has multiple attributes that are independent of one another, the above likelihood can be 

reduced to the form of recursive Bayes: 

𝑃(𝑋|𝐻) =∏𝑝(𝑥𝑘|𝐻)

𝑛

𝑘−1

                                               (2.4) 

where 𝑥𝑘 is one of the multiple evidences or attributes. 

Bayes’ theorem was extensively researched and analyzed in [55], in which the 

authors exploited the potential of the naive Bayes Probability Estimation (NBE) for 

general probabilistic estimation tasks, and provided a thorough analysis and evaluation on 

its learning time, inference time and accuracy. The authors also argued that the NBE had 

a very attractive real-time quality, which was linear in the number of components and the 

query variables, and allowed for fast inference. There has been a broad utilization of 

Bayes’ theorem in reasoning about contexts, e.g. users’ activities and users’ availabilities. 

In [56], the naive Bayes classifier was adopted to detect activities using the “tape-on” 

sensor system. It was pointed out that, although the naïve Bayes had the strong 

assumptions that each variable were independent and observable and this assumption 

sometimes made it poorly perform in real domains, the naive Bayes had good results, 



 43 

compared to some more complex algorithms as decision tree, due to its low variance of 

classifier that offset the effect of the high bias from the assumptions. The authors 

demonstrated that the proposed method was capable of recognizing activities of interest 

such as toileting, bathing, and grooming with accuracies ranging from 25% to 89%, 

depending on the evaluation criteria adopted. Similarly in [57], the users’ activities, such 

as using PC, meeting or discussing were inferred based on the evidences such as PC and 

phone usage, ambient sound, time and location. Other related research includes [58]. 

As mentioned above, the feasibility of naive Bayes relies on the strong assumption 

that all the evidences are conditionally independent of one another. When this assumption 

is broken, its performance might degrade. In cases where there indeed exist dependencies 

among evidences, the Bayesian (belief) network can be applied as the substitution. The 

Bayesian network is generally a directed acyclic graph where each node, which 

represents a variable, is connected to another by an arc, which represents the casual 

relationship between the two nodes from parent to descendent. The core component is the 

conditional probability distribution (CPD) which gives all possible combinations of the 

parent nodes of each node, 𝑝(𝑥|𝑝𝑎𝑟𝑒𝑛𝑡(𝑥)).  The Bayesian network has been applied in 

many context-aware applications. In [59], by leveraging the similarity between the 

structures of situation lattice and Bayesian network, the authors converted the lattice to a 

Bayesian network, where each node and arc is corresponding to a situation and a 

dependence edge, respectively. The maximum likelihood estimation was applied for the 

CPD that was continuously updated when new observations were available. In the 

prototype pervasive computing infrastructure, Gaia [10], the authors also implemented 

Bayesian network to deal with context uncertainties.  
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Figure 2.3: Bayesian network of inferring the activity in a room 

 

An example is illustrated in Fig. 2.3 for inferring the activity in a room, where the 

root node represents the context to be inferred and the leaf nodes are sensor data. The 

root node “Activity” can take values of “meeting”, “presentation”, “idle” and so on, 

which are represented in the context predicates, activity(room, meeting), activity(room, 

presentation), activity(room, idle). The corresponding probabilities of these predicates are 

based on what the network deduces from the leaf nodes. However, in this network, there 

exists causal relationship between the node of “Presenter” and the nodes of 
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“PPTController” and “PPTRunningOnScreen”, which breaks the independence 

assumption and cannot be modeled in naive Bayes. 

Similar research was conducted in [60], where the ontology was extended by 

incorporating uncertainty and the Bayesian network was constructed. Other related work 

includes [61][62]. The main benefit of Bayesian network is that it provides a clear and 

well-structured framework to represent the relationships and likelihood among all 

possible events. 

 

Evidence theory 

The evidence theory, or specifically the Dempster-Shafer Theory (DST), is a framework 

of mathematical representation of uncertainty, where the key components are the mass 

function, the frame of discernment and the combination rule. The mass function allocates 

beliefs of sensor data in the frame of discernment and the combination rule fuses the 

multiple beliefs with the corresponding level of certainty. The most significant innovation 

of DST compared with the normal probabilistic methods is that, it allows probability to 

be assigned not only to a single element, but also to a set of elements when there is not 

enough information to distribute belief more precisely to individual element [63]. In 

contrast, the normal probabilistic methods only equally divide belief among all elements.  

The principle of using DST is that, the low-level sensor data is used as the evidence 

of high-level contexts or states in the pre-defined activity model, and the high-level 

contexts are then fused to infer more complex contexts until the top level of context is 

reached or the required level is satisfied [64].  
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Figure 2.4: Pre-defined evidential network based on expert knowledge 

 

There are two basic procedures in DST. First, a pre-defined evidential network 

based on expert knowledge is required to describe how sensor data lead to higher 

contexts. One example of this network in [64] is illustrated in Fig. 2.4 as a tree hierarchy, 

which described how the user’s activity of “prepare breakfast” was inferred based on five 

contexts of “fridge used”, “plates used”, “morning time”, “microwave used” and 

“groceries used”. These five contexts were resulted from their specific sensors deployed 

in the smart home environment. The value of “0.2” represented the occasional use of 

microwave in breakfast preparation. At the bottom layer, the mass functions of the 

deployed sensors assigned mass to the context values as follows: 

{FirdgeUsed = 1, ¬ FridgeUsed = 0} 

{PlatesUsed = 1, ¬ PlatesUsed = 0} 

{MicrowaveUsed = 1, ¬ MicrowaveUsed = 0} 
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For the situation of “Prepare Breakfast”, each context value belief was propagated 

above as evidence as follows: 

{FirdgeUsed = 1, ¬ FridgeUsed = 0} → {Breakfast = 1, ¬ Breakfast = 0} 

{PlatesUsed = 1, ¬ PlatesUsed = 0} → {Breakfast = 1, ¬ Breakfast = 0} 

{MicrowaveUsed = 1, ¬ MicrowaveUsed = 0} → {Breakfast = 0.2, ¬ Breakfast = 0, 

θ = 0.8} 

{GroceryUsed = 1, ¬ GroceryUsed = 0} → {Breakfast = 1, ¬ Breakfast = 0} 

{Morning = 1, Evening = 0} → {Breakfast = 1, ¬ Breakfast = 0} 

Then the total belief of the situation was obtained via evidence combination. The 

authors compared two approaches, the simple evidence averaging and the Dempster’s 

combination rule, by which the belief of “prepare breakfast” was inferred as 0.64 and 

0.98, respectively. A similar work can be found in [65]. 

There are also extensive researches on improving and extending the original DST. 

In [66], the authors extended the DST with the general UML-based context quality model 

and the aggregation model. These models provided a flexible and generalized way for 

context-aware system to incorporate the context quality into the design process, and 

identified quality issues as well as their aggregation across different context layers. 

Besides, the time extended mass function was introduced in [67], where the duration of 

an inferred activity was used to extend the lifetime of low-level evidence that were then 

fused to infer the high-level situations. In [68], the authors focused on how to improve 

the performance of DST approach by reducing the computational overhead. The method 

was to use the K-L evidence selection strategy to filter out the less important evidence 

and only selected those with highest belief values. 

However, there are also some weaknesses of DST. One is that it largely depends on 

the availability of two main factors, which are the pre-defined structure of evidence 
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hierarchy (activity model) and the quantified uncertainty of sensor data. Both of the two 

factors heavily rely on expert knowledge, which undermines the performance of DST if 

this knowledge is incomplete or unavailable. 

 

Statistical classification 

In order to satisfy the fast growing of context complexities, methods that are able to deal 

with large quantities of data are required. Amongst them, the feasibility of utilizing the 

classification algorithms in context data reasoning is researched in many works. By 

means of classification, the dimension of the large quantity of context data can be 

reduced to be tractable so that they can serve as the final required reasoned results to 

trigger the corresponding system actions or as the intermediate knowledge to higher level 

of reasoning. 

There has been a lot of research on classification algorithms, including linear 

classifier, support vector machines, kernel estimation, decision trees, etc., as well as their 

implementation on context reasoning. The decision tree is a predicative model with the 

structure of leaf and branch, where a leaf represents a classification and a branch 

describes a conjunction of features that lead to the target classifications. Due to its 

capability of generating classification rules that are easy to understand and explain, it is 

useful in analyzing sensor data and feature extraction, e.g. the human activity 

classification and recognition [69][70][71]. In [69], several features were extracted from 

the data of accelerometers worn by users, including mean, energy, frequency-domain 

entropy and correlation of acceleration data, by means of FFT-based feature computation. 
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The recognition of users’ physical activities was performed by using different classifiers, 

including decision table, instance-based learning, C4.5 decision tree, and naïve Bayes 

classifiers. By comparison, the authors proved that the decision tree yielded the 

recognition results with the highest rate of accuracy. However, the training time for the 

decision tree was relatively slow, especially when compared with its short running time. 

The authors also pointed out that although the decision tree was able to recognize the 

activity, e.g. “walking”, but it might not readily recognize the activity style, e.g. “walking 

slowly” or “walking fast”. In [70], to recognize real-time human movement, the authors 

developed a hierarchical and modularized structure of decision tree, where the broad 

classifications were made on the top level and more detailed sub-classification were on 

the lower level. Moreover, the author suggested the validation of the classification 

sequences by using rule logic or statistical modeling. Another research on the decision 

tree based human movement classification from body acceleration data was conducted in 

[71], where a generic framework of classification was based on a hierarchically 

structured binary tree with classes and sub-classes in different levels. Specifically, the 

two main classes of movements were activity and rest. Activity included waking, running, 

and falls, and rest included standing, lying, and sitting. Then movements were sub-

classified until the required level of details was satisfied. The author argued that the 

advantage of the modularized binary decision tree was that the classes or sub-classes can 

be added or removed without affecting other parts of the tree and individual algorithms 

can be modified without the need to change others. 

When both linear and nonlinear data is concerned, the support vector machine 

(SVM) can be applied, which firstly uses a nonlinear mapping to transform the original 
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data into a higher dimension, and then searches for an optimal linear hyper plane to 

separate the data into different classes. It has been approved that different classes of data 

can always be separated if the nonlinear mapping is with sufficiently high dimension. In 

[72], the location and activity of people in a smart home environment was inferred by 

detecting the usage of certain electrical devices such as light, TV set, fan, stove, etc., 

where the SVM was constructed based on the toolkit in [73]. The authors proved that this 

approach was able to learn and classify various electrical events with 85%-90% accuracy. 

It was also pointed out that the advantage of SVM was its ability to deal with the cases 

where the target feature space was fairly large compared to the training set, thanks to the 

over-fitting protection employed. In [74], human behavior anticipation was researched 

based on the analysis of motion primitives such as walking, running, going straight. 

Specifically, the trajectories were tracked by particle filtering. Then, according to 

velocity, direction and shape features, these trajectories were classified by SVM into fast-

walk, idle-walk, wandering, stop, etc., to further infer a higher level understanding of 

people’s global behavior, e.g. entering through the north door, walking across the room, 

or sitting at the desk. 

 

Probabilistic filtering 

The probabilistic filtering, or more specifically the Bayesian filtering, is the class of 

filtering methods that adopt the Bayesian theory to continuously and recursively detect 

and update the system’s belief about the surrounding environment. It is usually 

implemented on the low-level context reasoning which directly deals with the raw sensor 
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data. For example, it has been widely utilized in the applications of robotic self-

localization by reasoning about the sonar or range-laser sensor data. Generally, it can be 

formulated as a technique of probabilistic inference. It is also known as the so-called 

Markov estimation, since the dynamic system in the Bayesian filters is usually assumed 

to be Markov in order to make the computation tractable. The basic structure of the 

probabilistic filter is mainly consisted of two components, the system transition and 

sensor observation, where the system transition is for estimating the belief and the sensor 

observation is for correcting the belief, respectively. This process can be formulated as 

below. 

𝑥𝑡 = 𝑓𝑡(𝑥𝑡−1, 𝜖𝑡)

𝑧𝑡 = ℎ𝑡(𝑥𝑡, 𝛾𝑡)
                                                    (2.5) 

where, 𝑥𝑡 represents the system state or belief and 𝑧𝑡 the observation at time step 𝑡. 𝑓𝑡(∙) 

and ℎ𝑡(∙)  are the system transition model and observation model. 𝜖𝑡  and 𝛾𝑡  are the 

processing noise and observation noise, respectively. 

Traditional methods of probabilistic filtering include the well-known Kalman filter. 

Although it has been widely implemented in many scenarios, it can only have good 

performance in the systems where the state transition is a linear process and the noises 

are Gaussian distributed [75]. To deal with this issue, the extended Kalman filter (EKF) 

and unscented Kalman filter (UKF) are developed to solve the non-linear problems by 

linearizing the non-linear system functions [16]. However, this linearization also has 

limited approximation and cannot handle multi-model distributions due to the assumption 

of Gaussian parametric form of posterior [75].  
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Fortunately, the alternative stream of filtering is introduced to deal with the 

Gaussian assumption. This stream is the non-parametric filter, specifically the techniques 

of sequential-importance-sampling (SIS), or the particle filter (PF). The particle filter is a 

non-parametric technique with no functional form that instead uses a set of weighted 

samples (particles) to estimate the posterior distribution of the target state. There is no 

strong parametric assumption on the posterior density and thus a complex multi-model 

distribution can be represented. The two main steps in PF are prediction and correction, 

corresponding to system transition model and observation model, respectively. The 

prediction step increases uncertainty and the correction step decreases uncertainty. There 

is intensive research in PF that focuses on how to develop more advanced system 

transition models and how to refine observation data. The standard PF, also known as the 

Conditional Density Propagation [76], used system dynamic model with visual 

observations to propagate the sets of target state over time. As the pioneer research of 

particle filter, the drawback of this approach is that it is not robust in strongly cluttered 

environments since the proposal distribution is solely determined by the system dynamic 

model and inevitably neglects the most recent observations, resulting in many wasted 

particles in low likelihood areas. To deal with this issue, the authors in [77] constructed a 

new proposal distribution based on the state partitioning (SP) technique and a bank of 

parallel extended Kalman filters (PEKF). In details, all the samples of the state were 

partitioned into two sets, the nominal part and residua part, respectively. After 

partitioning, these samples were propagated through a bank of parallel filters and the 

estimated state was then calculated as the weighted sum of these samples. The authors 

also adopted the multi-model technique to deal with the target that has complex motion 
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patterns. In [75], the unscented particle filter (UPF) was presented, where the unscented 

Kalman filter was used to generate sophisticated proposal distributions that seamlessly 

integrated the current observations. Specifically, the unscented transformation was used 

to approximate the mean and covariance of the state after nonlinear transformation that 

not only outperformed the extended KF but also was computationally efficient since the 

Jacobian or Hessians was not required. The authors in [78] developed a robot-based 

tracking system using particle filter with the color visual cue and sonar cues. In order to 

deal with the sample impoverishment, the particle re-sampling process was proposed to 

draw samples in the filter from the neighborhoods of previous samples and the state space 

model was augmented with acceleration variables. In [79], by considering the target 

motion, the authors proposed a motion-based proposal density, where the Adaptive Block 

Matching (ABM) was used to calculate the estimated motion vector and to deduce the 

motion-based proposal distribution. The superiority was proved by using the Kullback-

Leibler (KL) performance measure. The experimental results showed that this approach is 

able to handle sudden and unexpected motions. 

 

2.4    Scheme of Context Reasoning Mechanism 

2.4.1    Hybrid Model of Context Reasoning 

As reviewed in the last sections, different types of context reasoning techniques have 

their own feasibilities for different applications, as well as advantages and weaknesses. In 

the current development of context-aware systems, the systems are required to be 

designed in a way that multiple objectives should be handled at the same time. For 
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example, a location-aware system should not only be able to detect and track the user’s 

current position in real time, but also provide necessary services based on the integration 

of other related contexts, e.g. displaying the near point of interests based on the user’s 

preference, navigating the fast route based on the user’s destination and the current traffic 

conditions. Moreover, the sources of context or sensing data are rarely unique and simple, 

but usually heterogeneous. Even for a single sensed element, there are normally multiple 

sources with different qualities, thus introducing the issue of fusing inconsistent and non-

uniform data. Both of the above issues need to be addressed. Therefore, the context 

reasoning based on only one single reasoning technique is often, if not always, far from 

enough to satisfy the requirements of applications. At this point of view, it is necessary to 

design and implement different reasoning techniques according to the specific scenarios 

and the corresponding requirements. As a solution, the hybrid model of reasoning method 

is designed and adopted by many state-of-art context-aware systems. In [80], in addition 

to comparing and contrasting the performance of different reasoning schemes, the author 

presented a conceptual architecture of hybrid context reasoning and identified the suitable 

scheme to be employed by each component of the architecture. This architecture is 

depicted in Fig. 2.5.  

This schematic architecture of dynamic situation reasoning can be divided into 

three steps. The first step involves the acquisition of atomic or primitive environmental 

contexts by directly deployed sensors, and the brief pre-processing on these contexts for 

further use, such as de-noising procedures, primitive abstraction, etc. For example, the 

specific readings from thermometers can be abstracted into different meaningful states: 

cold, lukewarm, warm, or hot, by the adoption of fuzzy logic. 
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Figure 2.5: The conceptual architecture of hybrid context reasoning 

 

Then these processed data will be the input of the second step, where multiple 

contexts towards the same entity but from heterogeneous sources are aggregated to 

resolve any possible conflicting observations. Taking the temperature example again, it is 

probable that in the same room (entity) the readings from different thermometers are 

inconsistent, depending on their different resolutions and accuracies, as well as their 

positions in the room. Therefore, an aggregation technique is required to appropriately 

deal with this issue. In Fig. 2.5, the Dempster-Shafer Theory of evidence is shown as the 

tool for combining different evidences. 

The third and final step of context computing is the implementation of high-level 

inferring techniques, including Bayesian Networks (BN), Hidden Markov Model (HMM), 
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etc., to reason about the ultimate user required context. For instance, after acquiring all 

the necessary contexts (indoor temperature as in the previous example, as well as outdoor 

temperature, number of people in the room, time of the day, etc.) with satisfactory quality, 

the air-conditioning system can make the decision of “increasing the indoor temperature”, 

“decreasing the indoor temperature”, or “no actions”. All the ultimate reasoned contexts 

are stored and reflected in the system as beliefs, which in turn guides the processes of 

aggregation and reasoning. 

2.4.2    Probabilistic Robotic Context Reasoning 

It can be seen that the author in [80] is mostly concerned with the role of various 

probabilistic schemes to reason about the uncertainties in corresponding contexts. In fact, 

uncertainty is also the first and foremost topic in robotics, which is resulted from the 

noise and error in the environment, sensors, actuators, as well as robot’s software and 

algorithmic approximation. The effects of uncertainty on robot performance are also 

related to the application domain. In some well-modeled environment such as the product 

assembly pipeline, the system can be well engineered so that uncertainty only plays a 

minor role. In contrast, in the cases of complex and hard-to-model environments such as 

residential area or unknown space exploration, the uncertainty is so substantial that it is 

one of the most important factors in the design of a capable robotic system. Being 

assistance-oriented, the context-aware robotic system in this thesis falls into the second 

category and consequently, the process of uncertainty is the major issue. 

As a promising approach, probabilistic robotics is a relatively emerging method 

that deals with uncertainties in both robot perception and action. The key idea is the 
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probability theory. Instead of solely relying on the “best guess” of the acquired contexts, 

the probabilistic algorithms adopt the probability distributions to cover the whole space 

of guesses. By representing the ambiguity and degree of belief in a mathematical way, the 

system is able to maintain a panoramic awareness of what the surrounding environment is 

and then to select the next optimal action in a robust manner according to different goals. 

These goals can be the ultimate goal to obtain a single required context, or the 

intermediate goal to simply reduce the system’s uncertainty, etc. Compared with the 

traditional robotic techniques, which are model-based or reactive behavior-based, the 

probabilistic approach is able to better cope with sensor limitations and has a weaker 

requirement on the accuracy of robot models. Another benefit is that the probabilistic 

approach also deems it with no necessity to maintain the complete state assumption, or 

the Markov assumption, which is usually not practically preferred or tractable. With only 

the interested states modeled, all other unmodeled states will be considered to be with 

close-to-random effects, which will be digested by the probabilistic approaches. 

The probabilistic robotics approach can be considered as a state estimated problem, 

which mainly consists of two stages, robot action and robot perception. Generally, being 

equipped with an internal state to reflect the surrounding environment, the robot action is 

corresponding to the internal state change resulted from the robot control and actuation 

that is applied to the environment. The stage of robot action will inevitably increase the 

uncertainty of the system. On the other hand, the stage of robot perception involves the 

acquisition of sensor data from the environment to correct the internal state, thus 

decreasing the uncertainty in the system by reducing the difference between the internal 

state and the real state of the environment. 
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Figure 2.6: The conceptual architecture of hybrid context reasoning 

 

As for the context-aware robotic system in this thesis, different reasoning 

techniques are developed and implemented at different stages of context processing in the 

robotic system. In the aspect of robot action, a revised system dynamics is adopted to 

closely track the change of system state, and in the aspect of robot perception, a newly 

designed observation method is proposed to actively minimize the uncertainties in the 

sensed data. The reasoned belief state is then used for the task of plan and control using 

an improved version of sequential decision-making based on Markov decision processing 

algorithm. This hybrid context reasoning scheme is illustrated in Fig. 2.6. 
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2.5    Summary and Conclusion 

In this chapter, firstly the previous review work of the context reasoning techniques was 

briefly introduced. Secondly, a new taxonomy of context reasoning techniques was 

proposed based on the whether the approaches are probability-based or non-probability-

based, along with an extensive literature review based on this new taxonomy. In the end, 

the hybrid scheme of context reasoning was presented, and its implementation on the 

probabilistic robotics is illustrated. 
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Chapter    3  

 

Prediction of System Dynamics in Bayesian Filtering 

 

3.1    Introduction 

The contexts for the robotic systems have multiple types, including visual, acoustic, 

haptic, location contexts, as well as other human-related types, e.g. body signals, and 

some basic ones including time, temperature. Among all these, the visual and location 

contexts are the basic while important ones due to the fact that, after obtaining these 

information of the target object, the relationship between the robot itself and the 

environment, as well as their interactions, can be partially determined. Another important 

reason of the choice of visual and location contexts is because of the context-aware 

robotic system requirements specified in Chapter 2. The visual and location contexts are 

closely related to the conditions of the users. Focusing on these contexts, the system is 

able to effectively and efficiently provide more advanced user related services and 

assistance. Moreover, although the visual and location contexts of the users is not 
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significant for displaying, yet they are the prerequisites of executing physical tasks, i.e. 

adapting system behaviors or changing contexts. In general, the visual and location 

awareness has been widely utilized in the applications on the purpose of safety 

surveillance [81], human machine interaction [82], healthcare monitoring, defense fields 

[4], etc. However, despite of the extensive research and wide implementations, there are 

still many problems that need to be addressed. This is resulted from that fact that, besides 

the traditional tracking and localization challenges (e.g. sensor data noises, stochastic 

control effects, interfering signals), the target object often shows complicated motion 

types, data deformations and occlusions. Furthermore, the environment is likely to be 

complex, containing background clutters.  

Generally, the process of robotic tracking and localization can be formulated as that, 

given a certain representation or priori of the surrounding environment and the ability of 

sensing, the robot itself should maintain a constant and ongoing awareness about the 

target and environment, as well as of itself, in order to perform necessary future tasks and 

to interact with related objects or users. Here, the key issues to the successful robotic 

tracking and localization are the correct priori and sensor observations. There are in 

general two primary approaches to tracking and localization problems [12]. One is known 

as the deterministic method based on target representation and localization techniques. 

The other is known as the stochastic method based on filtering and data association 

technique [13], which is usually referred to as filtering technique. Both of these two 

approaches have been widely utilized in practical applications. 
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3.1.1    Deterministic Target Representation 

Theoretically, with all the correct and sufficient information, the robot can accurately 

maintain tracking and localization in real time. For example, a simple and traditional 

method uses the angle and distance measurement based on the standard geometry. 

Specifically, for the deterministic target representation technique, a cost function, whose 

variables are target motion, is often designed based on the target features extracted from 

the information of visual data [13]. With proper calculation of target motion parameters, 

the cost function will converge correspondingly to an ideal value. Therefore, in the target 

representation and localization technique, the tracking problem can be formulated as an 

optimization process. The objective is how to calculate the target state in order to 

minimize the value of the cost function. As a result, mathematical optimization 

techniques are usually required. The authors in [14] used the classical gradient descent 

method, in which, a flow deformed the initial curve towards the minimal value of the 

designed objective function to detect and track multiple moving objects in image or video 

sequences. In [75], the mean shift algorithm, which was able to find the highest value of 

the visual density through utilizing the mean shift vector obtained from the density 

gradient, was used to track moving object with radical color changes. Besides, in [16], a 

robust human head tracking system was developed. In this system, the human head was 

modeled as an ellipse and two tracking modules. One module was concentrating on the 

intensity gradient around the ellipse perimeter while the other focusing on the color 

histogram of the ellipse interior. 

However, in many cases, the robot operates in a partially known or unknown 

environment thus no or only little prior information about the environment is available. 
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Even worse, the sensing information is inevitably harsh for one to work with due to the 

nature of signals, inference, and noise [83], making the tracking and localization 

extremely difficult to be performed in a deterministic way.    

3.1.2    Filtering and Data Association 

Due to the reason mentioned in the above section, the robotic tracking and localization is 

usually considered as a problem of probabilistic inference where the filtering and data 

association techniques are applied. It is also known as the so-called Markov estimation, 

since the state dynamics in the system is usually assumed to be Markov in order to make 

the computation tractable. The main difference between the probabilistic inference and 

deterministic inference is that the probabilistic inference provides the concept of degree 

of belief, a numerical value between 0 and 1 assigned to each of the estimations, instead 

of either 0 or 1 as in the deterministic inference. 

The filtering and data association technique deals with the dynamics of the tracked 

and localized target. So the state space model is used. Meanwhile, the model of system 

state measurement is also considered. Therefore, the tracking problem can be formulated 

as a state estimation problem based on the system state transition probability and 

observation probability. This estimation problem is usually categorized as a dynamic 

Bayesian network (DBN) problem to represent the temporal probability model of the 

system. To be specific, the stochastics of the system can be considered as a hidden 

Markov model (HMM), where the state of the process is described by a single discrete 

random variable. The basic temporal evolution of the system is shown in Fig. 3.1, in 

which 𝑥𝑡 represents the system state at time index 𝑡, 𝑧𝑡 the observation of the system state 
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and 𝑢𝑡  the system control. Generally, the system state transition is governed by the 

conditional probability 𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡), which specifies how system state evolves over 

time as a function of previous state and control (or without control) as illustrated by the 

dotted circle in Fig. 3.1, and the system measurement is governed by 𝑝(𝑧𝑡|𝑥𝑡) which 

specifies how the observation 𝑧𝑡 is generated from the current system state 𝑥𝑡. 

As reviewed in Chapter 2, the traditional solutions here include the Kalman filter, 

the extended Kalman filter (EKF), the unscented Kalman filter (UKF), whose 

performances rely on either Gaussian assumption or simple model distributions of system 

dynamics. The good alternative is the non-parametric filter, specifically the techniques of 

sequential-importance-sampling (SIS), or the particle filter (PF) which is a non-

parametric technique with no functional form that instead uses a set of weighted samples 

(particles) to estimate the posterior distribution of the target state.  The particle filtering 

has been widely implemented and also been proved to have good performance when 

dealing with the complex global and dynamic tracking and localization 

[75][76][77][78][79]. 

As shown in Fig. 3.1, there are mainly two main steps in the state estimation 

problem. The system transition model, or the system dynamics, is researched in this 

chapter, while the observation model, or the system measurement, will be investigated in 

Chapter 4. 
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Figure 3.1: The temporal evolution of system states, observations and controls 

 

 

3.2    Principle of Particle Filtering 

The basic idea of particle filters is to represent the posterior distribution 

PDF 𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) of the target state by a set of weighted-samples or particles. Without 

loss of generality, consider the following state space model: 

𝑥𝑡 = 𝑓𝑡(𝑥𝑡−1, 𝑢𝑡 , 휀𝑡)                                                        (3.1) 

𝑧𝑡 = ℎ𝑡(𝑥𝑡, 𝛾𝑡)                                                           (3.2) 

where, 𝑥𝑡 , 𝑧𝑡  and 𝑢𝑡  represent the target state, observation and control at time index 𝑡, 

respectively. The arbitrary functions of  𝑓𝑡(∙)  and ℎ𝑡(∙)  are the system evolution and 

𝑥𝑡−1 𝑥𝑡 𝑥𝑡+1 

𝑧𝑡−1 𝑧𝑡 𝑧𝑡+1 

𝑢𝑡−1 𝑢𝑡 𝑢𝑡+1 

𝑝(𝑧𝑡|𝑥𝑡) 𝑝(𝑧𝑡−1|𝑥𝑡−1) 𝑝(𝑧𝑡+1|𝑥𝑡+1) 

𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡) 𝑝(𝑥𝑡−1|𝑥𝑡−2, 𝑢𝑡−1) 𝑝(𝑥𝑡+1|𝑥𝑡, 𝑢𝑡+1) 
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observation, which can be nonlinear and non-Gaussian. At last, 휀𝑡 and 𝛾𝑡 are processing 

and observation noise. 

The primary objective is to construct the PDF 𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) under the rule of 

Chapman–Kolmogorov equation and Bayes formula: 

𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡) = ∫𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡)𝑝(𝑥𝑡−1|𝑧1:𝑡−1, 𝑢1:𝑡−1)𝑑𝑥𝑡−1           (3.3) 

𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) =
𝑝(𝑧𝑡|𝑥𝑡)𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡)

∫ 𝑝(𝑧𝑡|𝑥𝑡)𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡)𝑑𝑥𝑡
= 𝜂𝑝(𝑧𝑡|𝑥𝑡)𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡)  (3.4) 

where 𝑝(𝑥𝑡−1|𝑧1:𝑡−1, 𝑢1:𝑡−1) is the state at time index 𝑡 − 1, 𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡) the system 

transition model, 𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡)  the priori at time index 𝑡 , 𝑝(𝑧𝑡|𝑥𝑡)  the likelihood 

function of observation, 𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) the desired posterior density at time index 𝑡, and 

𝜂 the normalization factor. 

To be more generic, the PDF is usually denoted by the belief over the state variable 

as 𝑏𝑒𝑙(𝑥𝑡) = 𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) . The probability distribution before incorporating the 

measurement 𝑧𝑡 and after system transition 𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡), is denoted by the priori belief  

𝑏𝑒𝑙̅̅ ̅̅ (𝑥𝑡) = 𝑝(𝑥𝑡|𝑧1:𝑡−1, 𝑢1:𝑡) . Therefore, (3.1) is the priori probability distribution 

representing the prediction of the system state, whereas (3.2) represents the required 

posterior probability distribution after measurement update or correction by incorporating 

system observation. 

Theoretically, the particles maintained by the particle filter represent the discrete 

estimation of the belief, or system state. However, in some cases, the continuous belief 

representation is required. In other words, the points in the belief state that are not 
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represented by the particles need to be estimated as well. This issue is also known as the 

problem of density estimation. Approaches include K-MEANS algorithm, density tree, 

kernel density estimation, etc. One common method is to approximate the PDF by the 

sum of weighted Dirac functions as follows: 

𝑝(𝑥𝑡|𝑧1:𝑡, 𝑢1:𝑡) ≈∑ 𝑤𝑡
𝑖𝛿(𝑥𝑡 − 𝑥𝑡

𝑖)
𝑚

𝑖=1
                                    (3.5) 

where 𝛿(∙) is Dirac function, 𝑥𝑡
𝑖 , 𝑖 = 1,… ,𝑚 is set of random particles generated from a 

certain distribution, and each particle with a particular weight 𝑤𝑡
𝑖, 𝑖 = 1,… ,𝑚, satisfying: 

∑ 𝑤𝑡
𝑖 = 1

𝑚

𝑖=1
                                                           (3.6) 

𝑤𝑡
𝑖 ∝ 𝑝(𝑧𝑡|𝑥𝑡

𝑖), 𝑖 = 1,… ,𝑚.                                        (3.7) 

However, the continuous density estimation requires more powerful computational 

capability, which is usually unavailable in many robotic applications. Therefore, in this 

thesis, the discrete belief representation is preferred and the continuous density estimation 

is mainly used for simulation and verification when necessary. 

 

3.3    Adaptive Multi-Model based Proactive Particle Sampling 

Traditionally, the standard PF assumes that the system dynamics is governed by a single 

transition model. Although feasible, it is unable to tackle the scenarios where system 

switches between different types of operation, e.g. in tracking and localizing the target 

object with complex motions, thus making the estimation inaccurate and unstable [84]. 

The multi-model technique is introduced in [85] as a solution to this issue, and the multi-
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model particle filter (MMPF) is developed in [77][86] to deal with the object tracking 

with complex motion. Generally, the MMPF technique adopts multiple models to 

represent the system dynamics and the selection of each model is governed by the model 

transition matrix. However, in many of the literatures, the probability value in the model 

transition matrix is usually constant and is set empirically. Therefore, although being able 

to handle pure complex and random target motion, this solution is not optimal when the 

target presents some comparatively stable motions for a certain period of time amongst 

randomness, or the target changes the motion patterns. This issue is resulted from the fact 

that the model transition matrix is designed as fixed and cannot be modified even when 

the target motion changes. In order to deal with this issue, a novel multi-model technique 

is proposed in this section to adaptively select the suitable transition model to proactively 

sample the particles, according to the potential of the target motion. 

3.3.1    Multi-Model System Dynamics 

The principle of multi-model technique is to assume the system operates according to one 

model from a pre-defined finite set of hypothetical models, which is also known as 

regimes. According to (3.1), the system transition process with multiple models is given 

as 

𝑥𝑡 = 𝑓𝑡
𝑐𝑡(𝑥𝑡−1, 𝑢𝑡) + Γ ∙ 휀𝑡                                                  (3.8) 

where 𝑐𝑡 is the index of the possible transition models governed by the following model 

transition matrix 

Π = [

𝜋11 ⋯ 𝜋1𝑁
⋮ ⋱ ⋮
𝜋𝑁1 ⋯ 𝜋𝑁𝑁

]                                                     (3.9) 
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in which 𝜋𝑖𝑗 = 𝑝(𝑐𝑡−1 = 𝑖|𝑐𝑡 = 𝑗) is the probability of model transition from regime 𝑖 to 

𝑗, under the condition that ∑ 𝜋𝑖𝑗
𝑁
𝑗=1 = 1, and N is the total number of possible regimes. 

To the best knowledge, the most common hypothetical models adopted in the 

current literatures with the absence of the control factor 𝑢𝑡  are the constant velocity 

model, clockwise/counter-clockwise turn model, and constant acceleration model. These 

models correspond to the target with complex and unpredictable motion, as well as robot 

that is in a state of random walking or wandering.  

1. Constant velocity transition model (𝑐𝑡 = 1) 

[

𝑟𝑡
𝑠𝑡
�̇�𝑡
�̇�𝑡

] = [

1 0
0 1

𝑇 0
0 𝑇

0 0
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0 1
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0

0
𝑇2

2
𝑇 0
0 𝑇 ]

 
 
 
 
 

휀𝑡                              (3.10) 

where the horizontal and vertical position 𝑟𝑡 and 𝑠𝑡, as well as the velocity �̇�𝑡 and �̇�𝑡, form 

the state vector 𝑥𝑡 , 휀𝑡  is the 2-by-1 random noise, each component of which is 

conforming to the zero-mean normal distribution, to represent the uncertainty in system 

state transition, and T is the sampling interval. 

2. Clockwise/counter-clockwise turn transition model (𝑐𝑡 = 2,3) 

[
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휀𝑡     (3.11) 
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where 𝛺𝑡
2 = −𝑎/√�̇�𝑡

2 + �̇�𝑡
2  and 𝛺𝑡

3 = 𝑎/√�̇�𝑡
2 + �̇�𝑡

2  denotes the turning rate for 

clockwise and counter-clockwise turn, respectively, and 𝑎  is the typical maneuver 

acceleration of target. Since the turning rate is time variant and is involved in the function 

of target velocity, the clockwise/counter-clockwise turn transition model is highly non-

linear. 

The above two models both assume that the horizontal and vertical velocities are 

constant. In order to consider the scenario where velocities change, the following model 

is considered. 

3. Constant acceleration transition model (𝑐𝑡 = 4) 

[
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휀𝑡             (3.12) 

where �̈�𝑡−1 and �̈�𝑡−1 represent the horizontal and vertical acceleration of the target motion. 

4. Velocity motion transition model  

The above three motion models correspond to the random target motion with no 

presence of the control 𝑢𝑡. Nevertheless, it is necessary to consider the scenario where the 

robot motion is under control, e.g. following a pre-defined path or executing explicit 

motion commands for some specific tasks. Generally, since many commercial robots can 

be controlled through two variables, the translational velocity 𝑣  and the rotational 

velocity 𝜔 , the control 𝑢𝑡  can be incorporated into (3.1) by these two variables to 
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formulate the control transition model.. Therefore, the control 𝑢𝑡  at time index 𝑡  is 

usually denoted as 

𝑢𝑡 = (
𝑣𝑡
𝜔𝑡
)                                                          (3.14) 

 This model is referred to as the velocity motion transition model defined in (3.15), 

corresponding to the robot motion under a specific controlling sequence, e.g. to move 

forward at 1m/s for 5s, to rotate at 0.1π rad/s for 5s (turning right), and then to move 

forward at 2m/s for 10s. 

[
𝑟𝑡
𝑠𝑡
] =

[
 
 
 
 𝑟𝑡−1 −

𝑣𝑡
�̂�𝑡
sin 𝜃 +

𝑣𝑡
�̂�𝑡
sin (𝜃 + �̂�𝑡𝑇)

𝑠𝑡−1 +
𝑣𝑡
�̂�𝑡
cos 𝜃 −

𝑣𝑡
�̂�𝑡
cos (𝜃 + �̂�𝑡𝑇)]

 
 
 
 

                              (3.15) 

where [
𝑣𝑡
�̂�𝑡
] = [

𝑣𝑡
𝜔𝑡
] + [

1 0
0 1

] 휀𝑡 in order to incorporate the noise in control, and 𝜃 is the 

robot orientation, which is illustrated in a global coordinate system in Fig. 3.2, along with 

the robot position at (x,y). 

All these models can be applied in the particle filter for the step of system state 

estimation. Fig. 3.3 to Fig. 3.5 illustrates the sampling from the models without control in 

the x-y plane. For the constant velocity and acceleration model, the initial position, 

horizontal and vertical velocities and acceleration are set as (0,0), 1m/s, and 1m/s2, 

respectively. For the counter-clockwise mode, the initial position and maneuver 

acceleration is (10,10) and -2m/s2, respectively. For all the models, the sampling interval T 

is 0.5s. In each of the sampling, 300 particles are deployed, represented by the dots in the 

figure, and the arrow denotes the path in an ideal noise-free environment. Fig. 3.6 

illustrates the sampling from the velocity motion model. The robot is executing a control  
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Figure 3.2: Robot pose in a global coordinate system 

 

sequence of three phases: 

𝑢𝑡 =

{
 
 

 
 (
1
0
)    0𝑠 < 𝑡 ∗ 𝑇 < 1𝑠

(
1
2
)    1𝑠 < 𝑡 ∗ 𝑇 ≤ 2𝑠

(
1
0
)    2𝑠 < 𝑡 ∗ 𝑇 ≤ 3𝑠

                                               (3.16)  

where the solid line again represents the noise-free path, the robot initial position is at 

(3,3), the sampling interval T is 0.1s, and 300 particles are deployed. It can be clearly 

shown from all these figures that, the uncertainty in the system is increasing along with 

the state evolution, represented by the large dispersion of the samples in the space area. 

 

(0, 0) 

(x, y) 

𝜃 

x 

y 
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Figure 3.3: Particle sampling from the constant velocity transition model 

 

Figure 3.4: Particle sampling from the counter-clockwise turn transition model 
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Figure 3.5: Particle sampling from the constant acceleration transition model 

 

Figure 3.6: Particle sampling from the velocity motion transition model 
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3.3.2    Proactive Particle Sampling 

The technique of multi-model is able to deal with complex target motions. The key factor 

is the model transition matrix 𝛱 defined in (3.9), which governs how different models are 

selected in each time index. Normally, the model transition matrix is usually set 

according to the following rules:  

1) the probability of maintaining the current model (the value of the diagonal 

elements) is larger than switching to other models, 

2) the probability of switching to constant velocity model otherwise (the value of the 

first column) is larger, 

3) the probability of switching to other models otherwise are then equal. 

At the beginning of each cycle of the particle filtering, each particle is sampled by 

one of the four hypothetical models. The first sampling process operates according to the 

initial probability 𝑝0 = [𝜋1 𝜋2 𝜋3 𝜋4], whereas in the following sampling process, the 

model switching is governed by the model transition matrix. 

As argued before, in many literatures, the model transition matrix is usually 

constant, which is unable to optimally deal with target with changing motion patterns. In 

this thesis, a novel model transition matrix is proposed, in which the probability of model 

transition can be adaptively modified according the current target motion pattern. 

Specifically, an adaptive vector  Φt = [𝜙1
𝑡  𝜙2

𝑡  𝜙3
𝑡  𝜙4

𝑡] is introduced, where 𝜙𝑖
𝑡 represents 

the sample’s current potential of switching to model 𝑖 at next time index. The value of Φ𝑡 

is set according to Gaussian distribution centered at 𝜙𝑖
𝑡, and 𝜙𝑖

𝑡 is selected according to 

the following process. After each observation is incorporated, the weights of some 
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particles are increased. With all the particles generated by the same model  𝑖 , the 

adaptability of model 𝑖  is calculated as the proportion of the particles with increased 

weights to all the particles generated by this model. And the model i with highest 

adaptability (largest proportion) is selected as 𝜙𝑖
𝑡, the center of the Gaussian distribution. 

Correspondingly, the model transition matrix Π is adaptively updated at each filtering 

cycle as 

Π𝑡
′ = [

𝜋11
𝑡−1 ⋯ 𝜋14

𝑡−1

⋮ ⋱ ⋮
𝜋41
𝑡−1 ⋯ 𝜋44

𝑡−1
] [
𝜙1
𝑡−1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜙4

𝑡−1
]                            (3.17) 

and each row is normalized to satisfy that ∑ 𝜋𝑖𝑗
𝑡4

𝑗=1 = 1 to obtain Π𝑡, which is used in the 

next cycle of particle filtering. 

 

3.4    Fuzzy Logic-based Estimated Velocity Difference 

In the standard particle filter, all the system transition models are used to propagate the 

state vector from time index 𝑡 − 1 to 𝑡. However, one drawback can be seen from the 

system dynamic equation (3.1) that the estimation of object state are all based on time 

step up to 𝑡 − 1, thus neglecting the information in the current state at 𝑡. The drawback is 

theoretically inevitable in the standard particle filter due to the fact that the system 

transition model 𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡)  is often used as the proposal distribution to predict 

𝑏𝑒𝑙̅̅ ̅̅ (𝑥𝑡) from 𝑏𝑒𝑙(𝑥𝑡−1), and observation is incorporated into the system belief only after 

this state prediction. Consequently, the standard particle filter is unable to take into 

account the most recently observed state, making the system prone to loss of tracking and 
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localization of object with unpredictable motions. To be specific, the constant velocity 

transition model and the clockwise/counter-clockwise turn transition model both assume 

that the velocity of the target remains stable with only some minor errors. Although the 

constant acceleration transition model takes velocity change into consideration, it is 

unable to handle the change of target direction, e.g. a target moving forward might 

abruptly turn to other directions. 

To deal with this issue, many research of the particle filter has been conducted on 

how to design a better proposal distribution to account for the most recent observation 

[77][79][87][88]. In [89], an approach of target velocity estimation was proposed using 

the first-order differentiation value to update the proposal distribution of the particle filter. 

The basic idea is that, the abruptness of the target motion change can be alleviated by 

estimating the current state of position or velocity before incorporating the observation 

data. Specifically, the target current velocity can be derived from the previous position 

and velocity. This is also known as the velocity estimation problem, which exists in many 

control-related applications [90], including motion control, manipulator control. In 

general, the velocity estimation method in [89] was based on the finite difference method 

with window size of 1. Although simple and fast, this method only incorporates samples 

in two time indexes. It can be easily verified that this method is more precise with the 

window size growing, which will produce a smaller variance of the velocity estimation 

but unfortunately will also introduce delay and reduce reliability [91]. A promising 

alternative solution is thus to adjust the window size adaptively. Based on this idea, a 

novel velocity estimation approach is proposed in this section. 
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3.4.1    Finite Difference Method of Euler Approximation 

In general, velocity estimation algorithms can be classified into two classes: fixed-time 

and fixed-position, with respect to time or space that is used to estimate the velocity, 

respectively [92]. A typical velocity estimation method adopts the finite difference 

method (FDM) given in (3.18), taking the horizontal velocity �̇�𝑡 as an example, without 

loss of generality. 

𝑟�̂̇� =
𝑟𝑡 − 𝑟𝑡−𝑛
𝑛𝑇

                                                       (3.18) 

where 𝑟�̂̇� is the estimated velocity, 𝑟𝑡 is the horizontal position at time index 𝑡, 𝑇 is the 

sampling time, and 𝑛 is the window size. 

 

3.4.2    Fixed Window Size versus Varied Window Size 

The simple and easy-to-implement method uses the window size 𝑛 = 1 [89]. However, as 

argued above, there is a trade-off between a large and a small window size. Specifically, 

a small window size is with good real time response and is able to capture the most recent 

change in velocity, but is inevitably more vulnerable to noise and error. On the other 

hand, a large window size is more robust to random fluctuations, but it also decreases the 

sampling rate, thus having a delay-response and unable to reflect the most recent change 

in velocity, as well as consuming more computational resources which is often not well 

available on robotic platform. Therefore, setting the windows size as a constant for all 

cases is usually not an optimal solution. The alternative solution here is to adaptively 

change the window size according to different conditions. 
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The principle of adaptive windowing is to change the size of the windows according 

to actual motions of the target. Specifically, if the target is moving with high velocity, the 

windows size should be small to increase the sampling rate in order that any fast changes 

in velocity can be promptly captured. On the other hand, if the target is moving slowly, 

the windows size can be large to decrease the sampling rate so the effect of noise can be 

minimized. In [91], the velocity estimation approach was proposed based on the criterion 

whether the samples inside the windows size was covered within an uncertainty band, 

which was pre-defined by the noise in velocities. Although the effectiveness of this 

approach has been proved, it requires an additional step of auxiliary smoothing to be 

more robust. 

In this section, the fuzzy logic is adopted [93] for the velocity estimation to update 

the proposal distribution of the particle filter, because it is well suitable for dealing with 

approximation rather than accuracy, and has no requirement of system parameters. 

Specifically, the fuzzification is the process of changing a real scalar value into a fuzzy 

value. This is achieved with the different types of fuzzifiers, or membership functions, 

which are used to associate a grade to each fuzzy value. The simplest membership 

functions are formed using straight lines, for example, the triangular membership 

function which is a collection of three points forming a triangle, and the trapezoidal 

membership function which has a flat top and is a truncated triangle curve. These 

straight-line membership functions have the advantage of simplicity. Two other popular 

types of membership functions are the generalized bell membership function and 

Gaussian membership function, due to their smoothness and being nonzero at all points. 

The Gaussian membership function is built on the Gaussian distribution curve. The bell 
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membership function has one more parameter than the Gaussian membership function, so 

it can approach a non-fuzzy set if the free parameter is tuned. Because of their 

smoothness and concise notation, Gaussian and bell membership functions are popular 

methods for specifying fuzzy sets. However, although the Gaussian membership 

functions and bell membership functions can achieve smoothness, they are unable to 

specify asymmetric membership functions, which is important in certain applications. 

The sigmoidal membership function, which is either open left or right, is an asymmetric 

and closed membership function that can be synthesized using two sigmoidal functions. 

Besides, the polynomial curves based membership functions include the Z, S, and Pi 

curves, all named because of their shape. The Z based function is the asymmetrical 

polynomial curve open to the left, S based is the mirror-image function that opens to the 

right, and Pi based is zero on both extremes with a rise in the middle. 

In this section, the triangular function is adopted due to its simple form and high 

efficiency of implementation. Another reason is that it can well adapt to the range of the 

target velocity researched in this thesis. 

3.4.3    Adaptive Windowing with Fuzzy Logic 

The target horizontal velocity �̇�𝑡 at time index 𝑡 is estimated according to (3.18). In order 

to detect the high velocity and low velocity, the variable of the difference of the target 

position between 𝑡 − 1 and 𝑡 − 2, namely ∆𝑟𝑡−1, is introduced. Meanwhile, in order to 

detect the potential change of the velocity, another variable of the difference of the 

velocity between 𝑡 − 1 and 𝑡 − 2, namely ∆�̇�𝑡−1, is used. These two variables are defined 
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as below in (3.19). The adaptive setting of the window size 𝑛 depends on these two 

values of  ∆𝑟𝑡−1 and ∆�̇�𝑡−1. 

∆𝑟𝑡−1 = 𝑟𝑡−1 − 𝑟𝑡−2
∆�̇�𝑡−1 = �̇�𝑡−1 − �̇�𝑡−2

                                                 (3.19) 

A normal fuzzy logic is implemented for setting the windows size 𝑛, and the  ∆𝑟𝑡−1 

and ∆�̇�𝑡−1 are selected as the two input of the fuzzy logic. The membership function 𝜇  of 

the fuzzy logic is shown in Fig. 3.7, which is designed as the triangular function in 

interval between 0 and 1. In this triangular membership function, there are 5 fuzzy values 

adopted, namely NL, NM, ZE, PM and PH, which means negative low, negative medium, 

zero, positive medium and positive high, respectively. The choice of 5 fuzzy values can 

reasonably represent the changing of the target velocity, while less fuzzy values are not 

able to and more fuzzy values will affect the efficiency and effectiveness of the velocity 

estimation. The details of the fuzzy rules are shown in Table 3.1, according to the 

following criteria. 

1) If ∆𝑟𝑡−1 and ∆�̇�𝑡−1 are PH, the target velocity is high and with the potential of 

greatly increasing, thus the windows size should be small in order to promptly 

capture the change. 

2) If ∆𝑟𝑡−1 and ∆�̇�𝑡−1 are NL, the target velocity is low and barely changes, thus the 

windows size should be large to minimize the effect of noise and error. 

3) If ∆𝑟𝑡−1 and ∆�̇�𝑡−1 are ZE, the target velocity and its potential are both mild and 

comparatively stable, thus the window size should be medium to keep the balance 

between precision and reliability. 
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Figure 3.7: Membership functions of fuzzy-logic 

4) If ∆𝑟𝑡−1 is PH while ∆�̇�𝑡−1 is NL, the velocity is high but comparatively stable, 

the window size could be medium to weaken the noise effect while keeping a 

close track of the high velocity. 

5) If ∆𝑟𝑡−1 is NL while ∆�̇�𝑡−1 is PH, the velocity is low and just about to increase, 

the window size should be medium to be ready to grow, in order to capture the 

possible increase of the target velocity. 

The fuzzy output NL corresponds to a large window size, PH to a small window 

size, and all others to a medium window size in between. The typical Weighted Average 

Method for defuzzification is chosen to calculate the windows size 𝑛, expressed as: 

𝑛 = 𝑛𝑚𝑎𝑥 − 𝑘𝑜
∑𝜇(�̅�) �̅�

∑ 𝜇(�̅�)
                                                      (3.20) 

where 𝑛𝑚𝑎𝑥  is the upper bound of the window size which is case-specific, 𝑘𝑜  is the 

output gain, �̅� is the median of the membership output, 𝜇 is the membership function.  

 

𝜇 

PH PE ZE NM NL 

-2 -1 0 1 2 
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Table 3.1 Fuzzy rules of velocity estimation 

 ∆𝑟𝑡−1 

NL NM ZE PM PH 

∆�̇�𝑡−1 

NL NL NL NL PM ZE 

NM NL NL PM ZE PM 

ZE NL PM ZE PM PH 

PM PM ZE PM PH PH 

PH ZE PM PH PH PH 

 

Once the window size is obtained, the estimated horizontal velocity is calculated 

according to (3.18), the estimated vertical velocity can be calculated in a similar way. 

Then the velocity estimator can be calculated as 

𝑣𝑒𝑡 = [
�̇�𝑒𝑠𝑡𝑡
�̇�𝑒𝑠𝑡𝑡

] = [
𝑟�̂̇� − �̇�𝑡
�̂̇�𝑡 − �̇�𝑡

]                                                 (3.21) 

which is then incorporated into the multi-model system dynamics (3.8) as: 

𝑥𝑡 = 𝑓𝑡
𝑐𝑡(𝑥𝑡−1, 𝑢𝑡) + Γ ∙ 휀𝑡 + 𝑣𝑒𝑡                                         (3.22) 

thus the system transition models (3.10) ~ (3.12) are updated as: 

[

𝑟𝑡
𝑠𝑡
�̇�𝑡
�̇�𝑡

] = [

1 0
0 1

𝑇 0
0 𝑇

0 0
0 0

1 0
0 1

] [

𝑟𝑡−1
𝑠𝑡−1
�̇�𝑡−1
�̇�𝑡−1

] +

[
 
 
 
 
𝑇2

2
0

0
𝑇2

2

𝑇 0
0 𝑇]

 
 
 
 

휀𝑡 + [

0
0
�̇�𝑒𝑠𝑡𝑡
�̇�𝑒𝑠𝑡𝑡

]                     (3.23) 

[

𝑟𝑡
𝑠𝑡
�̇�𝑡
�̇�𝑡

] =

[
 
 
 
 
 
 
 
1 0
0 1

sin𝛺𝑡
𝑐𝑡𝑇

𝛺𝑡
𝑐𝑡

cos𝛺𝑡
𝑐𝑡𝑇 − 1

𝛺𝑡
𝑐𝑡

1 − cos𝛺𝑡
𝑐𝑡𝑇

𝛺𝑡
𝑐𝑡

sin𝛺𝑡
𝑐𝑡𝑇

𝛺𝑡
𝑐𝑡

0 0
0 0

cos𝛺𝑡
𝑐𝑡𝑇 −sin𝛺𝑡

𝑐𝑡𝑇

sin𝛺𝑡
𝑐𝑡𝑇 cos𝛺𝑡

𝑐𝑡𝑇 ]
 
 
 
 
 
 
 

[

𝑟𝑡−1
𝑠𝑡−1
�̇�𝑡−1
�̇�𝑡−1

] +

[
 
 
 
 
 
𝑇2

2
0

0
𝑇2

2
𝑇 0
0 𝑇 ]

 
 
 
 
 

휀𝑡 + [

0
0
�̇�𝑒𝑠𝑡𝑡
�̇�𝑒𝑠𝑡𝑡

]    (3.24) 
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[
 
 
 
 
 
𝑟𝑡
𝑠𝑡
�̇�𝑡
�̇�𝑡
�̈�𝑡
�̈�𝑡]
 
 
 
 
 

=

[
 
 
 
 
 
1 0 𝑇
0 1 0
0 0 1

0 𝑇2 2⁄ 0

𝑇 0 𝑇2 2⁄
0 𝑇 0

0 0 0
0 0 0
0 0 0

1  0     𝑇      
0  1      0     
0  0      1     ]

 
 
 
 
 

[
 
 
 
 
 
𝑟𝑡−1
𝑠𝑡−1
�̇�𝑡−1
�̇�𝑡−1
�̈�𝑡−1
�̈�𝑡−1]

 
 
 
 
 

+

[
 
 
 
 
 
 
 
𝑇2

2
0

0
𝑇2

2
𝑇 0
0 𝑇
1 0
0 1 ]

 
 
 
 
 
 
 

휀𝑡 +

[
 
 
 
 
 
 
0
0
�̇�𝑒𝑠𝑡𝑡
�̇�𝑒𝑠𝑡𝑡
�̈�𝑒𝑠𝑡𝑡
�̈�𝑒𝑠𝑡𝑡]

 
 
 
 
 
 

          (3.25) 

Note that for the acceleration model, the acceleration estimator �̈�𝑒𝑠𝑡𝑡  and �̈�𝑒𝑠𝑡𝑡  can be 

calculated following the same fuzzy-logic-based method. In addition to the linear velocity 

estimation of the target motion, the fuzzy based adaptive windowing velocity estimator is 

integrated into system dynamics as an additional information. Therefore, the effect of the 

sensing noise can uncertainties can be reduced and the tracking of the target motion can 

be more accurate, and the prediction of the state of the system is more reliable. 

 

3.5    Algorithm of Adaptive MM with Fuzzy-based Estimation 

The proposed algorithm of adaptive multi-model with fuzzy-logic velocity estimation is 

illustrated in Fig. 3.8 and the pseudo code is shown in Algorithm 1. Overall in this 

chapter, the system dynamics in the proposed PF is enhanced in two main aspects, 

namely the multi-model with adaptive transition matrix and the fuzzy-based windowing 

velocity estimation. It differs with and improves against the standard PF in that, in the 

standard PF, the system dynamics is either single-model or multi-model with constant 

transition matrix which is usually empirically set, and the velocity estimation is simply 

based on the window size of 1, with no consideration of the actual conditions of the 

system environment. 
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Figure 3.8: The proposed algorithm of adaptive multi-model with fuzzy-logic velocity estimation 
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Algorithm 1: Adaptive Multi-Model and Fuzzy-Logic--based Velocity Estimation 

Inputs: the previous particle set {χ𝑡−1} , the current model transition matrix Π𝑡 , 

observation 𝑧𝑡, control 𝑢𝑡, 
Variables: particle weight 𝑤𝑡

𝑖, number of particles 𝑚 

Outputs: the current particle set {χ𝑡} 

set {χ𝑡}={∅}, 𝑤𝑡
𝑖 = 0, 

for 𝑖 = 1 to 𝑚, do 

 generate random 𝑥𝑡−1
𝑖  from {χ𝑡−1} according to weights in 𝑤𝑡−1

𝑖 , 

 sample from the motion models: 𝑥𝑡
𝑖 = 𝑓𝑡

𝑐𝑡(𝑥𝑡−1
𝑖 , 𝑢𝑡) + Γ ∙ 휀𝑡 + 𝑣𝑒𝑡 according to Π𝑡, 

 calculate the weight: 𝑤𝑡
𝑖 = 𝑝(𝑧𝑡|𝑥𝑡

𝑖), 

 add {𝑥𝑡
𝑖 , 𝑤𝑡

𝑖} to {χ𝑡} 

end for  

normalize 𝑤𝑡
𝑖, 

calculate the potential of each model and update Π𝑡 to get Π𝑡+1, 

resample {χ𝑡}, 
estimate the density of {χ𝑡} to get the current system state 𝑏𝑒𝑙𝑡, 
estimate the velocity based on 𝑏𝑒𝑙𝑡−1 and 𝑏𝑒𝑙𝑡, and update the transition models, 

      return {χ𝑡} 

 

3.6    Summary and Conclusion 

This chapter introduced the technique of the proactive particle sampling using the 

methods of adaptive multiple model of system state transition and the fuzzy-logic-based 

velocity estimation to update the proposal distribution of the particle filter. 

In details, instead of setting the model transition matrix as constant, the matrix was 

updated in each cycle of the particle filtering by calculating the transition potential of 

each model, and the potential of each model was obtained by the proportion of the 

number of particles generated by this model to the total number of particles. As a result, 

the matrix was updated in a way that model with higher potential was assigned with a 
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higher transition probability. Meanwhile, each transition model was adjusted by the 

fuzzy-logic based velocity estimation to keep track of the most recent changes in target 

motion, while maintaining good robustness to the effect of noise and error. 
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Chapter    4 

 

Active System Observations in Bayesian Filtering 

 

4.1    Introduction 

The system observations, or the environment measurement, comprise of the second major 

domain in probabilistic robotics, functioning as the correction to the system state 

estimation from the system dynamic models in Chapter 3. Generally, the observation 

model describes the process of how the sensor data are generated from the surrounding 

physical world and how they can be processed and incorporated in to the system beliefs 

by probabilistic approaches. 

Nowadays in robotic applications, there are a variety of different sensing modalities, 

including range sensors, image sensors, tactile sensors, object detectors, etc. Each sensor 

is applicable to its specific scenario and the modeling approach depends on the sensor 

type. Generally, the image sensor, e.g. the camera, is best modeled by projective 
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geometry, whereas the range sensor is best modeled by emitting signal and detecting its 

reflection on the surface of the object in the environment. 

As for the target tracking and localization in this thesis, the most important factor is 

the context of distance, e.g. the distance between robot and human user for tracking, the 

distance between robot and the reference objects in the environment for localization. 

Therefore, the main type of sensor selected in this thesis is the range sensor. The range 

sensors are among the popular sensors in robotics and there exists a wide variety of range 

sensors. The sonar sensor works by emitting a signal and recording its echo, under the 

law of wave reflection. It is easy to deploy and is widely available since many 

commercial robots are equipped with sonar sensor. Moreover, recently in many robotic 

applications, the WLAN signal is commonly used due to its vast availability [94], and the 

received signal strength (RSS) is selected as the measurement cue. According to the path 

loss law, the detected RSS can be mapped as the distance between signal sender and 

receiver. 

 

4.2    Probabilistic Sensor Observation Models 

In order to explicitly incorporate the noise of the sensor measurements into Bayesian 

filtering, specific observation models are required. As mentioned in Chapter 3, for 

probabilistic filtering methods, the sensor observation model can be defined as the 

conditional probability distribution 𝑝(𝑧𝑡|𝑥𝑡), where 𝑥𝑡 is the system state (target location) 

and 𝑧𝑡 is the measurement. This distribution specifies the probability of measurement 𝑧𝑡 

at the location 𝑥𝑡, or in other words, how the observation 𝑧𝑡 is generated from the current 
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system state 𝑥𝑡. Although this approach is addressed with the range sensors in this thesis, 

the underlying principles are also applied to other types of sensors, such as camera or 

landmark detector. 

There are two main reasons to model the sensor in the probabilistic way. Firstly, it 

is inevitable for the sensor signal to be noise-free. The noise can either from signal 

generation or from signal processing. Furthermore, the response characteristic of a sensor 

depends on some variables that cannot be modeled explicitly, such as the material of the 

surface that affects the signal reflection, and the density of air that affects the signal 

strength. By modeling the sensor measurements as the probability distribution  𝑝(𝑧𝑡|𝑥𝑡), 

instead of a deterministic function 𝑧𝑡 = 𝑓(𝑥𝑡) , these uncertainties can be well 

accommodated. 

4.2.1    Basic Observation Models 

The main benefit of modeling sensor measurements in the probabilistic way is the 

avoidance of extremely crude model to cover all details of the physical world. Instead, 

the task is how to design the specific models to accommodate different types of 

uncertainties that may affect the sensor measurements. One simple and basic model is to 

consider the observation as a Gaussian distribution centered at the sensing data: 

𝑝(𝑧𝑘|𝑥𝑘)~𝑁(𝜇, σ)                                                       (4.1) 

where the mean 𝜇 denotes the sensing data and σ2 is the variance. When referring to two 

dimension, 𝜇 is the mean vector and the variance matrix Σ replaces the variance. Fig. 4.1 

illustrates the Gaussian model in both one and two dimensions, assuming that the 

measurement is at the position (75, 75) in the x-y plane. 
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Figure 4.1: Gaussian-based observation model in one and two dimension 

 

Although the proposed technique in this thesis has no requirement of Gaussian 

assumption, the Gaussian models are still adopted and researched in this section. This is 

due on the fact that many independent random processes can be well modeled using the 

Gaussian-based distribution, including the important classes of signal and noise. Besides, 

the Gaussian distribution is the root of various probabilistic theories and filters. Therefore, 

the Gaussian represented system observations can collaborate well with other Gaussian-

based techniques and also be seamlessly incorporated into the system beliefs. Moreover, 

the multiple Gaussian models can be conveniently fused to formulate a distribution of 

multi-sensor observation, due to its efficient computation. 

However, merely modeling the observation uncertainties as the measurement noise 

in the form of Gaussian is unable to cover the types of noise and error that are caused by 

other factors, e.g. measurement failure, unexpected object, unexplained random noise, etc. 

Hence, in order to incorporate these factors, four observation models are adopted in this 

thesis and the ultimate desired distribution 𝑝(𝑧𝑡|𝑥𝑡) is the mixture of these four densities. 
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         1.  Measurement noise model 

The measurement noise model corresponds to the case where the sensor detects the 

correct range but inevitably subject to natural noise and error. This model is simply 

denoted as a Gaussian distribution centered at the detected range, as show before: 

𝑝𝑛(𝑧𝑡|𝑥𝑡) = {   
𝜂𝒩(𝑧𝑡; 𝑧𝑡

∗, 𝜎𝑛
2)      𝑖𝑓 0 ≤ 𝑧𝑡

∗ ≤ 𝑧𝑚𝑎𝑥
0                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                        (4.2) 

where 𝑧𝑡
∗  is the detected range, 𝑧𝑚𝑎𝑥  the maximum sensor range, 𝒩  the normal 

distribution, and 𝜂 the normalization factor since the distribution only covers the state 

space [0, 𝑧𝑚𝑎𝑥]. The measurement noise model is illustrated in Fig. 4.2. 

 

    2.  Unexpected object model 

Since the system operational environment is dynamic, the range sensor is likely to 

detect unexpected object. For example, instead of detecting the wall, the sonar may detect 

people passing by or other moving objects, making the measurement incorrectly shorter 

than expected. The probability in such situations can be modeled as an exponential 

distribution (4.3) since the likelihood of detecting unexpected object decreases with range.  

𝑝𝑢(𝑧𝑡|𝑥𝑡) = {   𝜂𝜆𝑢𝑒
−𝜆𝑢𝑧𝑡

∗
     𝑖𝑓 0 ≤ 𝑧𝑡

∗ ≤ 𝑧𝑚𝑎𝑥
0            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                           (4.3) 

where 𝜆𝑢 is the parameter of the exponential distribution. This model is illustrated in Fig. 

4.3. 

 



 93 

 

Figure 4.2: Measurement noise observation model 

 

 

Figure 4.3: Unexpected object observation model 

𝑧𝑡
∗ 𝑧𝑚𝑎𝑥 

𝑝𝑛(𝑧𝑡|𝑥𝑡) 

𝑧𝑡
∗ 

𝑝𝑢(𝑧𝑡|𝑥𝑡) 

𝑧𝑚𝑎𝑥 
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    3.  Measurement failure model 

Sometimes the sensor entirely misses the target and simply returns a maximum 

range measurement 𝑧𝑚𝑎𝑥. This situation is called “measurement failure”, which happens 

frequently. The measurement failure can be modeled as a point-mass function centered at 

the maximum range 𝑧𝑚𝑎𝑥, given as (4.4) and illustrated in Fig. 4.4. 

𝑝𝑓(𝑧𝑡|𝑥𝑡) = {   
1     𝑖𝑓 𝑧𝑡

∗ = 𝑧𝑚𝑎𝑥
0         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                          (4.4) 

 

   4. Random noise model 

The last model is to cover the unexplainable noise in the measurement. These 

noises are due to some factors that cannot be modeled explicitly, e.g. phantom readings 

of sonar. For simplicity, the random noise model is designed as a uniform distribution 

spread over the entire range space [0, 𝑧𝑚𝑎𝑥] in (4.5) and Fig. 4.5. 

𝑝𝑟(𝑧𝑡|𝑥𝑡) = {   
1
𝑧𝑚𝑎𝑥⁄       𝑖𝑓 0 ≤ 𝑧𝑡

∗ ≤ 𝑧𝑚𝑎𝑥
0                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                 (4.5) 
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Figure 4.4: Measurement failure observation model 

 

 

Figure 4.5: Random noise observation model 

𝑧𝑡
∗ 𝑧𝑚𝑎𝑥 

𝑝𝑓(𝑧𝑡|𝑥𝑡) 

𝑧𝑡
∗ 𝑧𝑚𝑎𝑥 

𝑝𝑟(𝑧𝑡|𝑥𝑡) 
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Figure 4.6: Typical weighted-average observation mode 

 

Finally, the above four models are merged together by a weighted average to 

represent a single sensor measurement, which is given in (4.6) and illustrated in Fig. 4.6. 

𝑝(𝑧𝑡|𝑥𝑡) = (

𝑤𝑛
𝑤𝑢
𝑤𝑓
𝑤𝑟

)

𝑇

∙

(

 

𝑝𝑛(𝑧𝑡|𝑥𝑡)

𝑝𝑢(𝑧𝑡|𝑥𝑡)

𝑝𝑓(𝑧𝑡|𝑥𝑡)

𝑝𝑟(𝑧𝑡|𝑥𝑡))

                                            (4.6) 

where 𝑤𝑛, 𝑤𝑢, 𝑤𝑓 and 𝑤𝑟 denotes the weight of the corresponding models, satisfying that 

𝑤𝑛 + 𝑤𝑢 + 𝑤𝑓 +𝑤𝑟 = 1. 

4.2.2    Multiple Sensor Measurement Fusion 

Usually a single sensor measurement is far from enough for reasoning and filtering. 

Hence, many sensors generate one measurement with multiple information, e.g. the 

𝑧𝑡
∗ 𝑧𝑚𝑎𝑥 

𝑝(𝑧𝑡|𝑥𝑡) 
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picture returned by camera contains brightness, saturation, color, etc., or more than one 

numerical value in each cycle, e.g. many range finders generate entire scans of ranges. In 

other cases, multiple sensors are deployed in the environment to measure the same 

context. As for location estimation, there are often more than one sensors to detect the 

target distance. This approach requires the sensor fusion method. Specifically, the 

multiple sensor measurements can be denoted as: 

𝑧𝑡 = {𝑧𝑡
1, … , 𝑧𝑡

𝐾}                                                        (4.7) 

where 𝐾 is the total number of measurements and 𝑧𝑡
𝑘  is used to refer to an individual 

measurement at time 𝑡. 

One simple fusion method adopted in this thesis is to obtain the final likelihood of 

observation 𝑝(𝑧𝑡|𝑥𝑡) as the product of the individual measurements: 

𝑝(𝑧𝑡|𝑥𝑡) =∏𝑝(𝑧𝑡
𝑘|𝑥𝑡)

𝐾

𝑘=1

                                              (4.8) 

 Fig. 4.7 shows this fusion method in the case where four sensors are measuring the 

RSS to detect the target location in a two-dimensional x-y plane. Note that only the 

measurement noise model is considered here, without loss of generality. 
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Figure 4.7: Two dimensional Gaussian-based multi-sensor fusion 

 

4.2.3    Analysis of the Basic Models 

The use of integration of multiple observation models to take into account different 

scenarios has a strong robustness to many of the processing errors and signal noise. 

However, due to the randomness of error and noise, each sensor measurement is 

contaminated with different level of uncertainty. This fact results in one possible 

drawback of the multiple observation models, which is, there is no mechanism to 

differentiate or evaluate the uncertainty in each measurement. Instead, the filtering 

process passively incorporates all measurements in an indiscriminate manner. This issue 

needs to be considered since not all sensor data are comparatively accurate and reliable, 

which is usually the case in the physical world. 

Another weakness of the passive and indiscriminate observation is that, it is based 

on the assumption that the state of the target will not greatly change in a short period of 

time. Although feasible for many of the cases, this assumption fails in some harsh 
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scenarios. For example, in the robotic kidnapping problem, the location of the robot will 

be greatly and suddenly change, which makes the system observation vastly change as 

well. This situation also applies when the target is transported in an offline period during 

which the observation is unable to capture this change. The vast change of observation in 

this case is not resulted from error but from real fact. Therefore, this issue cannot be 

simply treated in a pure probabilistic way. 

To deal with the above two issues, firstly a mechanism of evaluation of sensor 

measurement quality is introduced in the following section. Then based on this evaluation 

mechanism, the method of active observation selection is proposed. 

 

4.3    Entropy-based Active Observation 

Theoretically, the system transition increases the uncertainty in system state estimation 

while observation decreases it. Due to the noise in the sensing process, each observation 

has different performance on decreasing and increases the uncertainty. In this section, 

entropy is used as the main measurement to evaluate the uncertainty in the state 

estimation, and furthermore to actively select the sensor observations with higher quality. 

4.3.1    Concept of Entropy 

Information entropy, or Shannon entropy [95], is a measure of the uncertainty associated 

with a random variable 𝑥 and its corresponding probability 𝑝(𝑥) in the state space 𝑋: 

𝐻(𝑋) =∑𝑝(𝑥)
1

log 𝑝(𝑥)
𝑥∈𝑋

= −∑𝑝(𝑥) log 𝑝(𝑥)

𝑥∈𝑋

                      (4.9) 
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with 𝑝(𝑥) = 0 that 0 ∙ log 1 0⁄ = 0. The properties of entropy can be given as follows. 

 𝐻(𝑋) ≥ 0, with equality holds iff 𝑝(𝑥) is a point-mass distribution, 

 𝐻(𝑋) ≤ 𝑙𝑜𝑔(𝐴), with equality holds iff 𝑝(𝑥) is a uniform distribution over [0, A]. 

Fig. 4.8 shows the extremes where the two equalities hold. From this figure, it can 

be seen that if the probability distribution is more centered at a specific range, meaning 

that the system is more certain about its state, the corresponding entropy is smaller, and 

vice versa. Hence, the value of entropy can be utilized to measure the level of uncertainty 

in system belief. In other words, in order to make the system more confident about its 

state, the corresponding entropy should be minimized. Therefore, the task here can be 

formulated as an entropy minimization problem. 

4.3.2    Entropy Enhanced Observation in Particle Filter 

In order to compute the entropy of the particle filter, the density of the particles need to 

be extracted at first. Several techniques are able to estimate the density from the particle 

set, among which the histogram filter is an extremely efficient option. The discrete 

histogram filter is superimposed over the particles in the state space and the probability of 

each bin is computed as the sum of all weights of the particles covered by that bin. 

Therefore, the entropy of a particle set is calculated according to the corresponding 

entropy of its density estimated by the histogram filter. 

𝐻(𝑋) = ∑𝑝(𝑏)
1

log 𝑝(𝑏)
𝑏∈𝐵

= ∑ ((∑ 𝑤𝑖

𝑥𝑖∈𝑏
) ∗

1

log∑ 𝑤𝑖
𝑥𝑖∈𝑏

)

𝑥∈𝑋,𝑏∈𝐵

             (4.10) 

where 𝑏 denotes the bin, 𝑝(𝑏) is the probability of 𝑏. 
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Figure 4.8: Entropy extremes for point-mass and uniform distribution 

 

Theoretically, after each integration of the observation, the uncertainty in the 

system state estimation decreases, that is 𝐻(𝑋𝑡|𝑧𝑡) < 𝐻(𝑋𝑡) . Inevitably, due to the 

sensing uncertainty, if 𝐻(𝑋𝑡|𝑧𝑡) > 𝐻(𝑋𝑡), then this observation is probably incorrect and 

hence is defined as unacceptable. The entropy-based filtering only uses the observation 𝑧𝑡 

with which 𝐻(𝑋𝑡|𝑧𝑡) < 𝐻(𝑋𝑡). If 𝐻(𝑋𝑡|𝑧𝑡) > 𝐻(𝑋𝑡), then the observation 𝑧𝑡 is discarded 

and another observation 𝑧𝑡  at the same time index is collected, making the system 

observation highly active. 

Moreover, as argued before, one possible drawback of the entropy-based 

localization technique is that this approach is unable to reliably handle the localization 

failure [96], which is also known as kidnapping problem. This phenomenon can be 

explained straightforwardly that after localization failure or the robot being kidnapped 

and teleported to another unknown location in the off-line phase, a large portion of the 

𝑝(𝑥) 

 

 𝑥 

𝑥 𝑥∗ 

𝑝(𝑥) 

 

 𝑥 

𝑥 𝐴 
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sensor readings, including the correct ones, will be largely different from the previous 

readings. Although these readings are not due to error or uncertainty, they will still be 

naturally discarded, due to the function of the above entropic observation selection, thus 

making it difficult to reflect the real location. To deal with this issue, the entropic 

observation selection is modified in the way that, if all the observations 𝑧𝑡  in 𝑛 

consecutive collections yield larger entropy, then the system state jump is inferred and 

the mean of the three 𝑧𝑡 is selected as the observation at time index 𝑡. The number of 𝑛 is 

set according to specific applications, considering the trade-off between accuracy and 

efficiency. 

 

4.4    Algorithm of Entropy-based Particle Filter 

The proposed algorithm of entropy-based active system observation is shown in 

Algorithm 2. Overall in this chapter, the proposed PF is mainly enhanced in the aspect of 

system observations. The most significant difference between the proposed PF and the 

standard PF is the adoption of entropy to measure the quality of the system observations. 

In the standard PF, all system observations are treated equal, which is unable to 

differentiate the abnormally corrupted measurements due to sensing failure or robot 

kidnapping, from the normally noise-corrupted ones. While in the proposed PF, entropy 

is introduced to measure the observation quality and the quality is used to calculate the 

weight of each corresponding observation. The principle is that, normally corrupted 

observations are assigned larger weights, and vice versa. 
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Algorithm 2: Entropy-based Active System Observation 

Inputs: the particle set {χ�̅�}  sampled by system transition model, number of 

observations 𝑛, the current observation 𝑧𝑡
𝑛, 

Variables: particle weight 𝑤𝑡
𝑖, number of particles 𝑚, 

Outputs: the current particle set {χ𝑡} after incorporating observation 

set {χ𝑡}={∅}, 𝑤𝑡
𝑖 = 0, 𝑛 = 1, 

calculate the entropy of {χ�̅�} as 𝐻(χ�̅�), 
do 

    collect observation 𝑧𝑡
𝑛 

    for 𝑖 = 1 to 𝑚, do 

     calculate the weight: 𝑤𝑡
𝑖 = 𝑝(𝑧𝑡

𝑛|𝑥𝑡
𝑖), 

     add {𝑥𝑡
𝑖, 𝑤𝑡

𝑖} to {χ𝑡}, 

    end for 

    normalize 𝑤𝑡
𝑖, 

calculate the entropy of {χ𝑡} as 𝐻(χ𝑡), 
          𝑛 = 𝑛 + 1 

while 𝐻(χ𝑡) > 𝐻(χ�̅�) and 𝑛 < 3 

end do-while 

resample {χ𝑡}, 
      return {χ𝑡} 

4.5    Summary and Conclusion 

In this chapter, the system observation model was modified in a way that it was able to 

active select sensor measurements, according to the corresponding entropy in the system 

belief. Specifically, only the sensor measurements that decreased the belief entropy were 

incorporated, whereas those increase the entropy were treated unacceptable and discarded. 

The case of system jump was also considered in a way that, when several consecutive 

measurements all increased the entropy, the state jump was inferred. 

The advantage of the proposed PF based on the techniques introduced in this and 

previous chapter is that it is able to predict the system state more accurately using 

adaptive multi-model and fuzzy-based velocity estimator, and to correct the system 
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prediction with less noise-corrupted observations. The result is the ultimate system belief 

which is able to more closely reflect the actual environment situations and to provide the 

more reliable contexts for the higher-level context reasoning in applications and services.  
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Chapter    5 

 

Monte Carlo Planning and Control 

 

The previous chapters are mainly about how to process the information input into the 

robotic system to reason about the high-level contexts. However, in many cases where 

assistive service is required, the capability of processing the input data and estimating the 

quantities of interests from the surrounding environment is not fully satisfactory. The 

ultimate objective in many assistive context-aware robotic applications is how to choose 

the right action according to the situations and the tasks. This issue is also known as the 

automatic and autonomous planning and control. Some of the typical examples include 

the unknown environment exploration, coastal navigation, etc. In this chapter, the 

scenario of the autonomous path planning in the indoor environment is considered and a 

corresponding Monte Carlo based planning and control algorithm is proposed. 
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5.1    Introduction 

5.1.1    Markov Decision Process 

For a robotic agent, the issue of choosing the right action can be formulated as the 

problem of sequential decision making. The corresponding well-known underlying 

mathematical framework dealing with this issue is the Markov Decision Process, or MDP 

[97]. By definition, an MDP is the specification of a sequential decision making problem 

for a fully observable environment with a Markov transition model and additive rewards. 

The three main components of a typical MDP are the initial state, state transition model 

and reward function. The solution of an MDP case is a control policy that guides the 

agent to choose the right action according to the agent’s state in each time index. In other 

words, a policy is a mapping from states to actions. With a policy, the agent will know 

what to do next, no matter what state the agent currently resides in. The objective of an 

MDP is to find the optimal policy with which the agent will collect maximum reward in 

finite or infinite time horizons by choosing the actions that are mapped from states by the 

policy. Since the consequences of the actions are inevitably corrupted by uncertainty, the 

objective is then to find the maximum expected reward. 

The structure of the MDP can be summarized as a dynamic decision network, with a 

strong resemblance to that of the dynamic Bayesian network that is illustrated in Chapter 

3. The specifics of the MDP is shown in Fig. 5.1, in which 𝑥𝑡 still represents the system 

state at time index 𝑡, 𝑧𝑡 the observation of the system state. Compared with Fig. 3.1, here, 

𝑢𝑡, the system control or agent action, is made explicit since the choice of action plays an 
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Figure 5.1: The generic structure of dynamic decision network 

 

important role. Moreover, 𝑟𝑡, the reward of each action if executed at time index 𝑡, is 

incorporated into this structure. According to the assumption that the system state is fully 

observable, the observation model 𝑝(𝑧𝑡|𝑥𝑡)  is deterministic. However, it allows for 

stochastic effects of actions, so the state transition model 𝑝(𝑥𝑡|𝑥𝑡−1, 𝑢𝑡)  is still a 

probability distribution. In general, the underlying scheme of MDP is a Markov Chain, 

combined with the choices of actions. 

5.1.2    Partially Observable Markov Decision Process 

The MDP framework can be utilized to solve the problems of sequential decision making 

in an exact manner for finite world, where the states, actions, observations and horizons 

are all finite. However, the main drawback is that the successful implementation of the 

MDP relies on the usually false assumption that the environment or state is fully 
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𝑧𝑡−1 𝑧𝑡 
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𝑧𝑡+1 

𝑟𝑡−1 𝑟𝑡 𝑟𝑡+1 
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observable, i.e., it denies any uncertainties in the observation model of the system, which 

is not applicable in the real world. Therefore, the MDP framework that can incorporate 

the uncertainties in the observed information is developed, namely the partially 

observable Markov decision process (POMDP). 

The POMDP can be considered as a combination of the general MDP and the hidden 

Markov model. It allows for the uncertainties in both the actions and observations. 

Specifically, at each time index, the agent receives a probabilistic observation that is a 

noisy projection of the agent’s state. As a result, the observation model 𝑝(𝑧𝑡|𝑥𝑡) in Fig. 

5.1 is a probability distribution. The uncertainties in the observations result in that the 

agent cannot directly observe the exact current state, thus unable to rely on the policy 

mapping from states to actions. In order to make a decision, the agent instead holds a 

belief, which is the probability distribution over all the states the agent might find itself in, 

given the sequence of observations and actions so far. It is straightforward to think that 

the expected value of the belief can be used as the estimate to the current state for the 

control policy. This method, however, only works well when there is no sudden change 

in the state of the agent, which is not always true in practical applications. Therefore, 

conditioned on the mode of the posterior is not a viable solution. Instead, conditioning on 

the belief state is necessary. Hence, the corresponding policy is the mapping from beliefs 

to actions. 

Similar to MDP, the main components of POMDP is the initial belief, belief 

transition model and reward function for belief. The general decision making cycle in 

POMDP is 1) to execute the action according to current belief and policy, 2) to receive a 

new observation, and 3) to update the current belief, e.g., using the filtering techniques. 
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Due to the characteristic of incorporating the uncertainties in both action and 

observation, POMDP is applicable for many of the cases in real world. In the aspect of 

path planning of the context-aware assistive robotic system, the objective is to find the 

optimal or proper paths for specific tasks in a certain environment. Here, the state is the 

location of the robot which, as researched in previous chapters, cannot be directly sensed 

but only approximated in the form of a belief. Therefore, the framework of POMDP is 

utilized for the task of path planning in this chapter. 

5.1.3    Value Iteration Algorithm 

One popular and well-understood algorithm to solve the MDP case is the classical value 

iteration [98]. The basic idea of the value iteration algorithm is to calculate a value 

function for all the states and then to use these values to select the action optimally in 

each time index. The importance of defining the value function over all state spaces in 

non-deterministic environment is that it is capable of dealing with the stochastic effects 

of the actions that can lead the agent to any state in the state space. 

In the case of MDP, where state is fully observable, the central update equation in 

value iteration is called the Bellman equation, or Bellman update [99], given as 

𝑉𝑇(𝑥) = 𝛾max
𝑢
[𝑟(𝑥, 𝑢) + ∫𝑉𝑇−1(𝑥

′)𝑝(𝑥′|𝑢, 𝑥)𝑑𝑥′]                       (5.1) 

where 𝑉𝑇(𝑥) is the value of state 𝑥 at time index 𝑇, 𝑢 the action, 𝛾 the discount factor for 

the additive rewards, 𝑟(𝑥, 𝑢) the rewards for action 𝑢 at state 𝑥, 𝑝(𝑥′|𝑢, 𝑥) the transition 

probability of state 𝑥 to state 𝑥′ with action 𝑢 executed. Since the update process of the 

states is in the reverse temporal order, the value iteration is also referred to as the backup 
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step. For practical purpose, the integration over the continuous state space is usually 

approximated by discrete decomposition, where the integration is replaced by the finite 

sum and the value 𝑉𝑇(𝑥) is implemented as a look-up table. 

With 𝛾, 𝑟(𝑥, 𝑢) and 𝑝(𝑥′|𝑢, 𝑥) known, the procedure of the value iteration is first to 

assign a random value to each state and then to use the Bellman equation to calculate the 

value of each state in an iterative manner. It is proved that if the Bellman equation is 

applied infinitely often, i.e., 𝑇 → ∞, convergence is guaranteed and a unique equilibrium 

will be reached. The resulted value 𝑉𝑇(𝑥) for each state is the unique solution and the 

corresponding optimal policy is then obtained according to the value 𝑉𝑇(𝑥). In practical 

applications, an error bound is adopted to control the runtime of the algorithm to avoid 

the infeasible infinite iterations. 

As mentioned in previous parts, for the more general case of POMDP where the 

state 𝑥 is not fully observable, the agent has to select actions according to the belief 

instead of the concrete state. The belief is a posterior distribution over states, and the 

belief space is the space of all the posterior beliefs that the agent might hold about the 

environment. The corresponding Bellman equation is therefore implemented over the 

belief space, shown as 

𝑉𝑇(𝑏) = 𝛾max
𝑢
[𝑟(𝑏, 𝑢) + ∫𝑉𝑇−1(𝑏

′)𝑝(𝑏′|𝑢, 𝑏)𝑑𝑏′]                       (5.2) 

where the state 𝑥 in (5.1) is replaced by the belief 𝑏, which is not a concrete value but a 

probability distribution. 
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The theoretically correct replacement of state by belief brings practical problems. In 

many cases, the belief space is continuous so there are infinite numbers of different 

values of 𝑉𝑇(𝑏). Moreover, instead of integrating over a finite number of values in (5.1), 

(5.2) is an integration over the belief which is a probability distribution. There is no 

guarantee that this integration can be carried out exactly, or proper approximation can be 

found. The key factor in (5.2) is 𝑝(𝑏′|𝑢, 𝑏), the probability of reaching state 𝑏′ from state 

𝑏  after executing action 𝑢 . This is a distribution over distribution that cannot be 

calculated in an exact manner. To avoid this complexity, it is beneficial to re-express the 

term 𝑝(𝑏′|𝑢, 𝑏) by explicitly showing the observation 𝑧 

𝑝(𝑏′|𝑢, 𝑏) = ∫𝑝(𝑏′|𝑢, 𝑏, 𝑧)𝑝(𝑧|𝑢, 𝑏)𝑑𝑧                                (5.3) 

where 𝑝(𝑏′|𝑢, 𝑏, 𝑧) is a distribution calculated from 𝑏, 𝑢, and 𝑧 using the Bayes filter, 

given as 

𝐵(𝑥) = 𝑝(𝑥′|𝑧, 𝑢, 𝑏) = 𝜂𝑝(𝑧|𝑥′)∫𝑝(𝑥′|𝑢, 𝑥)𝑏(𝑥)𝑑𝑥                  (5.4) 

Consequently, (5.2) can be rewritten as 

𝑉𝑇(𝑏) = 𝛾max
𝑢
[𝑟(𝑏, 𝑢) + ∫ [∫𝑉𝑇−1(𝑏′)𝑝(𝑏

′|𝑢, 𝑏, 𝑧) 𝑑𝑏′] 𝑝(𝑧|𝑢, 𝑏)𝑑𝑧]      (5.5) 

where the inner integration ∫𝑉𝑇−1(𝑏′)𝑝(𝑏
′|𝑢, 𝑏, 𝑧) 𝑑𝑏′ has only one non-zero term since 

𝑝(𝑏′|𝑢, 𝑏, 𝑧)  is a distribution with a single belief calculated from 𝑢 , 𝑏  and 𝑧 , so the 

integration over the belief 𝑏′ is degraded into a single-value term and the whole update 

(5.5) only depends on the integration over the observations 𝑧, which is more convenient 

and efficient than the original update in (5.2). The last term, 𝑝(𝑧|𝑢, 𝑏), the probability of 
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receiving observations 𝑧 after executing action 𝑢 with belief 𝑏, can be further factorized, 

which will be examined with more details in the following sections. 

 

5.2    General Algorithms of POMDP 

The assumption of partial observability brings more complexity to the algorithm of 

POMDP. It has been proved that, for the special case of finite world, where the state 

space, the action space, the observation space and the planning horizon are all finite, the 

original value iteration can be applied in an exact manner and the corresponding value 

functions can be represented as the piecewise linear functions over the belief space. 

However, the value iteration algorithm in this case is computationally cumbersome, and 

even intractable for the more general POMDP cases. Hence, the main principle of solving 

the general POMDP is to approximate the planning process in order to yield 

computational improvements, while still maintaining good performance in practical 

applications. As a result, the best-known performance of the general POMDP solutions 

comes from the results produced by various ways of approximations to the original value 

iteration algorithm. 

5.2.1    QMDP 

The QMDP [100] algorithm can be considered as a hybrid of the solutions of MDP and 

POMDP, which shortcuts the probabilistic planning by assuming that at some point in the 

future, the states become fully observable, so that the MDP-optimal value iteration can be 

implemented in a direct and exact manner. The advantage of QMDP is that it is as 
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computationally efficient as the MDP, but still returns a policy that is defined over the 

belief space instead of the state space. 

In MDP case, an optimal policy can be found by computing the values for all the 

states using (5.1). However, the resulting values are defined over states, which is not 

applicable to the case of partial observability. The QMDP algorithm extends the values of 

states to the values of belief as shown below. 

𝑉𝑇(𝑏) = 𝐸𝑥[𝑉𝑇(𝑥)] =∑𝑝𝑖𝑉𝑇(𝑥𝑖)

𝑁

𝑖=1

                                           (5.6) 

where the value of belief is generalized as the expected value of state, 𝑁 the number of 

states and 𝑝𝑖 = 𝑏(𝑥𝑖)  the probability of state 𝑥𝑖 . Therefore, with values of all states 

calculated using the original value iteration (5.1), the values of beliefs can be represented 

as the linear combination of the values of states, and the optimal policy can be found by 

iterating all possible actions 𝑢. 

5.2.2    Augmented MDP 

The principle of the Augmented MDP algorithm, or AMDP [101][102], is to compress 

the continuous and high-dimensional belief space into a low-dimensional representation 

and then to use this compact representation for efficient planning. Specifically, the 

AMDP relies on the assumption that the belief space can be summarized by a lower-

dimensional sufficient statistic 𝑓 , which is the mapping between the high and low 

dimensional space. The optimal policy is then obtained from 𝑓(𝑏) instead of 𝑏. 

In AMDP, the compact representation is chosen as the tuple 
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�̅� = 𝑓(𝑏) = (
argmax

𝑥
𝑏(𝑥)

𝐻𝑏(𝑥)
)                                                  (5.7) 

where 𝐻𝑏(𝑥) = −∫𝑏(𝑥) log 𝑏(𝑥) 𝑑𝑥  is the entropy of the belief. This compact 

representation is called the augmented state space. In order to perform value iteration in 

this augmented state space, in AMDP the augmented state space is discretized and the 

values of the states are represented as a look-up table. Then the transition probabilities 

and reward functions over the augmented state space are constructed by learning from 

Monte Carlo simulations through a sampling procedure, in which the frequency statistic 

is used to calculate how often an augmented belief �̅� transits to another belief �̅�′ under an 

action 𝑢, and what is the average reward induced by this transition. 

Although the AMDP algorithm relies heavily on the assumption that 𝑓 is a sufficient 

statistic of the original belief 𝑏  and that the system is Markov with respect to the 

augmented belief �̅�, it is highly practical due to its efficiency and approximation. There 

are also some similar algorithms to AMDP which are developed by adding more features 

into the statistic 𝑓 , or by using different statistics other than the entropy, e.g., the 

moments of the belief distribution (mean, variance), the eigenvalues and eigenvectors of 

the covariance, etc. However, the underlying principles are the same. 

5.2.3    Monte Carlo POMDP 

The Monte Carlo POMDP algorithm, or MC-POMDP [103], approximates the general 

POMDP by condensing the corresponding belief space using the particle filter and 

machine learning approaches. The advantage of the MC-POMDP is that it is able to 

represent the value functions over any arbitrary state space and has no requirement for the 
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state space to be finite, due to the characteristics of particle filter. In order to use the 

sampling algorithm, 𝑝(𝑧|𝑢, 𝑏), the probability of receiving observations 𝑧 after executing 

action 𝑢 with belief 𝑏 in (5.5), further resolves as 

𝑝(𝑧|𝑢, 𝑏) = ∬𝑝(𝑧|𝑥′)𝑝(𝑥′|𝑢, 𝑥)𝑏(𝑥)𝑑𝑥𝑑𝑥′                              (5.8) 

which, taken into (5.5), gives 

𝑉𝑇(𝑏) = 𝛾max
𝑢
[𝑟(𝑏, 𝑢) +∭𝑉𝑇−1(𝐵)𝑝(𝑧|𝑥

′)𝑝(𝑥′|𝑢, 𝑥)𝑏(𝑥)𝑑𝑥𝑑𝑥′𝑑𝑧]    (5.9) 

where 𝑉𝑇−1(𝐵) is the value of the integration ∫𝑉𝑇−1(𝑏
′)𝑝(𝑏′|𝑢, 𝑏, 𝑧) 𝑑𝑏′ and 𝐵  is the 

belief calculated from 𝑢 , 𝑏  and 𝑧 . The multi-variable sampling procedure is then 

performed as 𝑥~𝑏(𝑥), 𝑥′~𝑝(𝑥′|𝑢, 𝑥) and 𝑧~𝑝(𝑧|𝑥′) to calculate the belief 𝐵, which is 

similar to the general particle filter algorithm. 

Furthermore, the representation of the value function is required. In the MC-

POMDP algorithm, the value function is defined and calculated over the particle set, and 

the control policy is a mapping from particle sets to actions, i.e. 𝜒 → 𝑉(𝑏), where 𝜒 is the 

particle set propagated by belief 𝑏. The local learning algorithm reminiscent of nearest 

neighbor is used to compute the value functions that can be updated by particle set. 

Specifically, this algorithm maintains a set of reference beliefs 𝜒𝑘 with associated values 

𝑉𝑘, and the value of the query belief with unseen particle set 𝜒𝑞𝑢𝑒𝑟𝑦 is then calculated on 

its 𝐾 nearest neighbors 𝜒1…𝜒𝐾, using Shepard’s interpolation, shown as 

𝑉(𝜒𝑞𝑢𝑒𝑟𝑦) = 𝜂∑
1

𝑑𝑘
𝑉𝑘

𝐾

𝑘=1

                                                 (5.10) 
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where 𝑑1…𝑑𝐾  are the distances between the query belief and the reference beliefs, 

calculated by the KL-divergence. 

Using particles, the advantages of the MC-POMDP are thus similar to those of the 

particle filter. It can maintain a relatively small set of beliefs and is applicable to 

continuous states, actions, and measurements. However, it inevitably has its own 

drawbacks and limitations, which will be examined in the following sections, along with 

the corresponding improvements in accordance with the characteristics and requirements 

of the assistive context-aware robotic applications and tasks. 

 

5.3    Enhanced MC-POMDP 

The MC-POMDP algorithm relies on several approximations. The use of particle set 

constitutes one such approximation. The second one comes from the learning algorithm 

of nearest neighbors for the value function representation. The last approximation is due 

to the Monte Carlo style value iteration, which by nature relies on convergence. In this 

section, the drawbacks and limitations resulted from these approximations are examined, 

and the corresponding enhancements of the traditional MC-POMDP algorithm are 

explored and researched. 

5.3.1    Entropy Weighted Monte Carlo Backup 

In the traditional MC-POMDP, the normal value iteration backup step (5.1) for the 

general MDP case is reconstructed as a Monte Carlo simulation in (5.9). Meanwhile, in 
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order to compute the value function, it is necessary to split the maximization over actions 

in (5.9) to explicitly specify the action 𝑢 in the value function. 

𝑉𝑇(𝑏, 𝑢) = 𝛾 [𝑟(𝑏, 𝑢) +∭𝑉𝑇−1(𝐵)𝑝(𝑧|𝑥
′)𝑝(𝑥′|𝑢, 𝑥)𝑏(𝑥)𝑑𝑥𝑑𝑥′𝑑𝑧]    (5.11) 

𝑉𝑇(𝑏) = max
𝑢
[𝑉𝑇(𝑏, 𝑢)]                                                 (5.12) 

The value function 𝑉𝑇(𝑏, 𝑢) is computed in a Monte Carlo simulation instead of the 

exact integration. In each simulation for a certain action 𝑢, a sample state 𝑥 is randomly 

selected from the current belief 𝑏, or particle set 𝜒. This sample is processed through 

particle filter to propagate a new particle set 𝜒′ and its value 𝑉(𝜒′) is computed using the 

nearest neighbor algorithm. This process is carried out repeatedly for N times, where N is 

a pre-defined parameter, and the corresponding value 𝑉𝑇(𝑏, 𝑢)  for the action 𝑢  is 

computed as the expectation 

𝑉𝑇(𝑏, 𝑢) = 𝑉𝑇(𝜒, 𝑢) = ∑
1

𝑛
𝛾[𝑟(𝑥𝑛, 𝑢) + 𝑉𝑇−1(𝜒𝑛

′ , 𝑢)]

𝑁

𝑛=1

              (5.13) 

Although the Monte Carlo simulation converges to the true value if 𝑁 → ∞ or 𝑁 is 

sufficiently large, the expectation in (5.13) treats all particle sets 𝜒𝑛
′  with equal 

probability or weight, 1 𝑛⁄ . However, the sets resulted in each simulation are with 

different qualities, because some of the sets are closer to the true state than the others. 

Therefore, it is beneficial if these sets can be differentiated or evaluated. As mentioned in 

previous chapters, each of the resulting particle set obtained by the particle filter should 

theoretically contain less uncertainty, which is sometimes not true due to the stochasticity 

in the model transition and sensor observation. The particle set that is more corrupted by 
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noise should be able to be detected and processed with special attention. In order to 

achieve this aim, a technique to measure the uncertainty in the particle set using entropy 

is proposed. This technique is similar to that of the active selection of sensor observation 

in Chapter 4 but different in the implementation. 

In order to evaluate the particle set in each simulation, the particle set, or belief state, 

is modified in a way similar to the AMDP that the entropy of each set is integrated as a 

new index to construct an augmented particle representation 

�̅� = (
𝜒

𝐻(𝜒))                                                        (5.14) 

in which 𝐻(𝜒) is the entropy of the particle set 𝜒, computed as the sum of the entropy of 

the density of each bin 𝑏 ∈ 𝐵 estimated by the superimposed histogram filter, and the 

density of each bin is computed as the sum of all weights of the particles covered by that 

bin, shown as 

𝐻(𝜒) = ∑ 𝑝(𝑏𝑗)
1

log 𝑝(𝑏𝑗)𝑏𝑗∈𝐵

= ∑ ((∑ 𝑤𝑖

𝑥𝑖∈𝑏𝑗

) ∗
1

log∑ 𝑤𝑖
𝑥𝑖∈𝑏𝑗

)

𝑥∈𝜒,𝑏𝑗∈𝐵

        (5.15) 

The entropy is then integrated into the value function computation (5.13) as the 

weight of the corresponding particle set 𝜒𝑛
′ . The principle is that a large entropy signifies 

more uncertainty and a particle set with a comparatively large entropy needs to be less 

weighted. Consequently, the new form of the value function computation is shown as 

𝑉𝑇(𝑏, 𝑢) = 𝑉𝑇(𝜒, 𝑢) = ∑𝑤𝜒𝑛′ 𝛾[𝑟(𝑥𝑛, 𝑢) + 𝑉𝑇−1(𝜒𝑛
′ , 𝑢)]

𝑁

𝑛=1

                 (5.16) 
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where 𝑤𝜒𝑛′  is the weight of the particle set 𝜒𝑛
′  given as 

𝑤𝜒𝑛′ =

1
𝐻(𝜒𝑛′ )
⁄

∑ 1
𝐻(𝜒𝑛′ )
⁄𝑁

𝑛=1

                                                 (5.17) 

With the augmented particle representation, each set is weighted by its associated 

entropy in the process of the Monte Carlo backup. Implemented in this way, this 

algorithm is able to actively alleviate the negative impact of the particle sets that are with 

high entropy or uncertainty in the Monte Carlo simulations, thus enhancing the accuracy 

and efficiency of the approximation. 

5.3.2    Direct-sampling Computation of Value Function 

Another key issue of the MC-POMDP is how to represent the value function. It is a 

common approach to represent the states and value functions using discrete 

decomposition, similarly to the histogram representation. In general MDP cases and some 

POMDP cases where decomposition methods of approximation are adopted, the value 

function can be computed from states or discrete beliefs. However, this technique only 

works well in low dimensional state. In MC-POMDP with high dimension, the belief is 

represented by particle set and the value function is thus computed using particle set. 

Although this method can represent the value functions over any arbitrary state space, the 

particle set with usually large size of M is of M-dimensional and the probability of any 

particle set to be observed twice is zero, due to the stochastic nature of the particle 

propagation. 
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In the traditional MC-POMDP, the value function is represented using a local 

learning algorithm reminiscent of nearest neighbor as shown in (5.10). However, the 

adoption of the KL-divergence as the metric of distance has a couple of issues. Strictly 

speaking, the KL-divergence 𝐷𝐾𝐿(𝑃||𝑄) is not a true metric and is not a distance in the 

technical sense. It fails to obey the triangle inequality and it is not symmetric since in 

general𝐷𝐾𝐿(𝑃||𝑄) ≠ 𝐷𝐾𝐿(𝑄||𝑃) . Another issue is that, although the KL-divergence 

between two continuous probability distributions is well defined, it still requires special 

attention when applied to discrete particle set. In the traditional MC-POMDP, the particle 

set is converted into continuous distribution by convolving each particle using a Gaussian 

kernel with small fixed covariance. Although practically feasible, this method inevitably 

introduces additional approximations. These issues are ignored in the traditional MC-

POMDP. 

In order to alleviate the approximations introduced by the Gaussian kernel 

convolution and KL-divergence metric, the proposed algorithm in this section measures 

the distance between two particle sets in a direct manner using Monte Carlo sampling. 

Specifically, for the query particle set 𝜒𝑞𝑢𝑒𝑟𝑦 and one reference set 𝜒𝑘 , the associated 

measure of distance 𝑑𝑘  is computed by the expectation of all the Euclidean distances 

between two corresponding particles, each of which is directly sampled from the set 

𝜒𝑞𝑢𝑒𝑟𝑦 and 𝜒𝑘. 

𝑑𝑘 = 𝐸(||𝜒𝑞𝑢𝑒𝑟𝑦 − 𝜒𝑘||) =
1

𝑀
∑(||𝑥𝑞𝑢𝑒𝑟𝑦

𝑚 − 𝑥𝑘
𝑚||)

𝑀

𝑚=1

                 (5.18) 
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where 𝑀 is the number of the particles in each set, 𝑥𝑞𝑢𝑒𝑟𝑦
𝑚  is one instantiation sampled 

from the query set 𝑥𝑞𝑢𝑒𝑟𝑦
𝑚 ~𝜒𝑞𝑢𝑒𝑟𝑦  and 𝑥𝑘

𝑚  from the reference set 𝑥𝑘
𝑚~𝜒𝑘 . The 

expectation is simply calculated with equal probabilities. In this way, the distance of two 

particle sets is directly computed in a Monte Carlo manner, avoiding the necessity of 

approximate Gaussian kernels, as well as easing the burden of the convolution 

computation. 

5.3.2    Probability-based Action Selection 

In the general sequential decision making process, the action in each update cycle is 

usually selected according to the greedy principle, i.e., the algorithm traverses all 

applicable actions in each update and selects the action that yields the largest reward as 

the target action for the following system transition. The greedy principle is shown as 

𝑢∗ = argmax
𝑢

[𝑟(𝑏, 𝑢) + ∫𝑉𝑇−1(𝑏
′)𝑝(𝑏′|𝑢, 𝑏)𝑑𝑏′]                       (5.19) 

where 𝑢∗ is the target action. 

The greedy action selection is optimal at horizon 1. The reason for relying on greedy 

policy is that the enormous branching factor renders the multi-step planning nearly 

impossible, due to the unpredictable nature of practical implementations. When the agent 

acquires a new belief state, the action will be adjusted accordingly, which makes the 

previously decided action inapplicable. 

However, it is not always true that the greedy action selection is always the optimal 

policy. In practice, it may be advantageous to occasionally select a random action, 

especially in some special cases where the stochasticity is not overwhelming or the 
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environment is not harshly complex, e.g. in the indoor environment. Therefore, it is 

possible that proactive planning for the horizon 𝑇 > 1 is more optimal than the greedy 

action selection. However, random action selection is by nature not always reliable. In 

order to solve this issue, the proposed MC-POMDP implements the action selection 

according to the evaluation of the resulted value 𝑉(𝑏, 𝑢), instead of simply selecting the 

action with the highest reward or randomly. Specifically, after traversing all actions in 

each update cycle and obtaining all the values, each action is paired with its own value to 

form a tuple {𝑢𝑙, 𝑉(𝑏, 𝑢𝑙)}. Then all the tuples are gathered to formulate an action set 𝜃 in 

which the values of the actions are normalized and represented as the weights of the 

actions. The next step is similar to the sampling procedure in the particle filter algorithm, 

where the action for the next update cycle is selected in accordance with the weights as 

follows. 

𝑢∗ ~ 𝜃{𝑢𝑙 , 𝑤𝑢𝑙}                                                      (5.20) 

where 𝑢∗ is the optimal action, 𝜃 the action set, 𝑤𝑢𝑙 =
𝑉(𝑏,𝑢𝑙)

∑ 𝑉(𝑏,𝑢𝑙)
𝐿
𝑙=1

 the normalized weight 

of the associated action 𝑢𝑙 , and 𝐿 the dimension of the action space. This method of 

action selection can be considered as a balance between the greedy policy where only one 

certain action is selected and the random policy where no action is selected with certain. 

 

5.4    Algorithm of the Proposed MC-POMDP 

The algorithm of the proposed Monte Carlo POMDP is shown in Algorithm 3. 
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Algorithm 3: Monte Carlo POMDP 

Inputs: initial belief 𝑏 and value function 𝑉  

Variables: system transition model, observation model, control of action 𝑢, particle 

set 𝜒, 𝜒′, particle entropy 𝐻(𝜒), action weight 𝑤𝜒, action value 𝑉(𝑏, 𝑢), action set 𝜃 

Outputs: ultimate converged value function 𝑉 

sample state 𝑥~𝑏(𝑥) 
initialize 𝜒 with 𝑀 samples from 𝑏(𝑥) 
repeat until convergence of value function 𝑉 

for 𝑙 = 1 to 𝐿, do 

 𝑉(𝑏, 𝑢𝑙) = 0 

for 𝑛 = 1 to 𝑁, do 

select random 𝑥𝑛 ∈ 𝜒 

sample from the motion models: 𝑥𝑛
′~𝑝(𝑥𝑛

′ |𝑢𝑙 , 𝑥𝑛) 

sample from the observation model: 𝑧𝑛~𝑝(𝑧𝑛|𝑥𝑛
′ ) 

propagate the new particle set: 𝜒𝑛
′ = 𝐩𝐚𝐫𝐭𝐢𝐜𝐥𝐞_𝐟𝐢𝐥𝐭𝐞𝐫(𝜒, 𝑢𝑙 , 𝑧𝑛) 

calculate the entropy of the new set 𝐻(𝜒𝑛
′ ) according to (5.15) 

calculate the associate value function 𝑉(𝜒𝑛
′ , 𝑢𝑙) according to (5.18) and (5.10) 

end for 

calculate the weight of  particle set 𝑤𝜒𝑛′  by normalizing 
1

𝐻(𝜒𝑛
′ )

 according to (5.17) 

calculate the value of action 𝑉(𝑏, 𝑢𝑙) according to (5.16) 

add {𝑢𝑙 , 𝑉(𝑏, 𝑢𝑙)} into the action set 𝜃 

end for 

update value function: 𝑉(𝜒) = max
𝑢𝑙

𝑉(𝑏, 𝑢𝑙) 

normalize the values of actions: 𝑤𝑢𝑙 =
𝑉(𝑏,𝑢𝑙)

∑ 𝑉(𝑏,𝑢𝑙)
𝐿
𝑙=1

 

select the optimal action by sampling the action set: 𝑢∗ ~ 𝜃{𝑢𝑙 , 𝑤𝑢𝑙} 

sample from the motion model: 𝑥′~𝑝(𝑥′|𝑢∗, 𝑥) 

sample from the observation model: 𝑧~𝑝(𝑧|𝑥′) 

propagate the new particle set: 𝜒′ = 𝐩𝐚𝐫𝐭𝐢𝐜𝐥𝐞 _𝐟𝐢𝐥𝐭𝐞𝐫(𝜒, 𝑢∗, 𝑧) 

update the particle set: 𝑥 = 𝑥′, 𝜒 = 𝜒′ 

end repeat 

       return 𝑉 
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5.5    Summary and Conclusion 

In this chapter, an improved Monte Carlo POMDP algorithm was proposed in the aspects 

of the Monte Carlo backup computation, value function representation and action 

selection. The particle set was augmented by incorporating the index of entropy, which 

was further integrated into the Monte Carlo computation of the value function to alleviate 

the negative impact of the uncertainties in the set. The value function was represented by 

expectation of the distances between the particles from query set and the reference sets 

using the direct sampling instead of the KL-divergence to avoid the randomness that was 

introduced by Gaussian kernel convolution. The values of each action were normalized 

and represented as weights, which guided the action selection for the next update cycle, 

whereas in the traditional MC-POMDP, the action was selected simply based on the 

greedy principle or random principle. 
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Chapter    6 

 

Results and Analysis of Experimentation 

 

First, the proposed particle filtering method, including the adaptive multi-model, fuzzy-

logic velocity estimation, and the active sensor observation selection, is implemented in 

this chapter for the experimentations of human tracking and self-localization. Then the 

proposed Monte Carlo POMDP algorithm with entropy backup, sampling-based value 

function representation, and action selection, is implemented for two different 

autonomous path planning tasks in the indoor environment. All the experiments of 

tracking, self-localization and path planning are chosen and designed according to the 

context-aware robotic system requirements in Chapter 2, i.e. changing the system 

behaviors to adapt to the users visual and location contexts. The corresponding results are 

compared and analyzed. 
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6.1    Experimental Setup 

The mobile robot PeopleBotTM from MobileRobots Inc., shown in Fig. 6.1, is used for 

experimentations and analysis. Performance PeopleBotTM is an intelligent mobile robot 

specially designed and equipped for human-robot interaction research and applications. 

 

Figure 6.1: Experimental platform of PeoplebotTM 

 

The basic components of the PeopleBotTM include an aluminum body, balanced 

drive system (two-wheel with differential with casters), reversible DC motors, motor-

control and drive electronics and high-resolution motion, all managed by an onboard 

microcontroller and mobile-robot server software [104]. The height of the robot is 1,115 

mm with an adult people-height upper deck for sensing and interaction accessories, 

including a pan-tilt-zoom robotic color camera that is the input device for visual context. 

The designed and proposed particle filter method for tracking and localization and Monte 

Carlo POMDP algorithm for path planning is implemented on this platform. The 

proposed algorithms are programmed in the microcontroller. 
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For the circular robot that can turn on a spot, it is common to consider the two-

dimensional Cartesian coordinates only, ignoring the factor of rotation in order to keep 

the computational load manageable. The velocity of the robot is also ignored, assuming 

that the robot is able to move into any state of the environment in a reasonable time. 

In this chapter, firstly, the results of human face detecting and tracking method 

based on the proposed particle filtering are shown. The reason the human face is selected 

as the measurement cue is that in many assistive applications, the targets are human 

themselves. Next, the human-machine tracking and following experiments are carried out 

on the mobile robot in two types of real time scenarios: straight-line tracking and circular 

motion tracking. Then the experiments of robotic self-localization are performed for three 

types of motions: straight-line trajectory, circular trajectory, and random walking. In the 

end, the proposed Monte Carlo POMDP algorithm is used for the autonomous path 

planning task in the indoor environment for the task of automatic objects transportation 

for human users, as one type of assistive services. 

 

6.2    Face Tracking 

The human face detection algorithm is based on the algorithm developed in [105], which 

is able to detect human face in each frame of the video stream. Once the human face is 

detected in the frame, it is modeled as a Gaussian distribution according to (4.1). 
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6.2.1    Results and Analysis of Face Tracking 

The visual context input is the position of the detected human face, collected in real-time 

from the mounted camera. Two sets of human face detection results are shown in Fig. 6.2 

and in Fig. 6.3, with the standard PF and the proposed PF, respectively. In both sets, the 

human face is detected at a speed of 20 fps. All the frames in both figures are from videos 

with the similar target and environmental conditions. 

As indicated at each frame in Fig. 6.2, with complex background and conditions of 

light, the face detection with the standard PF exhibits several false detection regions. 

These false regions inevitably affect the detection performance and probably lead to 

tracking failure. On the other hand, in Fig. 6.3, under the same background and light 

conditions, the proposed PF method still identifies the human face and is able to track it 

correctly. Meanwhile, the proposed PF method also discards the background clutter and 

changes of light, thus remaining stable and accurate. 

The main reason of the false detections is that there is no perfect face detection 

algorithm that can reliably differentiate all non-face objects. In the proposed PF, these 

non-face detections can be effectively eliminated by the designed system dynamics and 

observations. Specifically, the effects of the system state jump, i.e. the case of the human 

face jumping from one place to a farther place in a short period of time, and the 

uncertainty-corrupted sensor measurements are reduced. While in the standard PF, all 

these effects are taken into the system belief. The outcome is that some particles are 

allocated to the incorrect positions or assigned with the incorrect weights, which produce 

the false detections in the final tracking results. 



 129 

 

 

 
  

Figure 6.2: Human face tracking with standard PF 
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Figure 6.3: Human face tracking with proposed PF 
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Figure 6.4: Human face tracking errors in row and column 

Fig. 6.4 compares the tracking errors in row and column of the proposed particle 

filter and the standard particle filter. The error is defined as the distance between the true 

position and the detected position of the human face, and is measured in the unit of 

centimeter. Moreover, if there are multiple detections in a single frame as Fig. 6.2 shows, 

the detected position is simply calculated as the mean of these positions. It can be shown 

from the figures that under mild tracking conditions with simple background and 

conditions of light, both PFs have similar tracking errors. However, in case of hard 

tracking conditions, the proposed PF enhances the tracking performance by around 50%, 

both in row errors and column errors. 
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6.3    Human-Robot Tracking and Following 

In this section, the robot is set to track and follow the human movement in real time, 

based on both the standard particle filter and the proposed particle filter.  

6.3.1    Straight-line Tracking and Following 

Fig. 6.5 shows the results of straight-line tracking of forward and backward motions with 

abrupt changes, under two different tracking error tolerances and moving speeds. 

The black curve and blue curve represents the proposed PF and the standard PF, 

respectively. The moving speeds are selected according to the study of human walking 

speeds [106], especially considering the elders and people with disabilities. Therefore, a 

normal speed at 100 mm/s and a relatively slower speed at 60 mm/s are considered. The 

circular motion speeds in the following part are selected in a like manner. Moreover, in 

both cases there is no dramatic change in the moving speed, due to the consideration that 

the elders and people with disabilities usually prefer and exhibit constant moving. 

However, the proposed technique can be also applied to the scenarios with fast-changing 

moving speeds. 

Specifically, in this experiment, the action of person is 1) to remain still (error=0, 

ideally), 2) to move forward (error<0), 3) to stop (error=0), 4) to move backward 

(error>0), 5) to stop (error=0), 6) to move forward (error<0), 7) to abruptly move 

backward (error>0), and 8) to stop at last. The objective of tracking is to maintain the 

human face in the center of the visual field by robot motion. In addition, the relative error 

is the ratio of the distance between the target position and the center point of visual field 
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Figure 6.5: Straight-line following with standard and proposed PF 

 

to the length or width of the visual field, and the tolerance represents how far the target 

position can deviate from the center point of visual field before the robot moves. The 

value 0 of the relative error means the ideal distance between the robot and the user, and 

the positive and negative values represent the scenarios in which the robot is too close to 

or too far away from the user. The maximal values of the relative errors depend on the 

actual environmental situations, including system setups, application requirements, etc. 
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On the other hand, higher speed makes the robot follow the user with better real time 

quality whereas comparatively less stable, which is shown from the error in (b) and (d). 

The best tracking performance happens in (a), with low tolerance and low speed. In 

addition, when abrupt motion change happens at around 80s in (a), (c) and 45s in (b), (d), 

the robot still maintains a good and fast response using the proposed PF. 

The advantage of the proposed PF with respect to the standard PF is that, with a 

more closely and accurate tracked human face, the motion of the robot can be better 

synchronized with that of the user. With a single correctly detection target, the robot has 

a more dedicated goal of moving. While in the case of using the standard PF, when there 

are multiple detections, the goal is not well determined and the tracking is unstable and 

more error-prone. The advantage is further clarified in the following section of circular 

tracking. 

Note that although only two speeds are considered, the tracking system performed 

well with other speeds less than 180 mm/s, which satisfies many cases of normal and 

slow human walking. 

6.3.2    Circular Tracking and Following 

The results of real-time circular motion tracking with two error tolerances and moving 

speeds are shown in Fig. 6.6.  
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Figure 6.6: Circular following with standard and proposed PF 

 

Again, while both the solutions have stable tracking, the proposed PF has a better 

performance than the standard PF with smaller tracking error. As shown in the results, the 

maximal value of the error is reduced from around 10% to 5%. And the maximal values 

still depend on the actual setup in this specific experiment and can hold different values 

in other experiments and implementations. The effect of different tolerance is that low 

tolerance makes the robot following more stable whereas in high tolerance, the robot acts 
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slowly, thus making the tracking errors less consistent. Similar to the case of straight-line 

tracking, the higher speed makes the robot act rapidly. However, one drawback in the 

higher speed is that when user stops, the robot exhibits oscillatory action, as shown in (b) 

and (d) at around 30s, 60s and 90s. That means the robot rotates clockwise and counter-

clockwise alternatively for a while until the user is fixed in the center of the visual field. 

The best tracking performance happens in (a), with low tolerance and low speed. In the 

circular motion tracking, the robot also has a good and fast tracking performance in the 

presence of abrupt motion change from counter-clockwise to clockwise, at around 80s in 

each case. 

 

6.4    Robotic Self-localization  

The experiments of robotic self-localization are performed in a two-dimensional 

plane with magnitude of 10m-by-10m which is decomposed into a 100-by-100 grid. Four 

wireless senders are set at each of the four corners and the robot can detect the signal 

strength from each sender. 

6.4.1    Static Self-localization 

In this section, the robot is programmed to localize itself while remaining still. Fig. 6.7 

shows the results of the static localization at the location with the grid of (67, 48).  

In this experiment, the robot remains at the same position in an indoor environment 

and locates itself repeatedly for 80 times, based on both the proposed PF and the standard 

PF for comparisons. However, in order to keep the diversity of the particles and to avoid  
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Figure 6.7: Static localization with standard and proposed PF 

the issue of sampling variance, the system dynamics in this case is only simulated as a 

small fluctuation, instead of absolutely staying static. From the results, it can be seen that 

the proposed PF improves the performance of the standard PF by approximately 30% in 

the localization error. Since the dynamic model in this case only has minor changes, the 

localization errors are largely from the uncertainties of observations. Therefore, the 

entropy plays an important role in this case and the decrease of the entropy in observation 

is mainly due to the correctly sensed data. The improvements of the performance are 

mostly contributed by the proposed entropy-based active selection of observation, which 
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is able to retain the sensing data that decrease the entropy, thus decreasing the system 

uncertainties accordingly.  

6.4.2    Localization in Pre-defined Straight-line Trajectory 

In this section, similarly the standard and proposed PF are both implemented on the 

typical localization of the straight-line motion in the indoor environment. The results of 

are shown in Fig. 6.8. 

In this scenario, the robot is moving in an indoor environment following a pre-

defined trajectory with different features, e.g. straight-line motion, abrupt turning motion. 

As seen from the results, in the straight-line movement, both the standard and proposed 

PF are able to maintain a stable localization, while the proposed PF still has improved the 

performance of localization with smaller errors. The largest errors happen around step 50, 

100 and 150, when the robot executes the abrupt turning motions. However, the proposed 

PF recovers quickly and still maintains relatively smaller errors than the standard PF, thus 

remaining stable, while the standard PF has relatively large errors around those steps and 

recovers relatively slowly. The results demonstrate that the proposed PF method has a 

better performance than the standard PF method, in that the proposed PF is able to 

alleviate the effect of uncertainties introduced by noise to maintain the good localization. 

Moreover, when the uncertainties are brought by complex and unexpected target motions, 

the proposed PF also has a robust and stable performance. Also by comparing Fig. 6.7 

and Fig. 6.8, it can be seen that the performance of static localization is better than that of 

dynamic localization, since there is no effect of the motion uncertainties in the static 

scenario. 
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Figure 6.8: Localization with standard and proposed PF in straight-line trajectory  

 

Figure 6.9: Entropy and model switching potential 
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To further demonstrate the effectiveness of the proposed PF, the entropy and the 

model switching potential in each localization step is shown in Fig. 6.9 (a) and (b), 

respectively. From (a) it can be seen that although the entropies in both the standard and 

proposed PF converge eventually, the entropy in the proposed PF drops faster. This 

phenomenon is because of the entropy-based system observation which only selects the 

measurements that strengthen the system belief. Moreover, it is also illustrated that the 

entropy in the standard PF is affected by the three abrupt turns of the trajectory, while the 

entropy in the proposed PF is more robust to the robot motion since the multi-model and 

fuzzy-based system prediction is able to alleviate the effect of abrupt system state change. 

In (b), the switching potential of the four models are shown to better clarify the 

mechanism of adaptive model transition. In this figure, the constant velocity model has 

the largest potential, while the potentials of the other three models all decrease gradually, 

except at the three turns, when the robot executes the motions of slowing down, turning, 

and accelerating. Similar conclusions can be made based on the results in the following 

sections of localization. 

 

6.4.3    Localization in Pre-defined Circular Trajectory 

To further test the feasibility of the proposed PF solution in other common situations, the 

experiments of circular motion localization are performed and the results are presented in 

Fig. 6.10. The results show that although both of the PFs have stable location estimations, 

again the proposed one exhibits better performance with relatively smaller errors. 
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Furthermore, by comparing Fig. 6.8 and Fig. 6.10, it can be seen that the standard PF 

has comparatively smaller errors in the case of straight-line motion localization than in 

the case of circular motion localization, except when the robot executes the abrupt 

turning motions. This phenomenon can be explained by the fact that the circular motion 

is relatively more complex than the straight-line motion, thus more difficult to be 

localized accurately. However, in the proposed PF, there are no such obvious 

discrepancies in the location estimations and the performances of localization are stable 

and reliable in both scenarios. 

Similarly, the entropy and model switching potential is shown in Fig. 6.11 (a) and 

(b). It can be seen that the entropy in the proposed PF still drops faster than that in the 

standard PF. Since the robot in this scenario only moves in a circle without any abrupt 

change of motion, the droppings of the entropies in both cases are smoother than they are 

in Fig. 6.9 (a). However, the entropies in both cases converge to a larger value than in the 

straight-line case, simply because the circular motion is more complex. Another 

consequence of the circular motion is shown in (b), where the potential of the clockwise 

model is dominant, whereas the potentials of all the other three decrease gradually. 
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Figure 6.10: Localization with standard and proposed PF in circular trajectory 

  

 

Figure 6.11: Entropy and model switching potential 
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6.4.4    Localization in Random Walking 

In the more general case of random walking, the localization results are shown in Fig. 

6.12 using both the standard and the proposed PF. In this scenario, there is no pre-defined 

trajectory and the robot is moving randomly with no strong correlation to a specific single 

motion model. This type of randomness complicates the system dynamic in that the target 

has no preference to a specific model. Therefore, all models should be considered all the 

time. Again, the results still show the superiority of the performance of the proposed PF 

that is able to closely track the random trajectory, especially at the moment when moving 

direction changes. Another feature is that the performance of the standard PF is also 

inferior compared with that in the pre-defined scenario, due to the presence of all models 

in the random-walking scenario instead of almost only one constant velocity model or 

clockwise/counter-clockwise model. 

Again, the entropy and models switching potentials is shown in Fig. 6.13 (a) and (b). 

Since the random walking motion is the most unpredictable in all the three scenarios, the 

entropies of both standard and proposed PF have the largest convergence value, although 

the entropy of proposed PF still drops faster. Similar to Fig. 6.9 (a), the entropy of 

standard PF is again affected by the two turnings in the robot motion, whereas the 

proposed PF remains robust. As for the model switching potential, since there is no 

dominant model in the random walking, there is no obvious increasing or decreasing in 

the potential values of a specific model, as shown in Fig. 6.13 (b), except that the 

potential of clockwise model increases by a small volume due to the two turnings of the 

robot motion. 
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Figure 6.12: Localization with standard and proposed PF in random walking 

 

 Figure 6.13: Entropy and model switching potential 
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6.5    Autonomous Path Planning 

In this section, the proposed Monte Carlo POMDP algorithm is implemented on the 

mobile robot to carry out two path planning tasks in the indoor environment. One is the 

direct path planning in which the robot is required to find a path from the starting point to 

the destination in an environment with a pre-defined layout. This situation is for the 

normal autonomous task execution, e.g., transporting objects from one place to another 

without user intervention. The other task is for information gathering, in which the robot 

only has limited knowledge about the destination. Therefore, the robot has to actively 

gather necessary information, e.g., moving to the users at a known location to obtain 

commands or requests, and then planning the path accordingly. 

6.5.1    Direct Path Planning 

The proposed MC-POMDP is implemented for an normal path planning task. The basic 

setup of the experiment is firstly introduced along with the corresponding general MDP 

policy. Then the results of the traditional and proposed MC-POMDP are illustrated, 

compared, and analyzed. 

6.5.1.1    Experiment Setup and MDP Policy 

The basic layout of the ordinary path planning is an indoor environment with a magnitude 

of 10m-by-10m, which is decomposed into a 10-by-10 grid. The robot is initially placed 

at the lower left corner and the destination is the lower right corner. In MDP, the robot is 

assumed to have noiseless observations. However, there is 20% randomness rejected into 

four stochastic actions, which are going up, down, left and right.  



 146 

  

Figure 6.14: MDP value functions and policy of direct path planning  

 

A pillar is close to the destination, which makes one upper wide corridor and one 

lower narrow corridor. The boundary of the room and the pillar needs to be avoided. This 

experiment is designed to validate the algorithm for some general assistive purposes, e.g., 

transporting a specific object for the users from one place to another. 

Fig. 6.14 (a) shows the layout of the indoor environment, as well as the color map of 

the MDP value functions with the range from -1 to 1, where only the stochasticity in the 

robot motion is considered and the observation is assumed to be noiseless. The 

destination at the lower right corner is assigned with the reward of 1 and the pillar is 

assigned with the reward of -1 since it is not accessible. Apparently, there are two 

possible paths in this situation, through the upper and the lower corridors, respectively. 

The difference of the two paths is due to the MDP policies iterating with different 

negative values of action reward 𝑟(𝑥, 𝑢) . When the value of action reward is 

comparatively smaller, the robot needs to arrive at the destination as soon as possible in 

(a) MDP value functions

 

 

1 2 3 4 5 6 7 8 9 10

1

2

3

4

5

6

7

8

9

10

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

(b) MDP policy

1 2 3 4 5 6 7 8 9 10

1

2

3

4

5

6

7

8

9

10 1



 147 

order to maximize the total rewards. Therefore, the corresponding MDP policy is to take 

the lower narrow corridor that is shorter but makes it more risky for the robot to collide 

with the wall and the pillar. On the other hand, when the reward is comparatively larger, 

the agent will take the upper path that takes more time but is safer.  Fig. 6.14 (b) shows 

the policy with a comparatively larger reward 𝑟(𝑥, 𝑢) = −0.035 and the agent prefers the 

upper path by taking the action of going up if at state (10,5). One possible path starting 

from the lower left corner is shown by the bold arrows, which takes 18 steps for the robot 

to arrive at the destination. 

6.5.1.2    Results of Proposed MC-POMDP 

The traditional and the proposed MC-POMDP are implemented on the above situation, 

respectively, assuming that both the action and sensor observation cannot be represented 

in an exact manner but only as a probability distribution. Moreover, the environment 

layout is further decomposed into a 100-by-100 grid for better illustration and 

performance of path planning. 

Due to the effect of the stochasticity in action and observation, not all the MC-

POMDP executions are able to result in a successful policy. A successful policy can be 

defined as the one that can lead the robot to the required destination through the path 

without colliding the wall or the pillar. Fig. 6.15 (a) shows two exemplary paths that are 

planned by the standard and the proposed MC-POMDP, respectively. It can be seen that 

although both paths are planned to avoid the narrow lower corridor and to lead the robot 

to the destination, the path of the proposed one can effectively maintain a good distance 

from the pillar for collision avoidance while still keeping a reasonable total path length. 
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 Figure 6.15: Direct path planning of the proposed and traditional MC-POMDP  
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On the other hand, the path of the traditional one moves unnecessarily farther from 

the pillar around the state (80,30) but closer to the pillar around (60,80).  Moreover, the 

path of the proposed MC-POMDP takes fewer steps and a shorter route than the 

traditional one in which the robot frequently makes unnecessary detours. Fig. 6.15 (b) 

shows the general steps that the successful policy requires by planning the path for 500 

repetitions. The average number of steps in the proposed MC-POMDP is around 12.3% 

less than that in the traditional one. Note that since the layout is more decomposed in this 

scenario, more steps are required than in the MDP case. 

In the aspect of algorithm efficiency, Fig. 6.15 (c) shows the averaged cumulative 

rewards with respect to the number of backups in the two MC-POMDP algorithms. The 

results show that although the rewards in both algorithms can reach nearly equal 

convergence values, the reward collected in the proposed MC-POMDP converges after 

15,000 backups, which is faster than the traditional one in which the reward only starts to 

converge after 20,000 backups. The errors of the planning cycles in the two MC-POMDP 

algorithms given at Fig. 6.15 (d), with respect to the number of backups (in thousand). 

The error is computed as the difference between the cumulative rewards of two 

consecutive iterations. This error has no unit since it only reflects the quality of the 

corresponding policy. It can be seen that the maximal error in the proposed MC-POMDP 

starts higher and drops faster than that in the traditional one, thus again proving the 

efficiency of the proposed MC-POMDP. 
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6.5.2    Information Gathering 

The task of information gathering is carried out using the traditional and the proposed 

MC-POMDP in this section. Again, the basic setup and MDP policy is shown, followed 

by the results that are obtained using the two MC-POMDP algorithms. 

6.5.2.1    Experiment Setup and MDP Policy 

The environment is set up with the same layout and the robot is again initially placed at 

the lower left corner. However, there are two possible destinations, at the middle of the 

left wall or at the middle of the lower wall. In order to know which choice is the right one, 

the robot has to first go to the user or command hub at the upper right corner, and then 

heads to the required destination. This situation can be considered as the information 

gathering, e.g., coastal navigation, map exploration, etc. For the specific case in this 

section, in order to arrive at the ultimate destination, the robot has to make a detour or to 

move to places other than the destination first to gather some necessary information, e.g., 

the user’s commands or the type of the object that is being transported, before heading to 

the ultimate destination. Fig. 6.16 shows the value functions and the associated policy of 

the stage I of resorting to the upper right corner to gather information. Fig. 6.17 shows 

the following stage II, where the robot takes either of these two paths after it is informed 

with the required location of destination. 
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Figure 6.16: MDP value functions and policy of information gathering-stage I 

  

  

Figure 6.17: MDP value functions and policy of information gathering-stage II 

(a) value function of MDP
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6.5.2.2    Results of Proposed MC-POMDP 

The information gathering task is carried out by the proposed MC-POMDP along with 

the traditional one in the same layout and grid decomposition, assuming that the target 

destination is at the middle of the lower wall. 

The exemplary successful two-stage paths from both two planning algorithms are 

illustrated in Fig. 6.18 (a). Same as the scenario of direct path planning, the trade-off 

between the total distance of path and the avoidance of obstacle needs to be considered 

first. As shown in the results, the proposed MC-POMDP is able to make a reasonable 

balance between the path distance and the avoidance of the wall and pillar. In other words, 

the obstacle can be proactively avoided while at the same time efficiency is considered, 

i.e., the distance and time the path takes are well treated. In the path of the traditional one, 

despite of the successful obstacle avoidance, some of the movements are unnecessary, 

e.g., farther away from the pillar in stage I and too close to the pillar in stage II. As a 

result, the path of the proposed MC-POMDP takes fewer steps, as shown in Fig. 6.18 (b). 

Note that since the scenario of information gathering tasks is consisted of two stages, 

more steps are required than in the previous direct path planning task. 

Similarly, the averaged cumulative rewards and maximum error with respect to the 

number of backups are illustrated in Fig. 6.18 (c) and (d). Again, it is shown that the 

proposed MC-POMDP has a faster increasing cumulative rewards and faster dropping 

errors than the traditional MC-POMDP. 
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Figure 6.18: Information gathering of the proposed and traditional MC-POMDP  
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6.6    Summary and Conclusion 

In this chapter, firstly the proposed particle filtering method based on adaptive multi-

model, fuzzy logic velocity estimation and active observation selection was experimented 

and validated in the cases of human face tracking, human-machine tracking and 

following, and robot self-localization. The experimental results were analyzed and 

compared with those of the standard particle filter to prove the better performance of the 

proposed particle filtering algorithm. Then the proposed MC-POMDP was implemented 

for two path planning tasks in the indoor environment, namely the direct path planning 

and information gathering. It was shown from the experimental results that the proposed 

MC-POMDP performed better, compared with the traditional MC-POMDP, in terms of 

efficiency and accuracy. 
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Chapter    7  

 

Conclusion and Future Work 

 

7.1    Conclusion 

In this thesis, a prototype of the assistive robotic system was designed in accordance with 

the context-aware system architecture, and the corresponding context reasoning 

techniques based on the particle filtering method and Monte Carlo partially observable 

Markov decision process algorithm were developed. The prototyped robotic system was 

capable of tracking and following human users, performing self-localization, and 

planning path automatically for specific tasks in an indoor environment. The possible 

applications include supporting the elder people or people with disabilities, providing 

location-related services, monitoring user status, etc. 

The main contributions of this thesis are summarized as follows: 
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1. A new layered and centralized structure of robotic context-aware system was 

proposed. This robotic context-aware system can be implemented in many assistance-

oriented applications, e.g., to provide support to elder people with moving disability, to 

tracking and monitor patient’s state and location. 

2. A new taxonomy of context reasoning technique was proposed based on the 

whether the approaches were probability-based or non-probability-based. An extensive 

literature review based on this new taxonomy was presented. 

3. A novel technique of proactive particle sampling was developed. This technique 

was based on the methods of adaptive multiple system state transition model and the 

fuzzy-logic-based velocity estimation to update the proposal distribution of the particle 

filter. The model transition matrix was updated in a way that model with higher potential 

was assigned with a higher transition probability. Meanwhile, each transition model was 

adjusted by the fuzzy-logic based velocity estimation to keep track of the most recent 

changes in target motion. 

4. The active system observation approach was designed. In this approach, entropy 

was used as the uncertainty metric to evaluate each system observation. Instead of taking 

all the observation data, only those with higher quality were incorporated into the final 

system belief. As a result, the system can actively accommodate its sensing behaviors to 

alleviate the effects of uncertainties. 

5. An enhanced version of path planning algorithm is proposed based on the Monte 

Carlo partially observable Markov decision process, namely the MC-POMDP. 

Specifically, the belief state space, or particle set, was augmented by incorporating the 
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index of entropy, which was further integrated into the Monte Carlo computation of the 

value function to alleviate the negative impact of the uncertainties in the set. The value 

function was represented by expectation of the distances between the particles from the 

query set and the reference sets by direct Monte Carlo sampling. The values of each 

action were represented as weights, which were then used to select the corresponding 

action for next update cycle. 

 

7.2    Future Work 

The proposed assistive robotic system and the corresponding context reasoning 

techniques are in the prototype stage. There is no doubt that more research works are still 

required for further development. Some of these works include: 

1. In the current research work, the map of the environment is always assumed 

available, while in some cases this prerequisite is not always fulfilled. Next stage of 

research will consider the scenario in which the map is unavailable, and integrate the 

algorithm of the map exploration, or simultaneously localization and mapping (SLAM), 

into the system implementation. 

2. The multi-sensor fusion method adopted in this thesis was performed by simple 

multiplication. In the following research, more advanced techniques, including the 

Dempster-Shafer theory, will be investigated and implemented in the process of data 

fusion to further reduce the effects of uncertainty. 
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3. In order to further verify the feasibility and effectiveness of the proposed system 

and algorithms, more experiments and more advanced scenarios need to be considered, 

e.g., the environment in which there are multiple and dynamic obstacles and/or users, or 

the task that requires more complicated and multiple stages of planning.  
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