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Abstract 
 

 

Fusion is a fundamental human process that occurs in some form at all levels of sense organs 

such as visual and sound information received from eyes and ears respectively, to the highest 

levels of decision making such as our brain fuses visual and sound information to make 

decisions. Multi-sensor data fusion is concerned with gaining information from multiple 

sensors by fusing across raw data, features or decisions. The traditional frameworks for multi-

sensor data fusion only concern fusion at specific points in time. However, many real world 

situations change over time. When the multi-sensor system is used for situation awareness, it 

is useful not only to know the state or event of the situation at a point in time, but also more 

importantly, to understand the causalities of those states or events changing over time.  

Hence, we proposed a multi-agent framework for temporal fusion, which emphasises the time 

dimension of the fusion process, that is, fusion of the multi-sensor data or events derived over 

a period of time. The proposed multi-agent framework has three major layers: hardware, 

agents, and users. There are three different fusion architectures: centralized, hierarchical, and 

distributed, for organising the group of agents. The temporal fusion process of the proposed 

framework is elaborated by using the information graph. Finally, the core of the proposed 

temporal fusion framework – Dynamic Time Warping (DTW) temporal fusion agent is 

described in detail. 

Fusing multisensory data over a period of time is a challenging task, since the data to be fused 

consists of complex sequences that are multi–dimensional, multimodal, interacting, and time–

varying in nature. Additionally, performing temporal fusion efficiently in real–time is another 

challenge due to the large amount of data to be fused. To address these issues, we proposed 

the DTW temporal fusion agent that includes four major modules: data pre-processing, DTW 

recogniser, class templates, and decision making. The DTW recogniser is extended in various 

ways to deal with the variability of multimodal sequences acquired from multiple 

heterogeneous sensors, the problems of unknown start and end points, multimodal sequences 
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of the same class that hence has different lengths locally and/or globally, and the challenges 

of online temporal fusion. 

We evaluate the performance of the proposed DTW temporal fusion agent on two real world 

datasets: 1) accelerometer data acquired from performing two hand gestures, and 2) a 

benchmark dataset acquired from carrying a mobile device and performing pre-defined user 

scenarios. Performance results of the DTW based system are compared with those of a 

Hidden Markov Model (HMM) based system. The experimental results from both datasets 

demonstrate that the proposed DTW temporal fusion agent outperforms HMM based systems, 

and has the capability to perform online temporal fusion efficiently and accurately in real–

time. 
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Chapter 1 Introduction 

 

 

Multi-sensor Data fusion is a diverse field that includes the theory, techniques, algorithms, 

and applications for optimal information processing in multi-sensor environments through 

intelligent integration of the multi-sensor data. Usually, data acquired from multiple sensors is 

fused at a variety of levels:  

• The raw data level fuses the raw sensor data directly. If the multi-sensor data are 

commensurate (i.e., if the sensors are sensing the same physical phenomena such as two 

acoustic sensors in the same room). On the other hand, if the sensor data are not 

commensurate then the data must be combined at the feature vector level or decision 

level. 

• The feature level extracts the feature vectors from sensor data, with subsequent fusion of 

the feature vectors into a single concatenated feature vector that is an input to pattern 

recognition techniques such as decision trees, neural networks, clustering algorithms, or 

self-organising maps. 

• The decision level processes the sensor data to achieve high-level inferences or decisions, 

which are subsequently combined by methods such as weighted decision methods, 

voting techniques, Bayesian inference, and Dempster-Shafer theory. 

Dasarathy (1994) further expands the three level hierarchy of fusion discussed above into five 

fusion process modes according to the joint input/output characteristics (refer to section 2.1.4 

for details on these five fusion process modes). In addition to these five categories, this thesis 

suggests Data In/Decision Out should be considered. If the optimal feature extraction 

technique cannot be determined for a given data set, applying feature extraction might lead to 

information loss rather than improving the accuracy of classifiers. Thus the Data In/Decision 
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Out fusion process is required to go straight from the raw data to decisions without extracting 

features. 

In performing sensor fusion, the aim is to associate, correlate, and combine data from multiple 

sensors and related information to achieve more specific inferences than could be achieved by 

using a single, independent sensor. Broadly speaking, multi-sensor data fusion may improve 

the performance of the system in four different ways as listed by Bellot, Boyer, and Charpillet 

(2002):  

• Representation. Data fusion combines the information obtained to form an abstract 

level that provides a richer semantic on the data than each initial source of information. 

• Accuracy. Data fusion can reduce or eliminate noise and errors in data. 

• Completeness. Data fusion achieves a better situation awareness by integrating the new 

information into the current knowledge of an environment. 

• Certainty. Data fusion can improve the prior probability of the sensor data. In general, 

the gain in accuracy and the gain in certainty are correlated. 

Hence, over the past decade, multi-sensor fusion has received significant attention for a wide 

range of applications. The need for multi-sensor fusion has been recognised in many 

applications such as automatic target tracking (Aziz, Tummala, & Cristi, 1999), autonomous 

vehicles detection (Jouseau & Dorizzi, 1999), surveillance systems (Opitz, Henrich, & 

Kausch, 2004), automated manufacturing (Morriss, 1994), robotics (Castellanos & Tardós, 

1999), fault detection and diagnosis of manufacturing processes (Venkatasubramaniam, 2003), 

wearable computers (DeVaul, Sung, Gips, & Pentland, 2003), and context–aware systems 

(Mantyjarvi, 2003). Many of these multi-sensor systems require not only fusion over sensors 

at specific points in time but also over periods of time. This is because the inference about the 

behavioural aspects of the environments or objects that are monitored by the multi-sensor 

systems is required, rather than merely their states at specific points in time or space. For 

instance, monitoring systems for batch processes (Lee, Yoo, & Lee, 2003), in which the 

abnormal processes are due to several causes over time; wearable computers for detection of 

human activities (Chambers, Venkatesh, West, & Bui, 2004; Krause, Siewiorek, Smailagic, & 

Farringdon, 2003), in which the complete gestures or activities are performed over periods of 

time; and context–aware mobile phones (Mantyjarvi, 2003), in which the user scenarios to be 

detected consist of different sub–actions over time. These systems require the accommodation 
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of time into fusion processes to provide a window into the temporal arrangement of events, 

and the ability to suggest cause and effect among these events. However, the traditional fusion 

processes mentioned in Dasarathy (1994) do not consider these temporal relationships among 

events. Thus, there is a need for temporal fusion – the ability to fuse the raw data, features or 

decisions over a period of time to infer relationships of contextual and temporal proximity. 

Temporal fusion over multiple heterogeneous sensors is a challenge. First, the complex 

multimodal sequences acquired are multi–dimensional, multimodal, interacting, time–varying, 

and are typically a mix of binary, discrete, and continuous variables. Second, the same class 

of multimodal sequences might vary in length locally e.g., the same human gestures and sub–

gestures can be both performed at different speeds (Chambers et al., 2004), or the same batch 

processes can have different durations. Therefore, the sequences acquired can have similar 

waveforms but be different in length. This local variation further leads to global variation in 

length e.g., several continuous multi-sensor data streams that have the same gestures 

embedded might all have different lengths due to the variation in length of the same gesture. 

These variations make temporal fusion a difficult task. Moreover, performing temporal fusion 

efficiently in real–time is another challenge due to the large amounts of multi–sensory 

information. For example, some gesture data (Chambers et al., 2004) is described by six 

channels of continuous data including 1200 6-dimension vectors over 8 seconds; some user 

scenarios in the benchmark dataset (Mantyjarvi, Himberg, Kangas, Tuomela, & Huuskonen, 

2004) are described by 29 variables (mix of binary, discrete and continuous variables) 

producing 284 29-dimension vectors over 5 minutes. 

Most state of the art approaches tried to cope with this challenge by using a statistical 

framework (Damarla, 2008). The main advantage of a statistical approach is that explicit 

probabilistic models are employed to describe the various relationships between sensors and 

sources of information taking into account the underlying uncertainties. This thesis proposes a 

non-statistical based framework to solve the challenges of online temporal fusion, and the 

results are compared with statistical based approaches. 

 

1.1 Aim and Approach 

This thesis investigates the approaches for solving the challenges of temporal fusion in the 

field of multi-sensor data fusion. Our objectives are: 
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• To recognise and classify the complex multimodal sequences acquired from multiple 

heterogeneous sensors and related information to achieve more specific inferences than 

could be achieved by using a single, independent sensor. 

• To recognise and classify the complex multimodal sequences acquired from multiple 

heterogeneous sensors efficiently at each sampling interval, in real-time. 

• To establish a framework for online temporal fusion of the complex multimodal 

sequences acquired from multiple heterogeneous sensors. 

To achieve the above aims, we investigated a bottom-up approach. First, two real-world 

benchmark datasets were selected for our experimental study: (1) six channels of continuous 

data acquired from accelerometers by performing two hand gestures (Chambers et al., 2004), 

and (2) a public dataset with 29 variables acquired from multiple heterogeneous sensors by 

carrying a mobile device and performing the pre-defined user scenarios (Mantyjarvi et al., 

2004). Second, three prototypes were built using Dynamic Time Warping (DTW) (Sakoe & 

Chiba, 1978), a Self-Organizing Map for structured data (SOMSD) (Hagenbuchner, Sperduti, 

& Tsoi., 2003), and a Hidden Markov Model (HMM) (Rabiner, 1989) as the recogniser 

respectively. We then selected some segmented sequences with one dimension from the two 

datasets, and used the three prototypes to classify the selected sequences. Their classification 

rates are compared, and DTW outperformed both the SOMSD and the HMM.  

Based on the results of the bottom-up approach, we proposed the use of Dynamic Time 

Warping (DTW) – a general time alignment and similarity measure for two one dimensional 

sequences, to construct a robust system framework for solving the challenges of temporal 

fusion. We theoretically extended the original Dynamic Time Warping introduced by Bellman 

(Bellman, 1957) to be the core recogniser of the proposed system framework and achieved 

temporal fusion in real-time. Thus the specific aims are as follows:  

• To extend the DTW recogniser to deal with multimodal sequences which consist of the 

data or feature sequences acquired from multiple heterogeneous sensors over a period of 

time. 

• To extend the DTW recogniser to be able to recognise the same class of multimodal 

sequences even though they have different lengths locally and/or globally.  
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• To extend the DTW recogniser to deal with the problem of unknown endpoints of 

“multimodal sequences” embedded in real-time continuous data streams. Most 

techniques for sequence recognition (e.g. HMM) require knowing the accurate locations 

of the endpoints for reliable and robust recognition. The DTW non–linearly warps one 

time sequence to match another given the start and end point correspondences, which 

means accurate location of the endpoints is also needed. DTW has been extended to deal 

with unknown start and end points of isolated words in speech (Myers, Rabiner, & 

Rosenberg, 1980b; Rabiner, Rosenberg, & Levinson, 1978), and connected word 

recognition (Myers & Rabiner, 1981; Myers, Rabiner, & Rosenberg, 1980a; Rabiner & 

Myers, 1981). However, the endpoint detection or segmentation problem is nontrivial 

and has been studied thoroughly in the speech recognition community, where “silence” 

between utterances is a useful clue (Crochiere, Tribolet, & Rabiner, 1981; Wilpon & 

Rabiner, 1987). Unlike continuous speech signals that only have one dimension for 

mono or two dimensions for stereo, it is more difficult to develop endpoint detection 

algorithms for the multi-dimensional and multimodal sequences. We will extend the 

DTW recogniser to solve this endpoint challenge in this thesis. 

• To develop a robust and operational system framework that uses the enhanced DTW 

recogniser to achieve the data input or feature in/decision out fusion process on the 

complex sequences in real-time. 

• To evaluate the performance of the proposed system framework, we use two real world 

benchmark datasets to see if the system can perform multi-sensor temporal fusion 

efficiently, coping with large amounts of multi–sensory information in real–time, and 

make classification decisions with high accuracy. 

• To evaluate the robustness of the proposed system framework, the experimental results 

for two real world datasets are compared with the results from a Hidden Markov Model 

(HMM) based approach. 

 

1.2 Significance and Contribution 

This thesis makes two main contributions to the field of Multi-sensor Data fusion. First, we 

developed a robust and operational system framework that can solve the challenges of 
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temporal fusion for complex multimodal sequences in real-time. The contributions and 

significance are: 

• To the best of our knowledge, there has been little work on applying Dynamic Time 

Warping (DTW) (Sakoe & Chiba, 1978) in the field of Multi-sensor Data fusion. DTW 

is a general time alignment and similarity measure for two temporal sequences that was 

first introduced by Bellman (Bellman, 1957), and has been a popular research topic in 

the speech recognition community (Myers et al., 1980a). More recent research on DTW 

has been focused on applying it to mining patterns from one–dimensional time series 

(Keogh, 1997), and indexing and clustering for one dimensional time series (Keogh & 

Ratanamahatana, 2004; Lin, Vlachos, Keogh, & Gunopulos, 2004). In this thesis, we 

have successfully applied DTW for temporal fusion, which includes the developments of 

data pre-processing procedures, novel training methods for the DTW recogniser, DTW 

extensions, and decision making procedures. The results were validated with the real-

world benchmark datasets, and demonstrated that the proposed system framework is 

robust and efficient. 

• A novel multi-agent framework for temporal fusion. The proposed multi-agent temporal 

fusion framework includes three major layers: hardware, agents, and users. To 

differentiate our framework from other fusion frameworks in the literature, we 

emphasised the application of DTW temporal fusion agents for aggregation of 

information over time, and the three different architectures: centralized, hierarchical, 

and distributed for organising the DTW temporal fusion agents. In addition, we use an 

information graph to show the information flows among the DTW temporal fusion 

agents, and how the agents fuse the sensor data over the time dimension. 

• A novel DTW based system framework for online human gesture recognition. The 

gesture dataset was captured by a person wearing watch-like wristbands (consisting of 

accelerometers) to record arm movement. The dataset consisted of a person mimicking 

the 12 gestures of a cricket umpire (Chambers et al., 2004). The proposed system can 

achieve a 97.95% classification rate for the 12 gestures. The experimental setup and 

results are detailed in section 4.2. 

• A novel DTW based system framework for online context recognition of mobile 

applications. The context dataset has been proposed as a suitable benchmark for 

evaluating context recognition algorithms (Mantyjarvi et al., 2004). The dataset is 
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obtained from sensors, including 3 axes accelerometers, an illumination sensor, a 

thermometer, a humidity sensor, a skin conductivity sensor, and a microphone, placed in 

a small sensor box that is then attached to a mobile handheld device. The proposed 

system can achieve 97.5% classification rate for the five predefined user scenarios, 

which outperformed the results presented in Himberg et al (2003). The experimental 

setup and results are detailed in section 4.3.  

• The most commonly used technique for temporal fusion or sequence recognition is the 

Hidden Markov Model (HMMs) (DeVaul et al., 2003; Hossain & Jenkin, 2005; Kallio, 

Kela, & Mantyjarvi, 2003; Rabiner, 1989; Wilson & Bobick, 2000). However, we 

demonstrate that the training and recognition procedures of the proposed DTW base 

system are potentially much simpler and faster. In this thesis, we explored the differences 

between HMM and DTW approaches and show the better performance of the DTW 

based approach. The comparisons are detailed in section 4.2.3 and section 4.3.1. 

Second, we extended the original Dynamic Time Warping (DTW) to recognise the complex 

sequences which are multi–dimensional, multimodal, interacting, time–varying, and are 

typically a mix of binary, discrete, and continuous variables. The contributions and 

significance are: 

• The original DTW is a general time alignment and similarity measure between two 

single dimension time series. We extend the DTW recogniser to deal with multi-

dimensional and multimodal sequences acquired from multiple heterogeneous sensors 

over a period of time. We propose the extended Euclidian distance (Equation 3.1) and 

Cosine correlation coefficient (Equation 3.2) as local distance measures when 

performing the DTW algorithm. 

• One of the major limitations in the original DTW algorithm is the “endpoint constraint” 

(refer section 3.5), which means accurate location of the endpoints of a target sequence is 

needed. However, the endpoint of a continuous stream is unknown when the data are 

sampled from multiple heterogeneous sensors in real time. We propose a variant of the 

original DTW algorithm which relaxes the endpoint constraints to solve this issue. The 

variant is described in section 3.5.2. 

• We propose and explore the use of normalising factor (𝑁𝑁𝑁𝑁) in Equation 2.2 to allow the 

DTW recogniser to be able to recognise the same class of multimodal sequences even 

though they have different lengths locally or globally. 
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• In this thesis, we propose and explore the use of the DTW variant and the sliding 

windows operation to enable online temporal fusion. The details can be found in section 

3.5.3. 

 

1.3 Structure of the Thesis 

This thesis is organised as follows. In Chapter 2, a survey of the related work in the fields of 

the formal frameworks for multi-sensor data fusion systems and the pattern recognition 

techniques for temporal fusion is presented.  

Temporal fusion is an additional dimensionality to the fusion process that has not been 

emphasised in the reviewed data fusion frameworks. Thus, there is a need for a better 

temporal fusion framework. Chapter 3 describes our major contributions in develop a multi-

agent framework for temporal fusion. In addition, the core of the proposed framework – the 

DTW temporal fusion agent, is presented. 

Chapter 4 presents the experimental results on evaluating the performance of the proposed 

DTW temporal fusion agent. Two real-world datasets are used in the evaluation: 

1. Two hand gestures dataset (Chambers et al., 2004).  

2. Mobile context benchmark dataset (Mantyjarvi et al., 2004). 

Performance results of the DTW temporal fusion agent are also compared with those of a 

Hidden Markov Model (HMM) based system. 

Finally, Chapter 5 provides a summary of this thesis and discusses the potential future 

directions for improving the DTW based multi-agent framework for temporal fusion. 
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Chapter 2 Background 

 

 

Fusion is a fundamental human process that occurs in some form at all levels of sense organs 

such as visual and sound information received from eyes and ears respectively, to the highest 

levels of decision making such as our brain that fuses visual and sound information to make 

decisions. In the context of multi-sensor data fusion, fusion is a way of processing, extracting, 

and combining data and information content about the world and the environment that is 

relevant to a human and the decisions that must be made. 

This chapter provides a survey of both multi-sensor data fusion frameworks and pattern 

recognition techniques for temporal fusion. The section on frameworks presents some popular 

data fusion frameworks that are widely used for designing multi-sensor data fusion systems. 

The frameworks:  

• identify the component functions that the data fusion systems have,  

• define the connectivity among these components, and the data or information flows 

between them, and  

• arrange these component functions as a set of processes that should be undertaken to 

make the data fusion system fully operational. 

The core component function of a data fusion framework is the algorithm that can process and 

fuse the multi-sensor data. The section on pattern recognition techniques for temporal 

sequences focuses on data fusion algorithms that can be embedded in the context of a larger 

data fusion framework. Examples of pattern recognition techniques that can be used in data 

fusion frameworks for temporal fusion are hidden Markov models, dynamic time warping, 

and self-organizing maps for sequences. 
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2.1 Multi-sensor Data Fusion Frameworks 

Multi-sensor data fusion systems are often of a complexity that requires the use of a formal 

framework and standards to specify data fusion processing and control functions, interfaces to 

sensor hardware and users, identification of the processes, categorisation of techniques, and 

specific techniques applicable to data fusion. The lack of a formal framework and standards 

for data fusion systems has been a major issue to integration, unification of terminology, and 

reuse of available technology. Hence, there is a need to formalise the framework and 

standards that crosses application-specific boundaries to improve communications among 

researchers, and to facilitate the cost-effective development, acquisition, integration and 

operation of multi-sensor data fusion systems. 

 

2.1.1 Joint Directors of Laboratories (JDL) Data Fusion Framework 

In 1986, the US Department of Defence established the Joint Directors of Laboratories (JDL) 

Data Fusion Working Group to begin the effort to formalise the framework and standards. 

The result of this effort was the creation of the JDL data fusion framework (Hall & Llinas, 

1997), and this framework has been the most widely used for categorizing data fusion-related 

functions since then. However, the original JDL data fusion framework was designed with a 

military flavour. The more recent revised JDL data fusion framework have extended this 

limitation by broadening the functional model, relating the taxonomy to fields beyond the 

original military focus (Llinas et al., 2004; Steinberg, Bowman, & White, 1999). Furthermore, 

Bowman suggested the revised JDL data fusion framework as shown in Figure 2.1, which is 

designed to generalise the framework so that it can be useful across multiple application areas 

such as industrial, medical, wearable, ubiquitous, and pervasive systems (Bowman, 2004; 

Bowman, Steinberg, & White, 1999; Llinas et al., 2004). 
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Figure 2.1: The revised Joint Directors of Laboratories (JDL) framework for data fusion. From: 
(Bowman, 2004) 

 

The elements of the revised JDL data fusion framework are: 

• Sources. The sources are the inputs to the data fusion systems, and provide 

information from sensors, prior information, databases, or human input. 

• Human/Computer interface. This part provides an interface for human input and 

ensures all the information transmitted to the decision maker is transformed into a 

form which is intuitively usable for the decision-making process. 

• Database Management System. The task of the database management system is to 

monitor, evaluate, add, update, and provide information for the fusion processes. 

• Level 0 (estimation of features). Signal/feature assessment is aimed at pre-

processing data to correct biases, perform spatial and temporal alignment, 

standardize and normalise inputs, and extract features. 

• Level 1 (estimation of states of an entity). Entity assessment (i.e. an entity is 

considered as an individual) is aimed at associating and combining sensor data to 

infer the most reliable and accurate estimate of an entity’s states of interest.  
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• Level 2 (estimation of relationships among entities). Situation assessment is aimed 

at inferring from the estimated states of one entity in a situation to another and from 

the estimated attributes and relationships of entities to situations. 

• Level 3 (prediction of impacts). Impact assessment is aimed at determining the 

expected consequence of system plans or courses of action, given the current 

estimated entity’s state and situational state. 

• Level 4 (estimation of prediction versus reality). Process assessment is aimed at 

monitoring the overall data fusion process to assess and improve real-time system 

performance as compared to desired states and measures of effectiveness. 

For example, the signal features (e.g., mean & standard deviation) of one entity (e.g., the 

cricket umpire wearing the wristbands that consist of accelerometers) can be extracted from 

the entity’s sensor observations (e.g., accelerometer data) via a Level 0 data preparation 

process. The activity state of an entity (e.g. a gesture of the cricket umpire) can be estimated 

on the basis of attributes inferred from sensor observations; i.e. via a Level 1 data preparation, 

association, and recognition process. The same entity’s compositional or relational state (e.g. 

a gesture of the cricket umpire and its relations with the cricket team) can be inferred via a 

Level 2 data association and recognition processes. Thus, a single entity – anything with 

internal structure, whether man, machine, or building – can be treated either as an individual, 

subject to a Level 1 observation and state estimation – or as a “situation”, subject to relational 

analysis via a Level 2 entity to entity association and aggregate state recognition. The impact 

of a signal, entity, or situation on the user goal or mission can then be predicted based upon an 

association of these to alternative courses of action for each entity via a Level 3 reinforcement 

learning process (Sutton & Barto, 1998). A Level 4 function associates the system states and 

actions to desired system states and estimating or predicting the performance of the system. 

In general, these five levels are different from each other in terms of the types of input data, 

models, outputs, and inferences involved in each level. The levels are not necessarily 

processed in order, and any level can be processed on its own given the corresponding inputs.  
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2.1.2 Waterfall Data Fusion Framework 

 

 

Figure 2.2: The Waterfall data fusion framework. From: (Markin et al., 1997) 

 

Markin (1997) proposed another hierarchical framework commonly used by the data fusion 

community, called the waterfall model as depicted in Figure 2.2. This framework emphasises 

the flow of data operations from the data level to the decision making level. The stages relate 

to the levels 0, 1, 2, and 3 of the JDL model as follows:  

• Sensing, signal processing, and feature extraction correspond to the Signal/feature 

assessment of the reviewed JDL level 0. The raw data is properly transformed to provide 

the required information about the environment sensed by sensors. 

• Pattern processing matches the Entity assessment of the JDL level 1. This stage 

processes and fuses the features to obtain a symbolic level of inference about the data, 

and to minimise the data content whilst maximising information delivered. 

• Situation assessment is similar to the situation assessment of the reviewed JDL level 2, 

and decision making corresponds to the Impact assessment of the reviewed JDL level 3. 

These stages relates object to the situations. Possible actions to take are predicted 

according to the information that has been gathered, the libraries and databases available, 

and the human interaction. 
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The waterfall data fusion framework is more exact in analysing the fusion process than other 

models. However, the major limitation of the waterfall model is the omission of any feedback 

information flow to advise the multi-sensor system on re-calibration, re-configuration and 

data gathering aspects. The waterfall model has been used in the defence data fusion 

community in Great Britain, but has not been significantly adopted elsewhere (Bedworth & 

Brien, 1999). 

 

2.1.3 Boyd OODA Data Fusion Framework 

 

 

Figure 2.3: The Boyd OODA loop data fusion process model. From: (Boyd., 1987) 

 

Boyd (1987) has proposed a control cycle or OODA loop that contains four phases as depicted 

in Figure 2.3. The OODA loop was first used for the classic decision-support mechanism in 

military information operations, but has since been widely used for data fusion because the 

decision-support systems for situational awareness are tightly coupled with fusion systems. 

The four phases of Boyd’s framework have distinct similarities with the reviewed JDL 

frameworks (Bedworth & Brien, 1999): 

• Observe – is broadly comparable to signal assessment in the level 0 of the reviewed JDL 

framework.  
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• Orient – corresponds to functions of the levels 1 and 2 of the reviewed JDL framework. 

• Decide – corresponds to level 3 of the reviewed JDL framework. It also includes much 

more e.g., logistics and planning. 

• Act – has no direct counterpart in the reviewed JDL framework, because the JDL 

framework does not close the loop by taking the actuating part of the interaction into 

account. 

The advantage of this framework is the fact that it closes the loop, and the actuators act on its 

environment and sensors. However, the framework does not show an appropriate structure for 

identifying and separating different sensor fusion tasks.  

 

2.1.4 Dasarathy Data Fusion Framework 

 

 

Figure 2.4: Flexible Global Fusion System Framework. From: (B.V. Dasarathy, 1997) 

 

Dasarathy (1994, 1997, 1998, 2000) proposed the flexible global fusion system framework 

based on the I/O characteristics of fusion processes. Figure 2.4 shows the proposed 



Background 
 

16 

framework which demonstrates the different ways of incorporating the following five fusion 

processes: 

• Data In/Data Out (DAI-DAO). This fusion process is accomplished at the front end of 

the processing stream to combine information from sensors with compatible data rates, 

data dimensionality and formats. For example, data pre-processing such as filtering and 

smoothing can be applied immediately on acquisition of the data from the different 

sensors. 

• Data In/Feature Out (DAI-FEO). Features are generated from the input data e.g. edge 

detection in an image. Data from different sensors are combined to derive some form of 

a feature of the object in the environment or a descriptor of the phenomenon under 

observation. 

• Feature In/Feature Out (FEI-FEO). Both the input and output of this fusion process 

are features. For example, shape features obtainable from an image can be combined 

with the range information obtainable from the radar sensor to derive a measure of the 

volumetric size of a target. This is one of the typical fusion processes at the feature level. 

• Feature In/Decision Out (FEI-DEO). Input features are fused together to give output 

decisions. Most pattern recognition systems involving inputs from multiple sensors 

belong to this form of fusion process. In the recognition phase, the feature vector is 

classified on the basis of a priori knowledge and/or training, to arrive at a class label 

(decision). 

• Decision In/Decision Out (DEI-DEO). Multiple input decisions are fused together to 

give a final output decision. This fusion process combines the decisions made at the local 

level at the fusion centre. 

Figure 2.4 shows various fusion process flows. For example, one of the fusion process flows 

(top and bottom of Figure 2.4) show that each sensor has its own local feature extractor to 

perform the DAI-FEO fusion process, and the resulting feature is fed into its own local 

decision maker to perform the FEI-DEO fusion process. The decisions from each local 

decision maker are further fused to produce the final fused decision (DEI-DEO). One 

advantage of the DEI-DEO fusion process is that it is most tolerant to individual sensor 

subsystem failures, because even if no decision is made from one of the sensor subsystems, 

the others can still provide a decision to produce the final fused decision even if not at the 
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same level of reliability. On the other hand, both DAI-DAO and DAI-FEO fusion processes 

are not only sensitive to the characteristics of the individual sensors (e.g., replication or 

complement), but also susceptible to individual sensor failures. This is because the final 

decision is not only affected by the performance of every sensor, but also the overall system 

may become incapable of making decisions in case of a failure of one or more of the sensor 

subsystems. In contrast, the FEI-DEO fusion process could derive reasonably good decisions 

with only a partial feature set but with much less reliability than one that uses the entire 

feature set. 

To design the optimal fusion system, the potential for fusion in all the five fusion processes 

should be fully explored to take advantage of the information obtained from all the available 

sensors in the environment. In addition, the mix of inputs at different levels should be 

considered, for example, a mix of data and feature inputs to a fusion process with features as 

output can also be possible under some scenarios. Similarly, features from some sensors and 

decisions from the same or other sensors can be used as input to a fusion process whose 

output is at the decision level. 

 

Figure 2.5: A self-improving multisensor fusion system framework. From: (B.V. Dasarathy, 1997) 

 

In addition to the flexible global fusion system framework, Dasarathy (1998, 2000) also 

proposed the fusion system with self-improvement potential through mutual reinforcement  

(Sutton & Barto, 1998) between the central (DEI-DEO) fusion processor and the local sensor 

subsystems as depicted in Figure 2.5. The central (DEI-DEO) fusion processor not only fused 

the local decisions to form the final decision, but also sent the feedback to the sensor 

subsystems to improve their performance over time. The performance of sensor subsystems 
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are improved by the tuners taking the feedback to fine-tune the local decision makers (LDM) 

as needed to reinforce their correct decisions and punish their wrong decisions so their 

decision making ability is improved. This improved performance of the sensor subsystems 

will in turn enhance the performance of central (DEI-DEO) fusion processor. This mutual 

reinforcement will tend to improve the overall system performance over time. 

 

2.1.5 Omnibus Data Fusion Framework 

 

 

Figure 2.6: The Omnibus Data Fusion Framework. From: (Bedworth & Brien, 1999) 

 

Bedworth and O’Brien have proposed the omnibus framework (Bedworth & Brien, 1999) as 

depicted in Figure 2.6. This framework is a hybrid of four other frameworks. It has the cyclic 

nature of the Boyd OODA loop but incorporates the finer definitions expressed by the 

Waterfall framework into each of the four main phases, and each phase can be associated with 

one of the levels in the reviewed JDL and Dasarathy frameworks. 

The framework is intended to be used multiple times in the same application recursively at 

two different levels of abstraction. Firstly, it characterises and sub-divides the overall system 
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with the aim of providing an ordered list of tasks. Secondly, the same structure may be used 

to organise the functional objectives of each such task. Using this approach a data fusion 

solution is categorised using a dual perspective – both by its system aim (i.e., sensing, 

situation and impact assessment) and its task objective (i.e., actuating and resource 

management). 

There are two drawbacks of this framework (Shahbazian, ve, & Labbe, 2001). First, it 

combines too many concepts and types of other data fusion frameworks, which may cause the 

misconception that a specific architecture (e.g., soft decision, hard decision) is appropriate for 

only a certain specific phase of the loop. Second, the hierarchical separation of the sensor 

fusion tasks is very sophisticated in the omnibus model; it does not support a horizontal 

partitioning into tasks that reflect distributed sensing and data processing. Thus, the model 

does not support decomposition into modules that can be separately implemented, separately 

tested, and reused for different applications. 

 

2.2 Pattern Recognition Techniques for Temporal Fusion 

Temporal fusion is an additional dimension to the fusion process, which has not been 

emphasised in the previous data fusion frameworks. Temporal fusion is the fusion of data or 

information acquired over a period of time such as a simple temporal averaging of data 

acquired from different sensors is an example of the temporal fusion process. The temporal 

fusion process can be applied at any of the three levels of the hierarchy (i.e., 

Data/Feature/Decision levels) discussed earlier and hance in effect represents a horizontal 

dimension to the fusion process.  

Sequential pattern recognition is another good example of the temporal aspects of the fusion 

process. Many algorithms for classification of temporal sequences have been developed and 

have been evaluated in the various domains, especially in the speech recognition, sound 

identification, and bioacoustics domains (N. Rabiner & Juang, 1993). We can group the large 

variety of algorithms into two groups:  

1. Algorithms that make use of knowledge or assumptions about the temporal sequences 

to be recognised. For example, dynamic time warping (DTW) is one of the 

representatives of this group of algorithms, since it uses a class sequence to compare 

the similarity with the temporal sequences to be recognised (i.e., the training step is 
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achieved by selecting a class sequence that best represents the temporal sequence to be 

recognised instead of learning some parameters from the training dataset). 

2. Algorithms that are able to learn temporal contexts such as self-organising maps for 

sequences (SOMSD) and hidden Markov models (HMM). The training step of this 

group involves learning of the parameters from the training dataset to build a 

representative model, the model is then used in the classification step to recognise the 

temporal sequences. 

Both groups of algorithms have to take into account the following variability in performing 

the recognition:  

• The temporal variability i.e., the same class of temporal sequences might have different 

lengths. The DTW uses both the warping paths and dynamic programming to cope with 

this temporal variability. On the other hand, the HMM utilises different state sequences 

(the states can be skipped or repeated) to deal with the variability. 

• The variability of temporal sequence in the data or feature space i.e., to measure the 

difference in data or feature vectors. The DTW evaluates this variability by calculating 

Euclidian distances between data or feature vectors. Unlike the Euclidian distance that 

calculates the distance between the actual value of data or feature vectors, the HMM 

measures the likelihood by using probability density functions (pdf) of data or feature 

vectors. 

In this section, we will review the DTW algorithm from the first group of algorithms and 

HMM and SOMSD from the second group. 
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2.2.1 Dynamic Time Warping (DTW) 

The classic DTW algorithm uses a local distance measure to determine the distance between a 

class sequence and a test sequence by calculating a warping path on the DTW distance table. 

To formulate the problem of solving temporal fusion using a DTW recogniser, suppose we 

have: 

• A test sequence 𝑇𝑇(𝑗𝑗)𝑗𝑗=1
𝐽𝐽  of length 𝐽𝐽, with 𝑇𝑇(𝑗𝑗) ∈ 𝑹𝑹 – real number. 

• Several class sequences, each one represented as 𝐶𝐶(𝑖𝑖)𝑖𝑖=1
𝐼𝐼  of length 𝐼𝐼, with 𝐶𝐶(𝑖𝑖) ∈ 𝑹𝑹 – 

real number. 
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Figure 2.7: Example of a warping path in a distance table. Length of class sequence, 𝑰𝑰 =  𝟔𝟔 and length of 
test sequence, 𝑱𝑱 =  𝟓𝟓. 

 

We want to know to which class the test sequence belongs to by measuring the similarity. To 

measure the similarity between the class and test sequences, an 𝐼𝐼 × 𝐽𝐽 distance table 𝐷𝐷  is 

constructed, where 𝑑𝑑(𝑖𝑖, 𝑗𝑗) is the local distance between 𝐶𝐶(𝑖𝑖) and 𝑇𝑇(𝑗𝑗) as depicted in Figure 

2.7. Typically, the Euclidean distance is used to measure these local distances, thus 𝑑𝑑(𝑖𝑖, 𝑗𝑗) =
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(𝐶𝐶(𝑖𝑖) − 𝑇𝑇(𝑗𝑗))2. A warping path 𝑊𝑊 is then calculated from the distance table which consists 

of a set of table elements that defines a mapping and alignment between 𝐶𝐶(𝑖𝑖) and 𝑇𝑇(𝑗𝑗): 

 

𝑊𝑊 = �𝑤𝑤(𝑖𝑖(𝑞𝑞), 𝑗𝑗(𝑞𝑞))�
𝑞𝑞 = 1, … ,𝑄𝑄,

𝑚𝑚𝑚𝑚𝑚𝑚(𝐼𝐼, 𝐽𝐽) ≤ 𝑄𝑄 ≤ 𝐼𝐼 + 𝐽𝐽 − 1� Equation 2.1 

 

with 𝑖𝑖(𝑞𝑞) ∈ {1, … , 𝐼𝐼}  and𝑗𝑗(𝑞𝑞) ∈ {1, … , 𝐽𝐽} . The warping path is restricted by the following 

constraints (Sakoe & Chiba, 1978): 

• Continuity: Given 𝑤𝑤𝑞𝑞(𝑖𝑖(𝑞𝑞), 𝑗𝑗(𝑞𝑞))  and 𝑤𝑤𝑞𝑞−1(𝑖𝑖(𝑞𝑞 − 1), 𝑗𝑗(𝑞𝑞 − 1))  where 𝑖𝑖(𝑞𝑞) −

𝑖𝑖(𝑞𝑞 − 1) ≤ 𝛼𝛼 and 𝑗𝑗(𝑞𝑞) − 𝑗𝑗(𝑞𝑞 − 1) ≤ 𝛼𝛼 with 𝛼𝛼 an integer. 

• Endpoint: The path must start at 𝑖𝑖(1) =  1, 𝑗𝑗(1)  =  1 and finish at 𝑖𝑖(𝑄𝑄)  =  𝐼𝐼, 𝑗𝑗(𝑄𝑄)  =

 𝐽𝐽. 

• Monotonicity: Given 𝑤𝑤𝑞𝑞(𝑖𝑖(𝑞𝑞), 𝑗𝑗(𝑞𝑞))  and 𝑤𝑤𝑞𝑞−1(𝑖𝑖(𝑞𝑞 − 1), 𝑗𝑗(𝑞𝑞 − 1))  where 𝑖𝑖(𝑞𝑞) −

𝑖𝑖(𝑞𝑞 − 1) ≥ 0 and 𝑗𝑗(𝑞𝑞) − 𝑗𝑗(𝑞𝑞 − 1) ≥ 0 . 

The overall distance 𝐷𝐷𝑇𝑇𝑊𝑊(𝐶𝐶,𝑇𝑇) between the class sequence and the test sequence is then 

calculated by summing the local distances over the warping path 𝑊𝑊. One popular choice for 

finding the best alignment between the class sequence and the test sequence is to search for 

the path with the minimal DTW distance over all possible warping paths: 

 

𝐷𝐷𝑇𝑇𝑊𝑊(𝐶𝐶,𝑇𝑇) = 𝑚𝑚𝑎𝑎𝑎𝑎 𝑚𝑚𝑖𝑖𝑚𝑚
𝑊𝑊

(
∑ 𝑤𝑤(𝑖𝑖(𝑞𝑞), 𝑗𝑗(𝑞𝑞))𝑄𝑄
𝑞𝑞=1

𝑁𝑁𝑁𝑁
) Equation 2.2 

 

where 𝑁𝑁𝑁𝑁 is a normalising factor to compensate for the fact that warping paths may have 

different lengths. Some common normalising factors have been discussed by Ratanamahatana 

and Keogh (2004a). We will discuss them further in Section 3.5.3.  
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During the calculation of the warping path between the class sequence and a set of test 

sequences, we would expect the warping path of the long test sequences to be longer than for 

the short test sequences, because of the endpoint constraints. We will discuss the method for 

choosing 𝑁𝑁𝑁𝑁 in Section 3.5.3. The optimal warping path can be found efficiently by using 

dynamic programming to evaluate the following recursive step: 

 

𝐷𝐷(𝑖𝑖, 𝑗𝑗) = 𝑑𝑑(𝑖𝑖, 𝑗𝑗) + 𝑚𝑚𝑖𝑖𝑚𝑚 �
𝐷𝐷(𝑖𝑖 − 1, 𝑗𝑗 − 1),
𝐷𝐷(𝑖𝑖 − 1, 𝑗𝑗),
𝐷𝐷(𝑖𝑖, 𝑗𝑗 − 1)

� Equation 2.3 

 

This recursion is generally initialized as 𝐷𝐷(1, 1)  =  𝑑𝑑(1, 1). When calculating cells that are in 

the first row of 𝐷𝐷, only horizontal path extensions are considered (i.e., only 𝐷𝐷(𝑖𝑖 − 1, 𝑗𝑗) is 

considered). Similarly, when calculating cells that are in the first column of 𝐷𝐷, only vertical 

path extensions are considered (i.e., only 𝐷𝐷(𝑖𝑖, 𝑗𝑗 − 1) is considered). Finally, the recursion 

terminates when 𝑖𝑖 =  𝐼𝐼  and 𝑗𝑗 =  𝐽𝐽 . The time and space complexity of this dynamic 

programming approach is 𝑂𝑂(𝐼𝐼𝐽𝐽). 

In Equation 2.3, the warping paths are restricted by applying local constraints which decide 

the set of adjacent cells to be considered at each recursive step. There are various local 

constraints that can be applied e.g., Itakura (1975); Sakoe & Chiba (1978); Myers (1980a); 

Rabiner (1993); Keogh & Ratanamahatana (2004), and each of them defines a different set of 

admissible adjacent cells at each recursive step. Many local constraints have been examined 

in Sakoe and Chiba (1978), including some asymmetric ones, where the order of the two 

sequences matters. Our DTW recogniser uses the local constraint as defined in Equation 2.3. 

In addition to local constraints, more global ones can be applied. For example the Band-DP 

(Kuhn & Tomaschewski, 1983) only allows the path to be some constant distance – 𝐸𝐸 from 

the diagonal joining the start and finish corners of the space. Another is the Itakura 

parallelogram (Itakura, 1975) that allows the path to be at increasing distance from the 

diagonal towards the centre of the search space. In each case, the cost in cells outside of these 

regions is set to infinity to prevent these cells from being chosen. The Band-DP global 

constraint with width 𝐸𝐸 is used in this paper so the warping path can be no more than 𝐸𝐸 cells 

from the diagonal. If 𝑖𝑖 =  𝑚𝑚𝑗𝑗  defines the line between the start and finish points, then 
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𝑖𝑖 =  𝑚𝑚𝑗𝑗 +  𝐸𝐸 and 𝑖𝑖 =  𝑚𝑚𝑗𝑗 − 𝐸𝐸 define the limits of the band. The use of the Band-DP can 

further reduce the time and space complexity of the warping path computation from 𝑂𝑂(𝐼𝐼𝐽𝐽) to 

𝑂𝑂(𝐼𝐼𝐸𝐸) . Additionally, applying the Band-DP with width 𝐸𝐸  leads to better results in 

classification tasks (Ratanamahatana & Keogh, 2004b). 

To the best of our knowledge, the DTW based fusion framework proposed in this thesis is the 

first attempt to apply DTW in the domain of multi-sensor data fusion. We have use the DTW 

based framework for human gesture recognition (Ko, West, Venkatesh, & Kumar, 2005b), 

and online temporal context recognition for situation awareness (i.e., level 2 – Situation 

assessment of the JDL fusion framework) (Ko, West, Venkatesh, & Kumar, 2005a, 2008) 

 

2.2.2 Hidden Markov Models (HMM) 

1 2 3 4 5 6
a12 a23 a34 a45 a56

a22 a33 a44 a55

b2(o1) b2(o2)
b3(o3)

b4(o4)
b4(o5)

b5(o6)

o1 o2 o3 o4 o5 o6

Observation Sequence  

Figure 2.8: An example of Hidden Markov Model with five states 

  

Figure 2.8 shows an example of a Hidden Markov Model (HMM). The HMM is the one of the 

most representative statistical approaches for temporal fusion or sequential data recognition 

(Murphy, 2002). The HMM model consists of the following parameters (Rabiner, 1989): 

1. 𝑁𝑁, the number of states in the model e.g., Figure 2.8 has six states. Consider a model has 

𝑁𝑁 distinct states,  {𝑆𝑆1, 𝑆𝑆2, … , 𝑆𝑆𝑁𝑁}. At regularly spaced discrete times, the system being 

modelled can change state to a new state or back to the same state. Denote the time 
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instants associated with the state changes as 𝑡𝑡 = 1,2, …, and denote the state variable at 

time 𝑡𝑡 as 𝑞𝑞𝑡𝑡 . 

2. 𝑀𝑀, the number of distinct observation symbols per state e.g., the state 2 of Figure 2.8 has 

two observation symbols. The observation symbols are the physical output of the system 

being modelled. If the output is continuous (i.e., use mixture-of-Gaussians to model), 𝑀𝑀 

is infinite. The set of possible observation symbols is denoted as 𝑉𝑉 = 𝑉𝑉1,𝑉𝑉1, … ,𝑉𝑉𝑀𝑀 . 

3. The state transition probability distribution 𝐴𝐴 = �𝑚𝑚𝑖𝑖𝑗𝑗 � where  

𝑚𝑚𝑖𝑖𝑗𝑗 = 𝑃𝑃�𝑞𝑞𝑡𝑡+1 = 𝑆𝑆𝑗𝑗 |𝑞𝑞𝑡𝑡 = 𝑆𝑆𝑖𝑖�, 𝑖𝑖, 𝑗𝑗 ∈ [1,2, … ,𝑁𝑁] Equation 2.4 

and 𝑞𝑞𝑡𝑡  denotes the state at time 𝑡𝑡. The transition probabilities 𝐴𝐴 satisfies the standard 

stochastic constraints ∑ aij = 1, aij ≥ 0N
j=1 . 

4. The observation symbol probability distribution in state 𝑗𝑗, 𝐵𝐵 = �𝑏𝑏𝑗𝑗 (𝑘𝑘)�, where 

𝑏𝑏𝑗𝑗 (𝑘𝑘) = 𝑃𝑃�𝑣𝑣𝑘𝑘  𝑚𝑚𝑡𝑡 𝑡𝑡 | 𝑞𝑞𝑡𝑡 = 𝑆𝑆𝑗𝑗 � 

𝑗𝑗 ∈ [1,2, … ,𝑁𝑁],𝑘𝑘 ∈ [1,2, … ,𝑀𝑀], 𝑡𝑡 ∈ [1,2, … ,𝑇𝑇] 
Equation 2.5 

5. The initial state distribution 𝜋𝜋 = {𝜋𝜋𝑖𝑖} where 𝜋𝜋𝑖𝑖 = 𝑃𝑃[𝑞𝑞1 = 𝑆𝑆𝑖𝑖], 𝑖𝑖 ∈ [1,2, … ,𝑁𝑁] 

𝜋𝜋𝑖𝑖 = 𝑃𝑃[𝑞𝑞1 = 𝑆𝑆𝑖𝑖], 𝑖𝑖 ∈ [1,2, … ,𝑁𝑁] Equation 2.6 

With all these properties correctly defined, we can use the compact notation 𝜆𝜆 = (𝐴𝐴,𝐵𝐵,𝜋𝜋) to denote 

the HMM.  

To formulate the problem of solving temporal fusion using a HMM recogniser, we have: 

• An input sequence – 𝑂𝑂 = [𝑜𝑜(1), 𝑜𝑜(2), 𝑜𝑜(3), … , 𝑜𝑜(𝑇𝑇)], where 𝑜𝑜(1), 𝑜𝑜(2), 𝑜𝑜(3), … , 𝑜𝑜(𝑇𝑇) 

are raw data or features vectors calculated from the input signal, and 𝑇𝑇 is time instance. 

• A number of class models – 𝜆𝜆. 

Given the model 𝜆𝜆 and a sequence of observations 𝑂𝑂, the problem is how to calculate the 

probability that the observed sequence was produced by the model – 𝑃𝑃(𝑂𝑂| 𝜆𝜆). Here, we want 
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to determine the likelihood of the observed sequence 𝑂𝑂, given the model 𝜆𝜆 to determine how 

well a given model class matches a given observation sequence (i.e., classification). To 

calculate this probability using the brute force approach has time complexity 𝑂𝑂(2𝑇𝑇 × 𝑁𝑁𝑇𝑇), 

where T is the length of sequences and N is the number of symbols in the state. This is 

intractable for realistic problems, as the number of possible hidden node sequences typically 

is extremely high. Clearly a more efficient procedure is required to solve this problem.  

The Forward–Backward procedure is such an efficient procedure that has time complexity  

𝑂𝑂(𝑁𝑁2𝑇𝑇) (Rabiner, 1989). The procedure comprises three main steps: 1) computing forward 

probabilities. 2) computing backward probabilities. 3) computing smoothed values. The 

forward and backward steps are often called "forward message pass" and "backward message 

pass", and the message passing originates from the way the procedure processes the given 

observation sequence. First the procedure moves forward starting with the first observation in 

the sequence and going to the last, and then returning back to the first. At each single 

observation in the sequence, probabilities to be used for calculations at the next observation 

are computed. During the backward pass the procedure simultaneously performs the 

smoothing step. This step allows the procedure to take into account any past observations of 

output for computing more accurate results. 

Before using the forward-backward procedure to classify the temporal sequence, the model 𝜆𝜆 

needs to be derived (i.e., model learning). This model learning problem is to determine a 

method to adjust the model parameters (𝐴𝐴,𝐵𝐵,𝜋𝜋)  to maximise the probability of the 

observation sequence given the model. The learning problem is the most difficult problem to 

solve. There is no possible analytic method (Rabiner, 1989) i.e. given any finite observation 

sequence there is no optimal way of estimating the model parameters. However, we can 

choose 𝜆𝜆 = (𝐴𝐴,𝐵𝐵,𝜋𝜋)  such that 𝑃𝑃[𝑂𝑂|𝜆𝜆]  is locally maximized using an Expectation–

Maximization (EM) algorithm. The EM algorithm is used for finding maximum likelihood 

estimates of parameters in probabilistic models, where the model depends on unobserved 

hidden variables. The EM algorithm alternates between performing an expectation (E) step, 

which computes an expectation of the likelihood by including the hidden variables as if they 

were observed, and maximization (M) step, which computes the maximum likelihood 

estimates of the parameters by maximizing the expected likelihood found on the E step. The 

parameters found on the M step are then used to begin another E step, and the process is 

repeated until the log-likelihood function converges to a (typically) local maximum. 
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Situational awareness (i.e., level 2 – Situation assessment of the JDL fusion framework) is 

achieved based on the sequence of events observed over a period of time (i.e., temporal 

sequences). Damarla (2008) has shown that each state in the HMM is an event that leads to a 

situation and the transition from one state to another is determined based on the probability of 

detection of certain events using multiple sensors of multiple modalities (e.g., acoustic, 

seismic, passive infrared (PIR), chemical, magnetic field (B-field) sensors, and electric field 

(E-field) sensors are used in the paper). Bruckner (Bruckner, Sallans, & Russ, 2007) has also 

proposed an automated method for traffic monitoring that uses HMMs to model the traffic 

behaviours. Moreover, Bernardin at el. (2003) has also demonstrated using HMM to learn 

hand grasping movements for robots. 
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2.2.3 Self-Organizing Map (SOM) for Temporal Sequences 

 

Figure 2.9 shows the basic architecture of the Self-Organizing Map (SOM). The SOM, first 

proposed by Kohonen (Kohonen, 2000), is a type of artificial neural network that has three 

essential constituents: (1) each neuron –  𝑚𝑚𝑗𝑗  in the SOM contains model vectors – 𝑚𝑚𝑗𝑗  that they 

have been trained on, (2) the neuron neighbourhood – 𝑁𝑁𝐶𝐶  given by connections in a low-

dimensional grid, and (3) a metric to evaluate the distance of the neurons to the input 

vectors – 𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀�𝑚𝑚𝑖𝑖 ,𝑚𝑚𝑗𝑗 �. 

The SOM training algorithm (Algorithm 2.1) uses a competitive and unsupervised process 

called vector quantization to build the SOM using a stream of input vectors. First, the number 

of neurons – 𝐶𝐶  in the map is determined, where 𝐶𝐶  should be greater than the number of 

clusters of input vectors so that all type of input vectors can be modelled. Second, the model 

vectors – 𝑚𝑚𝑗𝑗  in the map will be initialised randomly, or by utilising the two principal 

components (PCA) of the input data vectors (Kohonen, 2000). Third, the SOM training 

algorithm changes the model vectors by repeating the following two steps as described in 

Algorithm 2.1: 

1. Acquire an input vector 𝑚𝑚𝑖𝑖  and compare with all the model vectors – 𝑚𝑚𝑗𝑗  in the map by 

using the metric which can be one of: 

• Euclidean distance: 𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀�𝑚𝑚𝑖𝑖 ,𝑚𝑚𝑗𝑗 � = �∑ �𝑚𝑚𝑖𝑖 − 𝑚𝑚𝑗𝑗 �
2𝑚𝑚

𝑖𝑖=1  

 

• Mahalanobis distance: 𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀�𝑚𝑚𝑖𝑖 ,𝑚𝑚𝑗𝑗 � = �∑ �𝑚𝑚𝑖𝑖−𝑚𝑚𝑗𝑗 �
𝜎𝜎𝑖𝑖

2

2
𝑚𝑚
𝑖𝑖=1  

 

• Manhattan distance: 𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀�𝑚𝑚𝑖𝑖 ,𝑚𝑚𝑗𝑗 � = ∑ �𝑚𝑚𝑖𝑖 − 𝑚𝑚𝑗𝑗 �𝑚𝑚
𝑖𝑖=1  

The best matching unit (BMU) on the map is the neuron with the model vector that is 

most similar to the input vector. 
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 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑡𝑡 𝑚𝑚𝑖𝑖  𝑓𝑓𝑎𝑎𝑜𝑜𝑚𝑚 𝑠𝑠𝑡𝑡𝑎𝑎𝑠𝑠𝑚𝑚𝑚𝑚 𝑜𝑜𝑓𝑓 𝑖𝑖𝑚𝑚𝑖𝑖𝑖𝑖𝑡𝑡𝑠𝑠 

 𝑚𝑚𝐶𝐶 ← 𝑚𝑚𝑎𝑎𝑎𝑎𝑚𝑚𝑖𝑖𝑚𝑚
𝑗𝑗
�𝐷𝐷�𝑚𝑚𝑖𝑖 − 𝑚𝑚𝑗𝑗 �� 

 𝒇𝒇𝒇𝒇𝒇𝒇 𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑚𝑚𝑗𝑗  𝑜𝑜𝑓𝑓 𝑁𝑁𝐶𝐶  𝒅𝒅𝒇𝒇 

  𝑚𝑚𝑗𝑗  ←  𝑚𝑚𝑗𝑗  +  𝛾𝛾 ×  𝑓𝑓(𝑁𝑁𝐶𝐶)  ×  𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀�𝑚𝑚𝑖𝑖 ,𝑚𝑚𝑗𝑗 � 

 𝒆𝒆𝒆𝒆𝒅𝒅 𝒇𝒇𝒇𝒇𝒇𝒇 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑡𝑡 𝑪𝑪 

𝐼𝐼𝑚𝑚𝑖𝑖𝑡𝑡𝑖𝑖𝑚𝑚𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠 𝒎𝒎𝒋𝒋 𝑓𝑓𝑜𝑜𝑎𝑎 𝑚𝑚𝑠𝑠𝑠𝑠 𝑚𝑚𝑠𝑠𝑖𝑖𝑎𝑎𝑜𝑜𝑚𝑚𝑠𝑠 

𝑹𝑹𝒆𝒆𝑹𝑹𝒆𝒆𝒆𝒆𝑹𝑹 

𝑼𝑼𝒆𝒆𝑹𝑹𝑼𝑼𝑼𝑼 𝑠𝑠𝑜𝑜𝑚𝑚𝑣𝑣𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑚𝑚𝑠𝑠𝑠𝑠 

 

Figure 2.9: The basic architecture of Self-Organizing Map (SOM). From:(Honkela, 1997) 

Algorithm 2.1: Basic SOM training algorithm 
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2. The model vectors of the BMU – 𝑚𝑚𝐶𝐶   and its neighbouring neurons – 𝑁𝑁𝐶𝐶  are moved 

closer towards the input vector 𝑚𝑚𝑖𝑖  according to 𝛾𝛾 and 𝑓𝑓(𝑁𝑁𝐶𝐶). The learning rate – 𝛾𝛾 ∈

(0,1)  possibly decreases at each iteration to ensure the convergence of the training 

process. The update strength function – 𝑓𝑓(𝑁𝑁𝐶𝐶) calculates the amount of update for the 

current neuron, depending on its distance to the BMU in the vector space, the BMU 

adapts the strongest update and 𝑁𝑁𝐶𝐶  weaker updates. 

The metric and the update procedure are two main elements in the training process. The 

metric aims to measure the similarity of possibly sequential input vectors to the neurons to 

find the BMU. The model vector of the BMU and its neighbourhood neurons (𝑁𝑁𝐶𝐶 ) are 

updated so that their responses to the input vectors is increased. To extend the standard SOM 

for classifying temporal sequences, these two main steps need to be extended to capture the 

temporal relationships among the input vectors. Extensions of the SOM for temporal 

sequence processing have been proposed in the literature such as Temporal Kohonen map 

(TKM) and SOM for structured data (SOMSD) (Hagenbuchner et al., 2003).  

The Temporal Kohonen Map (TKM) proposed by Chappell and Taylor (1993) extends the 

original metric of the SOM by using leaky integration to capture the temporal knowledge. Let 

the temporal sequence be denoted by 𝑠𝑠 = (𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑡𝑡) and 𝑡𝑡  is the sequence length. The 

Temporal Kohonen Map (TKM) computes the distance of 𝑠𝑠 = (𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑡𝑡)  from neuron 𝑚𝑚𝑗𝑗  

by: 

𝐷𝐷𝑇𝑇𝑇𝑇𝑀𝑀�𝑠𝑠,𝑚𝑚𝑗𝑗 � = �𝛼𝛼(1 − 𝛼𝛼)𝑖𝑖−1
𝑡𝑡

𝑖𝑖=1

�𝑠𝑠𝑖𝑖 − 𝑚𝑚𝑗𝑗�
2 Equation 2.7 

where 𝛼𝛼 ∈ (0,1) is a memory parameter (Chappell & Taylor, 1993). The BMU is found when 

𝑠𝑠1  is closest to 𝑚𝑚𝑗𝑗  as in the standard SOM, and the remaining sum – (1 − 𝛼𝛼)�𝑠𝑠2 −𝑚𝑚𝑗𝑗� +

(1 − 𝛼𝛼)2�𝑠𝑠3 −𝑚𝑚𝑗𝑗� +  …  is also a minimum. The remaining sum integrates the distances 

between the neuron and each vector of the sequence weighted by an exponentially decreasing 

factor (1 − 𝛼𝛼)𝑖𝑖−1 . Thus, the BMU will be a neuron with distance closest to the previous 

vectors in the sequence.  

The update procedure of model vectors for the TKM is the same as for the standard SOM. 

Further studies pointed out that the training process of TKM is unstable and leads to only 

suboptimal results (Koskela, Varsta, Heikkonen, & Kaski, 1998). Consequently, the TKM has 
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not been widely adapted for temporal sequence processing (Varsta, Milan, & Heikkonen, 

1997). 

The SOM for structured data (SOMSD) is another much more efficient and powerful SOM 

extension than TKM (Hagenbuchner et al., 2003). The SOMSD can process not only one 

dimensional sequence, but also a tree structured sequence. The SOMSD map assumes that the 

neurons are arranged on a rectangular 𝑠𝑠-dimensional lattice structure map so that each neuron 

can be indexed i.e, a neuron at (2, 2) of a 2-D lattice structure map. Each neuron of the 

SOMSD map has two vectors: model vector – 𝑚𝑚𝑗𝑗 ∈ 𝑅𝑅𝑠𝑠  and an additional context vector – 

𝑘𝑘𝑗𝑗 ∈ 𝑅𝑅𝑠𝑠 . The context vector represents temporal context by the corresponding index of the 

BMU in the previous time step. To find the BMU, the distance of sequence 𝑠𝑠 = (𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑡𝑡) 

from a neuron is recursively computed by: 

𝐷𝐷𝑆𝑆𝑂𝑂𝑀𝑀𝑆𝑆𝐷𝐷 �𝑠𝑠,𝑚𝑚𝑗𝑗 � = 𝛼𝛼1�𝑠𝑠1 −𝑚𝑚𝑗𝑗�
2+𝛼𝛼2�𝑇𝑇𝑆𝑆𝑂𝑂𝑀𝑀𝑆𝑆𝐷𝐷 (𝑠𝑠2, … , 𝑠𝑠𝑚𝑚) − 𝑘𝑘𝑗𝑗�

2 Equation 2.8 

where 𝑇𝑇𝑆𝑆𝑂𝑂𝑀𝑀𝑆𝑆𝐷𝐷 (𝑠𝑠2, … , 𝑠𝑠𝑚𝑚) is the location of the BMU with the smallest 𝑑𝑑𝑆𝑆𝑂𝑂𝑀𝑀𝑆𝑆𝐷𝐷 �𝑠𝑠2,𝑚𝑚𝑗𝑗 � in the 

previous time step. The current context vector – 𝑘𝑘𝑗𝑗  is represented by the index of the BMU of 

the map in the previous time step, and 𝛼𝛼1,𝛼𝛼2 > 0 are constants to control mediation between 

the amount of model vector match versus context vector match. To find the BMU at the 

current step, the distance between the sequence and the BMU is defined as a mixture of two 

terms: the match of the neuron's model vector and the current sequence entry, and the match 

of the neuron's context vector and the context currently computed. This recursive process 

imposes a temporal bias towards those neurons whose context vector matches the index of the 

BMU of the previous time step.  

In the update procedure of SOMSD, the well know Hebbian learning (Kohonen, 2000) takes 

place for both model vectors and context vectors i.e., the model vectors are moved toward the 

current entries of the sequence, and the context vectors are moved toward the index of the 

BMU of the previous time step.  

The SOMSD has been successfully applied for the classification of artificially constructed 

pictures represented by tree structured sequences. A good classification accuracy of the 

objects in the picture (i.e., Level 1 – Entity assessment of the JDL fusion framework) can be 

obtained by attaching appropriate classes to the neurons of the SOMSD map. (Hagenbuchner 
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et al., 2003; Hagenbuchner, Tsoi, & Sperduti, 2001). Frey (2008) has extended the SOM for 

the continuous diagnosis of the functionality, the early detection of potential failures, and the 

continuous monitoring of the underlying physical process. Furthermore, Lai et al. (2007) has 

also enhanced the SOM for situation awareness. 

 

2.3 Chapter Summary 

This chapter presents a survey of popular multi-sensor data fusion frameworks. The 

frameworks provide a common understanding of the component functions (e.g., source pre-

processing, feature extraction and pattern processing, situation assessment, and decision 

making) for building multi-sensor data fusion systems. All of the reviewed frameworks have 

some strengths and weaknesses for the modelling of sensor fusion applications. For instances, 

many typical multi-sensor data fusion systems such as distributed control and SCADA 

systems, have a closed control loop, thus the Boyd ODDA loop and the Omnibus framework 

are more advantageous than the JDL and waterfall frameworks for this type of system. 

However, both the JDL and the waterfall frameworks are better guidelines for building 

embedded real-time fusion systems since they emphasise low-level fusion processing. 

Furthermore, Dasarathy’s framework provides the best understanding of the data or 

information flows among the component functions, and the innovation of a self-improving 

data fusion framework. Bowman has proposed several revisions to the JDL framework, and 

generalizes a conclusion that the main functions of a data fusion systems are the 

encompassing duality between data fusion (i.e., estimate) and resource management (i.e., 

control) (Bowman, 1994; Bowman et al., 1999; Llinas et al., 2004; Steinberg & Bowman, 

2004). 

The section on pattern recognition techniques for temporal fusion describes the major 

algorithms for classification of temporal sequences. For instance, the algorithms which are 

able to learn the temporal contexts from training sequences such as self-organising maps for 

sequences and hidden Markov models have been described. The algorithms that can make use 

of knowledge or assumptions about the temporal sequences to be recognised (i.e., use of class 

sequences) such as dynamic time warping have been explained. DTW can adjust the 

constraints of warping path to cope with the variability in temporal sequences. In addition, the 

states of art applications of these major algorithms have been reviewed. 
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Temporal fusion is an additional dimensionality to the fusion process that has not been 

emphasised in the previously reviewed frameworks. In the next chapter, we will explore the 

role of temporal fusion in the fusion frameworks, and relate the reviewed frameworks with the 

DTW based framework that is proposed in this thesis. 
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Chapter 3 Multi-Agent Temporal Fusion 

Framework 

 

 

Many real world situations change over time. When the multi-sensor system is used for 

situation awareness, it is useful not only to know the state or event of the situation at a point 

in time, but also, more importantly, to understand the causalities of those states or events as 

they change over time. This chapter describes the proposed framework that emphasises the 

horizontal dimension of the fusion process, that is, temporal fusion – fusion of the multi-

sensor data or events derived from multi-sensor data over a period of time.  

The main component of our framework is the DTW temporal fusion agent which uses 

dynamic time warping (DTW) as the core recogniser to perform temporal fusion. In this 

chapter, we will also describe the proposed extensions for the DTW recogniser to cope with 

the challenges and variability of temporal sequences.  

 

3.1 Multi-agent temporal fusion framework 

The previously reviewed fusion frameworks (refer to section 2.1) have a centralized 

architecture with all data processed by a single fusion node. When dealing with the large scale 

of sensor networks or wireless sensor networks, the distributed architecture is necessary to 

minimise the complexity of communication and computation. Figure 3.1 shows the proposed 

fusion framework that emphasises the DTW temporal fusion agents for aggregation of 

information over time, and the multi-agent architecture for scalability to large sensor networks. 

The proposed fusion framework includes three major layers: hardware, agents, and users: 
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Figure 3.1: The multi-agent temporal fusion framework 

 

The user layer represents the human decision maker of the temporal fusion system. The 

framework transforms information requirements of the decision makers through the software 

layer that will then allow the users to visualize the fusion products and generate feedback or 

control to enhance the fusion process. The control agents can convey the information needs of 

the decision-maker to the real-world devices (e.g., actuators, databases, etc.) that will either 

produce data relevant to the needs or perform automated tasks. In contrast, the DTW temporal 

fusion agent can aggregate the data acquired from the sensing devices (e.g., sensors or 

motes – self-contained sensing, computation, communication and power devices) into a form 

that can satisfy the decision maker and is intuitively usable by the user for the decision-

making process. 

The hardware layer contains sensors, actuators, and the environments being monitored. A 

sensor is a device that physically interacts with the monitored environment to perceive a 

property of the physical environment (e.g., temperature, pressure, light, sound, vision or 

motion) and transforms the result into a quantitative measurement that can be interpreted by 

the computer system. When the control agents are performing some automated tasks, some 
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attributes of the external environment are required to be changed automatically without 

manual operations. In this case, the system will contain actuators which are able to move or 

control some environmental attributes. 

The agent layer is the heart of the proposed temporal fusion framework, which consists of a 

group of the DTW temporal fusion agents and control agents: The function of control agents 

is to control the resources; on the other hand, the role of fusion agents is to derive the optimal 

estimates of the situation. In control theory, the relationship between control and estimation is 

expressed mathematically as a duality (Bowman, 2004). Similar to the duality that exists 

between estimation and control in control theory, Bowman (2004) has explored the duality 

between data fusion and resource management, which incorporates the association/planning 

duality as well as the estimation/control duality.  To be more specific: 

• The function of control agents is to control the hardware and produce the feedback to the 

fusion agents. The group of control agents is responsible for identifying the data sources 

to produce relevant input for a given fusion process i.e., sensor selection techniques can 

be applied in this process to find the sensors that maximise the information gain to meet 

the information needs of the decision maker (Zhang & Ji, 2005). In addition, the control 

agents coordinate the collection of the required data with appropriate actuating and 

sensing devices, or data and information from appropriate sources. This process that 

seeks to manage, or coordinate, the use of a set of actuators and sensors in a dynamic, 

uncertain environment, to improve the performance of the system is known as sensor 

management (Xiong & Svensson, 2002) or resource management (Bowman, 2004). 

Moreover, the control agents also perform the function of the level 4–process assessment 

of the JDL framework to monitor the overall temporal fusion process, and improve the 

overall system performance by sending feedback to the DTW temporal fusion agents. 

This process involves the use of reinforcement learning (Sutton & Barto, 1998) to 

improve the performance of the DTW temporal fusion agents. The control agent is itself 

a broad subject that requires the deep understanding of sensor selection (Zhang & Ji, 

2005), sensor management (Xiong & Svensson, 2002), resource management (Bowman, 

2004), and reinforcement learning (Sutton & Barto, 1998). Thus, the study of control 

agents is not within the scope of this thesis, and is suggested to be future work. 

• The role of the DTW temporal fusion agent is to aggregate data, features, or decisions 

over a period of time to derive the optimal estimates of the entities (i.e., level 1 – entity 

assessment of JDL framework), situations (i.e., level 2 – situation assessment), and 



Multi-Agent Temporal Fusion Framework 
 

37 

impacts (i.e., level 3 – impact assessment), which satisfies the information needs of 

decision-makers and minimises the decision-maker’s uncertainty of information. Our 

framework contains a group of temporal fusion agents that use DTW as the core 

recogniser as shown in Figure 3.2. The rest of this chapter will be devoted to the 

architecture of the DTW temporal fusion agent in details. 

Fundamentally the DTW temporal fusion agents of the agent layer can be arranged in three 

different topologies: centralized, hierarchical, and distributed. In addition, we use an 

information graph (Liggins et al., 1997) to show the information flows among the DTW 

temporal fusion agents, and how the agents fuse the sensor data over the time dimension, in 

these three fusion architectures.  

In the centralized fusion architecture as shown in Figure 3.2, the DTW temporal fusion agent, 

𝑁𝑁1, is treated as a central processor that collects, processes, and fuses all information from the 

different sensors – 𝑆𝑆1, 𝑆𝑆2, 𝑆𝑆3. On the right side of Figure 3.2, the solid circles represent the 

measurements generated by each sensor over time. The hollow rectangles represent the data 

vectors (has three elements) of the multimodal sequence that are buffered in a sliding window 

of the DTW temporal fusion agent, and this buffered sequence will be the input to the 

temporal DAI or FEI-DEO fusion process as described in section 3.2. Although the 

centralized fusion architecture has the best performance, it suffers from the two drawbacks 

(Liggins et al., 1997): Communication – there might be a communication bottleneck if all the 

sensors in the large sensor network communicate directly with the central fusion agent at the 

same time; Vulnerability – the entire fusion system fails. If there is a failure in the central 

DTW fusion agent or the central communications facility. 
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Figure 3.2: Centralized fusion architecture with one DTW temporal fusion agent and three sensors. 
(Liggins et al., 1997) 
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Figure 3.3: Hierarchical fusion architecture with three DTW temporal fusion agent and four sensors. 
(Liggins et al., 1997) 

 

In the hierarchical fusion architecture, there are several levels where the top level contains a 

single central fusion agent (i.e., performing DEI-DEO), the bottom level consists of several 
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local fusion agents (i.e., performing DAI or FEI-DEO), and several fusion agents in between 

the top and bottom levels also performing the DEI-DEO fusion process. Each of the local 

fusion agents (subordinates) may derive the local fused estimate from the inputs of a small 

group of sensors or an individual sensor, and send those local estimates to a central fusion 

agent (superior) to develop a global fused estimate. The left side of Figure 3.3 shows an 

example of the hierarchical fusion architecture that has two local DTW temporal fusion 

agents – 𝑁𝑁1,𝑁𝑁2 (subordinates) with each fusing data from two sensors, and one central DTW 

temporal fusion agent – 𝑁𝑁3 (superior). On the right side of Figure 3.3, the two local agents – 

𝑁𝑁1,𝑁𝑁2 both perform the temporal DAI or FEI-DEO fusion process over a period of time, and 

the central agent 𝑁𝑁3 further performs the temporal DEI-DEO fusion process to combine the 

local decisions of A and B to make the global decision.  

 

F3

F1 F2

S1 S2 S3 S4

S5 S6

Distributed Fusion

S4

S3

S2

S1

F2

F3

F1

A

B

C

Time
  

Figure 3.4: Distributed fusion architecture with three DTW temporal fusion agent and six sensors. 
(Liggins et al., 1997) 

 

Figure 3.4 shows the distributed fusion architecture. There is no subordinate–superior 

relationship among the DTW temporal fusion agents. Each fusion agent can communicate its 

estimate to other fusion agents to assist them in making their local decisions, and in turn 

receives the estimates from other fusion agents to facilitate its own decision making. The left 
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side of Figure 3.4 shows an example of the distributed fusion architecture that has three 

distributed DTW temporal fusion agents – 𝑁𝑁1,𝑁𝑁2,𝑁𝑁3 with each deriving its own local estimate 

from two sensors. For instance, on the right side of Figure 3.4 agent 𝑁𝑁2 sent its local estimate 

(i.e., fused data or feature from sensors 𝑆𝑆3, 𝑆𝑆4) to agent 𝑁𝑁3 to assist 𝑁𝑁3 in performing temporal 

FEI-DEO fusion process to derive A. Another example is that before agent 𝑁𝑁2  can make 

decision C, it required the local estimates from both agents 𝑁𝑁1,𝑁𝑁3 as depicted in Figure 3.4. 

The distributed fusion architecture is not constrained by centralized computational limitation 

or communication bandwidth bottleneck, since the information flow between agents is 

reduced and the data processing load is distributed. All the fusion agents are complementary 

in distributed fusion, and this architecture is less vulnerable than a centralized fusion 

architecture when loss of sensors and any changes in the network occurs (Mitchell, 2007). 
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3.2 DTW temporal fusion agent 
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Figure 3.5: The modules of a DTW temporal fusion agent. 

 

Figure 3.5 shows the software modular design of the DTW temporal fusion agent, and how 

the agent performs online temporal fusion of multimodal sequences using four heterogeneous 

sensors as an example. The multimodal sequences generated are a mix of binary, discrete, and 

continuous variables. There are four main modules implemented in each of the DTW 

temporal fusion agents: data pre-processing, DTW recogniser, a database of class templates, 

and decision making. The raw data input to the system is buffered in a sliding window. For 

the temporal data in/decision out fusion process, both the selected class templates and the raw 

data currently buffered in the sliding window are in raw data form. For the temporal feature 

in–decision out fusion process, the same pre-processing techniques are applied to the acquired 
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data and the class templates. The data pre-processing module converts the raw data into the 

test template to improve the recognition accuracy and speed. Examples of such pre-processing 

are filtering, variable normalisation, feature extraction, and segmentation. The DTW 

recogniser then measures the similarity between the test template and all the selected class 

templates by calculating the DTW distances. Finally, the decision making module decides 

which class template is the most similar one to the input and hence outputs the best matching 

class. 

 

3.3 Data pre-processing 

In the presence of noise and outliers, the DTW might fail to measure the correct similarity 

between two sequences, since the DTW tries to match all elements between the two sequences. 

To eliminate noise and outliers, the system applies a suitable signal filter.  

Multisensor data usually consists of a combination of both discrete and continuous variables. 

Normalisation of variables is required to ensure that the DTW distance calculated by using the 

local distance measure is representative and stable. Furthermore, normalisation ensures 

fairness across various sensors as well as features. Variable normalisation is typically 

performed to integrate vector components of varying dynamic range. Suppose some vector 

components have a variance that is significantly higher than those of others, the former will 

dominate the results of the local distance measure. Some common normalisation methods 

have been investigated to normalise the dynamic ranges of the vector components in the 

interval [0, 1] i.e., Variance normalisation, Min–max normalisation and Softmax 

normalisation. 

The DTW recogniser can perform temporal fusion on raw data, but by performing fusion on 

features extracted from the data, both classification performance and computational speed 

may be improved. Mantyjarvi (2003) and Schmidt (2002) have studied extensively the 

suitable features to be extracted from different types of sensors for the recognition of various 

contexts. 

While the multisensor data is acquired from heterogeneous sensors in real-time, there needs to 

be a method for segmenting areas of interest of multimodal sequences from the continuous 

data streams so that the DTW recogniser can perform temporal fusion. For example, in 

gesture recognition, the system is used to fuse data acquired from accelerometers worn on 
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both wrists. Since the gestures are being performed continuously, there needs to be a method 

for selecting areas of movement to find candidate gestures from the continuous data streams. 

Finding periods of inactivity in the accelerometer data is one solution (Chambers et al., 2004). 

The system currently utilizes both the sliding window operation and a DTW variant to solve 

the unknown endpoints or the segmentation problem. If we have sufficient prior knowledge 

about the multisensor data to be recognised so that a suitable and robust segmentation method 

can be developed, the recognition accuracy of the system can be further improved. 

 

3.4 Training of the DTW recogniser 

Successful fusion processing, and particularly automated fusion, depends on the existence of a 

priori information, patterns, and models of behaviour (known as training data), without which 

it is difficult to predict potential hostile courses of action with any degree of confidence. 

In the training stage, the most important task is the creation of reliable class templates for 

each class of multimodal sequences to be recognised. Although the template can be selected 

randomly (i.e., random selection), the accuracy of the DTW-based recognition system greatly 

relies on the quality of the created class templates. Some better methods than random 

selection are: 

1. Normal selection: The normal procedure for selecting the class templates is to use each 

example as a template and determine its recognition rate when classifying the other 

examples of that class. The example with the best recognition rate is chosen as the 

template. 

2. Minimum selection: Select the sample for the class template using the intra-class DTW 

distance that is the sum of DTW distances between the template and all other examples 

within the same class. The sample with minimum intra-class DTW distance is selected as 

the class template. In terms of clustering, the template selected by this method is the 

centre of the cluster. 

3. Average selection: Generate the class template from a set of the best templates, e.g., 

extract the five templates that have the best minimum inter-class DTW distances, then 

take the average of these to produce the final class template. Averaging a collection of 

time series that are not perfectly time-aligned is non-trivial (Abdulla et al., 2003; 
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Ratanamahatana & Keogh, 2005). However, it has been demonstrated (Abdulla et al., 

2003) that the speaker-dependent speech recognition rate is improved from 85.3%, using 

normal selection, to 99%, using this method. 

4. Multiple selection: Use several class templates for each class, determine the 

classification for each template and then combine the results. This method usually 

achieves better classification rates than the aforementioned methods. However, this 

method is computationally inefficient because it increases the number of class templates 

to be compared. This method can also be used together with all the aforementioned 

methods. For instance, use minimum selection to sort all training templates in ascending 

order according to their intra-class DTW distances, and select the top five as the class 

templates (multiple minima). Usually, the results are better than minimum selection. 

We will compare random selection, minimum selection and multiple selection in our 

experiments to explore the importance of selecting good class templates. After the creation of 

class templates, two other parameters are required when performing online temporal fusion. 

Given each class 𝐶𝐶𝑚𝑚  (1 ≤ 𝑚𝑚 ≤ 𝑁𝑁 , 𝑁𝑁 = total number of classes), the following parameters 

need to be derived from the training templates of  𝐶𝐶𝑚𝑚  (denote as 𝑇𝑇𝐶𝐶𝑚𝑚 ): 

• End regions (𝐸𝐸1  and 𝐸𝐸2 ). We derive the end regions for each class 𝐶𝐶𝑚𝑚 . 𝐸𝐸2  and 𝐸𝐸1 

respectively are defined as the maximum and minimum lengths found within 𝑇𝑇𝐶𝐶𝑚𝑚  as 

depicted in Figure 3.6. The length of class templates of 𝐶𝐶𝑚𝑚  and 𝐸𝐸2 are used to determine 

the number of rows and columns of the DTW distance tables of 𝐶𝐶𝑚𝑚  respectively. 𝐸𝐸1 and 

𝐸𝐸2  together define all possible lengths of multimodal sequences of class 𝐶𝐶𝑚𝑚 , and the 

difference between them is the Band-DP of 𝐶𝐶𝑚𝑚  (i.e., 𝐸𝐸 = 𝐸𝐸2 − 𝐸𝐸1). The use of the end 

region in the DTW recogniser will be discussed in Section 3.5.2. 

• Rejection threshold. Since continuous data streams contain both target and unknown 

sequences, the rejection threshold is used to reject any unknown test template that should 

not belong to any of the 𝑁𝑁 classes. Our current heuristic is to choose this threshold as the 

mean of the intra-class DTW distances between the selected class template and all 𝑇𝑇𝐶𝐶𝑚𝑚  

plus a number of standard deviations. The number of standard deviations is determined 

such that the threshold will not reject any of the training templates 𝑇𝑇𝐶𝐶𝑚𝑚 . Other heuristics 

can be used such as the maximum intra-class DTW distance. During the sliding window 

operation, if the minimum DTW distance between the test template and the class 
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template of  𝐶𝐶𝑚𝑚  exceeds the threshold, it indicates the test template is unknown and does 

not belong to any of the 𝑁𝑁 classes. 

 

3.5 Dynamic time warping recogniser 

After the class templates have been created, the next step is to measure the similarity between 

online data and the class templates. Since the length of multimodal sequences of the same 

class can vary greatly and the endpoints are unknown, the proposed system uses a variant of 

DTW to achieve both time alignment and the similarity measure. In the remainder of this 

section, we will develop dynamic time warping for online recognition of multimodal 

sequences generated from multiple sensors. 

 

3.5.1 Multi-dimensional local distance measure for DTW 

The class templates 𝐶𝐶(𝐼𝐼 × 𝑉𝑉)  and test template 𝑇𝑇(𝐽𝐽 × 𝑉𝑉)  represent multimodal sequences 

where V is the number of variables and 𝐼𝐼, 𝐽𝐽 indicate the lengths of class and test templates 

respectively. To calculate the DTW distance between the test and class templates, the system 

uses the extended Euclidian distance (Equation 3.1) and cosine correlation coefficient 

(Equation 3.2) as the local distance measures to calculate the difference between the two 

vectors, 𝐶𝐶𝑖𝑖𝑉𝑉  and 𝑇𝑇𝑗𝑗𝑉𝑉 . They are defined as: 

 

𝑑𝑑𝐸𝐸(𝐶𝐶𝑖𝑖𝑉𝑉 ,𝑇𝑇𝑗𝑗𝑉𝑉) = ��𝑊𝑊(𝑣𝑣)
𝑉𝑉

𝑣𝑣=1

�𝐶𝐶𝑖𝑖(𝑣𝑣) − 𝑇𝑇𝑗𝑗 (𝑣𝑣)�
2 Equation 3.1 

 

 
 

𝑑𝑑𝐶𝐶(𝐶𝐶𝑖𝑖𝑉𝑉 ,𝑇𝑇𝑗𝑗𝑉𝑉) = 1 −
∑ 𝑊𝑊(𝑣𝑣)𝐶𝐶𝑖𝑖(𝑣𝑣)𝑇𝑇𝑗𝑗 (𝑣𝑣)
𝑉𝑉
𝑣𝑣=1

�∑ 𝐶𝐶𝑖𝑖(𝑣𝑣)
2𝑉𝑉

𝑣𝑣=1 �∑ 𝑇𝑇𝑗𝑗 (𝑣𝑣)
2𝑉𝑉

𝑣𝑣=1

 
Equation 3.2 
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where W is a positive definite weight vector. The weight vector W can be used in the DTW 

algorithm to give more weight to certain variables to improve the performance of online 

recognition. If every element of W is equal to 1, we obtain the normal Euclidian distance and 

cosine correlation coefficient. If prior knowledge of the importance of the sensors to the 

multimodal sequences under recognition is given, we can assign the elements of W to reflect 

this importance. 

 

3.5.2 DTW variant for unknown start and end points 
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Figure 3.6: DTW variant to solve the problem of unknown start or end points. 

 

One of the major drawbacks in the original DTW algorithm is the endpoint constraints that 

require the warping path to start and finish in diagonally opposite corner cells of the distance 

table as shown by the solid curve in Figure 3.6. When reasonably accurate determination of 
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the start and end points of the multimodal sequence has been made, this constraint is 

acceptable and does not harm overall performance of the DTW recogniser. However in the 

case of online recognition of multimodal sequences where the endpoints are unknown, the 

original DTW algorithm is inadequate. As such, we use a variant of the original DTW 

algorithm that replaces the endpoint constraints to allow the start point to fall in a defined start 

region (i.e., between S1 and S2) and the end point to fall in a defined end region (i.e., between 

E1 and E2) as shown by the bold dashed lines in Figure 3.2. The new definitions for the start 

and end regions are as follows: 

 

𝑖𝑖(1) = 1, 𝑗𝑗(1) = 𝑠𝑠, 𝑆𝑆1 ≤ 𝑠𝑠 ≤ 𝑆𝑆2 Equation 3.3 

 

𝑖𝑖(𝑄𝑄) = 𝐼𝐼, 𝑗𝑗(𝑄𝑄) = 𝑠𝑠,𝐸𝐸1 ≤ 𝑠𝑠 ≤ 𝐸𝐸2 Equation 3.4 

Hence the optimal warping path starts at the first vector of the class template and within the 

start region of the test template, and ends at the last vector of the class template and within the 

end region of the test template. Given a start and end region, the purpose of the DTW 

algorithm is to determine (in an optimal and efficient manner) the warping path, which 

provides the best time alignment between the class and the test template and has the minimum 

cumulative distance. The search for the optimal warping path for this variant of the DTW 

algorithm can be expressed as an extension of Equation 2.2: 

 

𝐷𝐷𝑇𝑇𝑊𝑊(𝐶𝐶,𝑇𝑇) = 𝑚𝑚𝑖𝑖𝑚𝑚
𝑆𝑆1≤𝑠𝑠≤𝑆𝑆2

( 𝑚𝑚𝑖𝑖𝑚𝑚
𝐸𝐸1≤𝑠𝑠≤𝐸𝐸2

(
∑ 𝑤𝑤(𝑖𝑖(𝑞𝑞), 𝑗𝑗(𝑞𝑞))𝑄𝑄
𝑞𝑞=1

𝑁𝑁𝑁𝑁
)) Equation 3.5 

 

where 𝑠𝑠  and 𝑠𝑠  represent the start and end points of a warping path respectively. For 

computational efficiency, we need to keep both the start region (𝑆𝑆2 − 𝑆𝑆1) and end region 

(𝐸𝐸2 − 𝐸𝐸1) minimal. However, it is possible to expand either the start or the end region to 

incorporate the entire test template. In this case, this DTW variant can be used for 

subsequence matching (Vlachos et al., 2003), in which the class template is a subsequence 
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within the longer test template. For example, if 𝑆𝑆1 = 1 and 𝑆𝑆1 = 𝐽𝐽, the dotted curve of Figure 

3.6 illustrates that the class template is actually a subsequence of the test template. 

 

3.5.3 Online DTW 

 

vector
add

remove

d(i,j) table of C1 d(i,j) table of C2

Buffer of test 
template

d(i,j) table of Cn

Previously 
calculated

d(Ci, Tj)

Previously 
calculated

d(Ci, Tj)

Old d(i,j) 
removed

New d(i,j) calculated for 
the corresponding 

vectors in test template

I1

E2

I1

E2

I1

E2

 

Figure 3.7: The sliding window operation involves both the buffer of test template and DTW distance tables. 

 

The DTW recogniser maintains an 𝐼𝐼 × 𝐸𝐸2 distance table 𝐷𝐷 for each class template 𝐶𝐶𝑚𝑚 . Figure 

3.7 shows that the online sliding windowing operation is applied on both the buffer of the test 

template 𝑇𝑇 and the distance tables. The data pre-processing module uses a sliding window to 

extract one feature vector at a time from the streaming data which is then stored in the buffer 

of 𝑇𝑇. The system starts by buffering the feature vectors until it reaches the maximum size. The 

maximum size is defined as the largest 𝐸𝐸2 learned during the training stage e.g., Figure 3.7 

shows that the buffer size is the same as 𝐸𝐸2 of 𝐷𝐷 of 𝐶𝐶1. Once the buffer reaches the maximum 

size, the DTW recogniser starts to calculate the elements of 𝑑𝑑(𝑖𝑖, 𝑗𝑗) and the warping path 𝑊𝑊 

for each 𝐷𝐷. From this time on, the buffer of 𝑇𝑇 and 𝐷𝐷 become sliding windows. When a new 

vector of 𝑇𝑇 is stored, the first vector of 𝑇𝑇 and the first row of 𝐷𝐷 are deleted. Each 𝐷𝐷 expands 

by one row and only the elements of 𝑑𝑑(𝑖𝑖, 𝑗𝑗) for the new row are calculated, i.e., when the jth 

vector of 𝑇𝑇 is extracted, 𝑑𝑑(𝑖𝑖, 𝑗𝑗) is calculated for all 𝑖𝑖(1 ≤ 𝑖𝑖 ≤ 𝐼𝐼). In this way, the algorithm is 

efficient since it uses the previously calculated value. At each new step, the online DTW 

recogniser discards the old 𝑊𝑊 (the dashed line of the table of 𝐶𝐶𝑚𝑚 ). A new 𝑊𝑊 (the solid line of 



Multi-Agent Temporal Fusion Framework 
 

49 

the table of 𝐶𝐶𝑚𝑚 ) is calculated in the updated 𝐷𝐷  by fixing the start point (S2 = S1 = 1 in 

Equation 3.5) and relaxing the end point (𝐸𝐸1 ≤ 𝑠𝑠 ≤ 𝐸𝐸2 in Equation 3.5). Thus, the total time 

complexity of the online DTW involves both the update of distance tables 𝑂𝑂(𝑁𝑁𝐼𝐼) and the 

calculation of the new 𝑊𝑊 𝑂𝑂(𝑁𝑁𝐼𝐼𝐸𝐸2), where 𝑁𝑁 is the number of class templates. If the Band-DP 

is used, the time complexity is reduced to 𝑂𝑂(𝑁𝑁𝐸𝐸) + 𝑂𝑂(𝑁𝑁𝐼𝐼𝐸𝐸), where 𝐸𝐸 = 𝐸𝐸2 − 𝐸𝐸1. 

If the lengths of class templates (between classes or within the class) are quite different, we 

need to normalise the returned DTW distance. We would expect long class templates to have 

higher DTW distances than short class templates, since they have longer warping paths on 

which to accumulate errors. The system uses the following options for the normalising factor 

(𝑁𝑁𝑁𝑁) in Equation 2.2: 

 Option 1, 𝑁𝑁𝑁𝑁 = 1 (no normalisation on the distance). 

 Option 2, 𝑁𝑁𝑁𝑁 = the length of the optimal warping path. 

 Option 3, 𝑁𝑁𝑁𝑁  = the length of the longest template when comparing class and test 

templates. 

 Option 4, 𝑁𝑁𝑁𝑁  = the length of the shortest template when comparing class and test 

templates. 

 Option 5, 𝑁𝑁𝑁𝑁 = the sum of the lengths of both class and test templates. 

At each new time instance, the normalised DTW distances are calculated for each class 

template and passed to the decision making procedure to perform classification. 

 

3.6 Decision making procedure 

The last major step in the proposed system (see Figure 3.5) is the decision making procedure 

which chooses the class template that most closely matches the unknown test template. There 

are two decision rules used in the system depending on which method is used to create the 

class template. 

For normal, minimum, and average selections, a single class template is used for each class, 

and the nearest neighbour decision rule (NN rule) is used. We assume 𝑁𝑁  classes, 𝐶𝐶𝑚𝑚 , 
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1 ≤ 𝑚𝑚 ≤ 𝑁𝑁, and for each test template we obtain the DTW distance 𝐷𝐷𝑚𝑚  using our online 

algorithm. Then the decision rule is simply: 

 

𝑚𝑚∗ = 𝑚𝑚𝑎𝑎𝑎𝑎 𝑚𝑚𝑖𝑖𝑚𝑚
𝑚𝑚

[𝐷𝐷𝑚𝑚 ] Equation 3.6 

 

and the class template 𝐶𝐶𝑚𝑚∗ is chosen as the winning class template. If the ranking of the class 

templates is required, the set of distances 𝐷𝐷𝑚𝑚  can be used to give a new set of 𝐶𝐶𝑚𝑚  which is 

ordered according to the DTW distance calculated. 

For multiple selections in which each class is represented by two or more class templates, the 

𝑇𝑇-nearest neighbour (KNN) decision rule can be used. Thus if we assume there are 𝑀𝑀 class 

templates for all 𝑁𝑁  classes, and we denote the mth class template of 𝐶𝐶𝑚𝑚  as 𝐶𝐶𝑚𝑚 ,𝑚𝑚 , where 

1 ≤ 𝑚𝑚 ≤ 𝑁𝑁, 1 ≤ 𝑚𝑚 ≤ 𝑀𝑀, then the DTW distance for the mth class template of 𝐶𝐶𝑚𝑚  is 𝐷𝐷𝑚𝑚 ,𝑚𝑚 . If 

we select 𝑇𝑇 (1 ≤ 𝑘𝑘 ≤ 𝑀𝑀) nearest neighbours out of 𝑀𝑀 class templates of 𝐶𝐶𝑚𝑚  that have the 

least DTW distances to the unknown test template (centre 𝑇𝑇  samples in the cluster), and 

denote the DTW distance of the kth neighbour to the unknown test template as 𝐷𝐷𝑚𝑚 ,𝑘𝑘 . Then for 

each test template, we obtain the DTW distance for 𝐷𝐷𝑚𝑚  as 

 

𝐷𝐷𝑚𝑚 =
1
𝑇𝑇
�𝐷𝐷𝑚𝑚 ,𝑘𝑘
𝑇𝑇

𝑇𝑇=1

 Equation 3.7 

 

and we choose the index of the recognised class using Equation 3.6. It should be noted that 

for 𝑘𝑘 = 1 , the 𝑇𝑇 -nearest neighbour decision rule becomes the nearest neighbour rule. 

Similarly, we can compute the ranking of the class templates. 
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3.7 Chapter Summary 

This chapter described the proposed multi-agent temporal fusion framework that includes 

three major layers: hardware, agents, and users. To differentiate our framework from the 

reviewed frameworks in the literature, we emphasised the application of DTW temporal 

fusion agents for aggregation of information over time, and the three different architectures: 

centralized, hierarchical, and distributed for organising the DTW temporal fusion agents. In 

addition, we use an information graph to show the information flows among the DTW 

temporal fusion agents, and how the agents fuse the sensor data over the time dimension. 

In this chapter, the four main modules of the DTW temporal fusion agent: data pre-

processing, DTW recogniser, training of class templates, and decision making, are described. 

We need to extend the DTW recogniser in various ways to be able to use it in the DTW 

temporal fusion agent to deal with multimodal sequences that consist of the data or feature 

sequences acquired from multiple heterogeneous sensors over a period of time. First, 

Euclidian distance (Equation 3.1) and cosine correlation coefficient (Equation 3.2) are 

proposed for measuring the local distance in the warping path of the temporal sequences with 

multi-dimensions. Second, we extended the DTW recognizer to deal with unknown start and 

end points so that it is able to recognize the same class of multimodal sequences even though 

they have different lengths locally or globally. The DTW non-linearly warps one time 

sequence to match another given start and end point correspondences, which means accurate 

location of the endpoints is also needed. We have also shown how the DTW recogniser deals 

with the problem of unknown endpoints of multimodal sequences embedded in continuous 

data streams. Third, we proposed an online DTW algorithm so that the DTW recogniser is 

able to perform real-time processing. 

In next chapter, we will use two real world datasets to demonstrate that the proposed DTW 

temporal fusion agent can perform temporal fusion efficiently, coping with large amounts of 

multi-sensory information in real-time, and making classification decisions with high 

accuracy. We also show that the proposed DTW recogniser outperforms HMMs in both case 

studies. 
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Chapter 4 Experimental Results  

 

 

This chapter explores the performance of the proposed DTW temporal fusion agent as shown 

in Figure 3.5. The performance is evaluated with two real world datasets:  

1. A accelerometer dataset acquired from performing two hand gestures (Chambers et 

al., 2004). The gesture dataset contains six channels of continuous data that are 

acquired from two accelerometers. 

2. A benchmark dataset acquired from carrying a mobile device that has six sensors, 

and performing the pre-defined user scenarios (Mantyjarvi et al., 2004). This dataset 

is a complex multimodal sequence that has 29 dimensions. 

Performance results of the DTW temporal fusion agent are compared with those of a Hidden 

Markov Model (HMM) based system.  

 

4.1 Experimental setup and evaluation 

All the experiments in this thesis were conducted on a Pentium-4 3.2 GHz CPU with 1 GB of 

RAM running Windows XP. Most software components of the proposed system are currently 

implemented in MATLAB, except the DTW recogniser which is implemented in C++ for 

computational efficiency. We use two real world datasets to explore the performance of the 

proposed system for both offline and online temporal fusion. To compare our system with a 

HMM based system, we use the Bayes Net Toolbox1

                                                 
1 Bayes Net Toolbox for Matlab is available at http://bnt.sourceforge.net/ (last accessed 01/2009). 

 (Murphy, 2001) to construct an HMM 

based system for temporal fusion. The efficiency and accuracy of both systems are compared 

and analysed. 
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For offline temporal fusion, we evaluate the performance of the system using the 

classification rate which is the ratio of the number of correctly classified multimodal 

sequences to the total number of multimodal sequences. For online temporal fusion, we 

evaluate the performance of the system using both accuracy rate (AR) and local minimum 

deviation (LMD) as illustrated in Figure 4.1. Figure 4.1 shows examples of multimodal 

sequences to be recognised, embedded in a continuous data stream. Figure 4.1b shows the 

normalised DTW distances of all the classes for all the sliding windows. The ground truth 

defines the start and end times of all the multimodal sequences to be recognised (depicted as 

ST and ET at the top of the upper waveforms in Figure 4.1a). The winning class for the 

multimodal sequence buffered in the current sliding window is defined as the one with the 

lowest DTW distance that is also less than the rejection threshold (the short red dashed lines 

at the bottom of the lower waveforms of Figure 4.1b). Hence, the AR is the ratio of the 

number of multimodal sequences, of which the winning class at time ST matches the ground 

truth, to the total number of multimodal sequences to be recognised in the data. When the 

winning class matches the ground truth, we define: 

 

𝐿𝐿𝑀𝑀𝐷𝐷 ≜
|𝑆𝑆𝑇𝑇 − 𝐿𝐿𝑀𝑀𝑇𝑇|
𝐸𝐸𝑇𝑇 − 𝑆𝑆𝑇𝑇

 Equation 4.1 

 

where LMT (ref. lower waveforms of Figure 4.1b) is defined as the time instance near ST 

where the local minimum of the DTW distances occurs, and indicates the time instance where 

the best match occurs. As depicted at the bottom left of Figure 4.1b, all the time instances 

near ST of the first multimodal sequence that have the DTW distances less than the rejection 

threshold (the red dashed line) are correctly classified as class-1 (the blue line), and LMT is 

the time instance where the local minimum of these DTW distances occurs. A reliable online 

recognition system will have high AR and low LMD. 

 

4.2 Temporal fusion on gesture sequences acquired from accelerometers 

This case study investigates the performance of the DTW temporal fusion agent for temporal 

fusion with six channels of continuous data. The six channels of continuous data are acquired 
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from two homogenous sensors that consist of accelerometers (ADXL202 dual axis 

accelerometer from Analog Devices Inc.). The accelerometers can each measure the 

acceleration of up to ±2g at 150 samples/second in 3-D space. They are housed in small 

wristwatch sized enclosures worn in the form of a wristband on both wrists. The provided 

dataset (Chambers et al., 2004) was captured by people wearing the wristbands and 

mimicking the 12 gestures of a cricket umpire: Cancel Call, Dead Ball, Four, Last Hour, Leg 

Bye, No Ball, One Short, Out, Penalty Runs, Six, TV Replay, and Wide (Shepherd, 2005). 

The gesture sequences were captured over different days with four different actors to 

introduce variability between the movements. 

In Section 4.2.1, we use the gesture sequences that have been segmented from the continuous 

data streams to evaluate the performances of the DTW temporal fusion agent for offline 

temporal data in–decision out and feature in–decision out fusion processes. The segmented 

data for the 12 gestures are shown in the first three columns of Figure 4.2. There are 65 

instances (20 from the first actor, and 15 from each of the other three actors) for each of the 

12 gestures (780 instances in total), and each instance is a multimodal sequence consisting of 

six continuous variables. We denote this gesture dataset as G1. Figure 4.2 also shows the 

significant variability in the data between gesture classes. Instances of the same gesture are 

also different in length, because the same movements can be performed at different speeds. 

The results of applying different data pre-processing techniques on the classification rate are 

studied. 

In Section 4.2.2, we use a second set of gesture sequences to evaluate the performance of the 

DTW temporal fusion agent for the online temporal feature in–decision out fusion process. 

The test data is another set of four continuous data streams that are captured by the four actors 

respectively, performing each of the 12 gestures once (48 gestures in total which are 

embedded in four continuous data streams). We denote this gesture dataset as G2 to 

differentiate it from G1. Unlike the segmented sequences, the test data is a continuous data 

stream that consists of both gesture sequences and ‘‘noactivity’’ sequences. Figure 4.1a shows 

one of the continuous data streams that has 12 gestures embedded. We will compare random, 

minimum, multiple, and multiple + minimum selection methods (ref. Section 3.4) on both 

accuracy rate and local minimum deviation. The influence of different values of K (in the K-

nearest neighbour decision rule ref. Section 3.6) and different options of normalisation factors 

(ref. Section 3.5.3) on AR are also analysed. 
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(a)

(b)

ST ET ST ET ST ET ST ET

Rejection
Threshold for 

gesture-1
Local minimum 

(LMT)

Rejection
threshold for 

gesture-8
Local minimum 

(LMT)

 

 Figure 4.1: (a) The top figure shows the 12 gesture sequences embedded in the six channels of continuous data. (b) The bottom figure shows the DTW distances of all 
classes calculated at every time instance. The two red dashed lines are rejection thresholds for gesture 1 and 8. The two arrows also point out the local minimum of the 

DTW distances for gesture 1 and 8. 
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Figure 4.2: The first three columns show the raw data for 12 gestures. Each gesture consisted of six channels of continuous data. The 4th column shows the feature 
extraction on gestures 3, 6, 9, 12. The moving means are calculated using a sliding window of 50 samples with 30 samples overlap. 
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In Section 4.2.3, the performance of the DTW temporal fusion agent for offline temporal 

fusion is compared with a HMM based system by replacing the DTW recogniser of Figure 3.2 

with the HMM recogniser. Since the dataset consists of six channels of continuous data and 

hence have continuous probability distributions, we use the HMM with the mixture-of-

Gaussians (Rabiner, 1989) to estimate the probability directly instead of dividing the data into 

bins and making it discrete. For data-pre-processing, we extract the mean and standard 

deviation with various sizes of sliding window from the filtered data as described in Section 

4.2.1. The database of class templates is replaced by the HMM models. We use various 

training setups to show the effects of different initializations of the HMM parameters, 

insufficient training data, and different selections of models on classification rates. After the 

HMM recogniser calculates the log-likelihood for each class, the nearest neighbour decision 

rule (NN rule) is used to find the best matching class with the maximum log-likelihood 

criteria. We also analyse the computations required by both the DTW and HMM recognisers. 

For online temporal fusion, we extend the DTW to deal with unknown endpoints (ref. 

Sections 3.5.2 and 3.5.3). However, we cannot compare the performances of both systems for 

online temporal fusion, since we do not have a reliable implementation of endpoint detection 

for the HMM recogniser. 

 

4.2.1 Offline temporal fusion 

To evaluate the performance of offline temporal data in–decision out and feature in–decision 

out fusion processes, we first create the database of class templates. Minimum selection is 

used to extract a single best template from each of the twelve gesture classes. With minimum 

selection, the intra-class DTW distance is calculated for each of the 65 instances within the 

same gesture class, and the one with the minimum intra-class distance is selected as the class 

template to represent that gesture class. For the data in–decision out fusion process, the DTW 

recogniser measures the similarity between each of the 780 instances and the 12 class 

templates (both in raw data form) by calculating the DTW distances. For the feature in–

decision out fusion process, the same data pre-processing techniques are applied to both the 

instances and class templates before calculating the DTW distances. The DTW recogniser 

then passes the results to the decision making module to decide the best matching class. 
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Table 4.1: W – size of sliding window, O – overlap, F – feature, M – mean, SD – standard deviation, R – root mean square. Euclidean distance and cosine correlation 
coefficient are the two local distance measure used in the DTW similarity measure. Using M&SD as the feature vector gives the best classification rates. 

 

Table 4.2: The 2nd and 4th row show the classification rates achieved by using Euclidean distance and cosine correlation coefficient with different window sizes and 
overlap. The 3rd and 5th rows show that the better classification rates (bold text) can be achieved by applying filtering before feature extraction. The last row shows the 
average time spent on performing each classification. 

 

Table 4.3: N – normalisation, Softmax, Variance and Min–max are three different normalisation methods. This table shows the classification rate achieved by applying 
normalisation after filtering and before feature extraction. 
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As mentioned in chapter 1, the Data In/Decision Out fusion process is required and should be 

considered in addition to the five fusion categories. Thus, the classification rates for the data 

in–decision out fusion process are shown in the last column of Table 4.2. This result shows 

that the DTW recogniser has the ability to achieve good classification rates on raw data (450–

1200 vectors long with noise present). Although the classification rates are good (87.95 to 

97.95%), the time spent on classifying all 780 instances is about 2020 s (≈ 2.6 seconds per 

instance). The Band-DP is not used in offline temporal fusion, because we need a method to 

decide the size of the band (recall that the size of the band-E is learned only for online 

temporal fusion). Thus the time complexity for classifying one instance is 𝑂𝑂(𝑁𝑁𝐼𝐼𝐽𝐽)  (N = 

number of classes, I = length of class template, J = length of test template). The computation 

for the DTW recogniser depends on the length of class and test templates. Both raw data 

templates are six-dimensional sequences with 450–1200 vectors (3 to 8 seconds duration), 

and hence the time complexity is high. To speed up the fusion process, data pre-processing is 

required to transform the data for each gesture into a more precise and concise representation. 

For the feature in–decision out fusion process, the classification rates for applying different 

data pre-processing techniques are shown in Table 4.1, Table 4.2, and Table 4.3. First, the 

classification rates achieved by using different feature vectors are compared in Table 4.1. The 

selected feature sets are combinations of mean, standard deviation, and root mean square 

calculated using a sliding window of 50 samples with 30 samples overlap. The 4th column of 

Figure 4.2 shows an example of extracting mean features from the raw data for gestures 3, 6, 

9, 12 (if two features are extracted per sliding window, there will be 12 channels of data). 

Standard deviation describes the variation in acceleration, and hence should indicate the 

regions of sharp and smooth movements. Both the mean and root mean square can describe 

the average intensity of acceleration over regions of the gesture. The results show that using 

mean and standard deviation achieves the highest classification rates for both local distance 

measures – achieving 90.13% and 95.38% using Equation 3.1 and Equation 3.2 respectively. 

Second, the effects of applying filtering before feature extraction are shown in Table 4.2. The 

raw data was filtered with a 5 point Gaussian smoothing kernel (s = 0.65) to reduce high 

frequency noise. The results show the advantage of applying filtering as it improves the 

classification rates by 1–3% for both Euclidean distance (Equation 3.1) and cosine correlation 

coefficient (Equation 3.2). 
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Third, using the Euclidean distance (Equation 3.1) as the local distance measure, the best 

result (90.26%) is achieved by using a window size of 30 samples with 20 samples overlap. 

Using the cosine correlation coefficient (Equation 3.2) as the local distance measure, the best 

result (96.79%) is achieved by using a window size of 20 samples with 10 samples overlap. 

By comparing the classification rates in Table 4.2, we can see that the cosine correlation 

coefficient as the local distance measure always outperforms the Euclidean distance. 

The effects of applying different sizes of sliding windows and overlap to the classification 

rates can be seen in Table 4.2. The size of the sliding window determines the number of 

feature vectors to be extracted from the raw data. More feature vectors mean longer warping 

paths, and thus decreasing speed of classification. The last cell in the 2nd column of Table 4.2 

shows that the DTW recogniser classified all 780 instances and achieved greater than 97% 

classification rates in about 6 seconds. The speed of classification indicates that our system is 

capable of performing online temporal fusion, as each gesture is classified in about 0.008 

seconds (only 12 DTW comparisons are needed). 

Finally, Table 4.3 shows the results of applying three different variable normalisation 

methods (ref. Section 3.3) after filtering but before feature extraction. Comparing the results 

of the 3rd cell in row 1 of Table 4.3 to the 2nd cell in column one of Table 4.2, we found that 

applying filtering and min–max normalisation generates the same result as applying only 

filtering (both 92.56%). However, if the cosine correlation coefficient is used, applying 

filtering and normalisation generates worse results than applying only filtering. Therefore, 

applying normalisation for this dataset is redundant as expected. The six channels of 

continuous data are acquired from the same type of accelerometer and have the same dynamic 

range of ±2g. Normalisation is required only if the data are acquired from different types of 

sensors which might contain both discrete and continuous outputs and have different dynamic 

ranges. 

The 5th row of Table 4.2 shows the best results (i.e., 96% to 98%) that can be achieved using 

minimum selection. Only one gesture sequence is selected from one of the actors to be the 

class template (recall that the dataset used here is acquired from four actors). Thus these 

results also demonstrate that the DTW recogniser has the potential to perform actor 

independent classification with high accuracy. We can further improve the results by using 

multiple selection such as by selecting one template from each actor for each gesture class. 

However, the trade-off is that more computation is required. We show that multiple selection 

can achieve better results than minimum selection in the next section. 
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4.2.2 Online temporal fusion 

One way to perform the online temporal fusion of gesture sequences from continuous data 

streams is to apply the online segmentation method mentioned in Chambers et al. (2004) in 

the data pre-processing module to detect regions of no activity. If the actor is stationary, the 

acceleration magnitude should be very close to the magnitude of gravity. It is unlikely for an 

actor to stay perfectly stationary, and there will inevitably be movement to some degree, for 

example very slow swaying from side to side, and hence some small changes in acceleration. 

The proposed approach (Chambers et al., 2004) is to model the magnitude of gravity (no 

activity) with a simple Gaussian model. A sliding window approach is then used for 

calculating the likelihood of the Gaussian model online. If the likelihood is high that means a 

region of no activity is detected and the data should be segmented at start and finish points 

given by the inactivity regions. For each gesture segmented by this method from continuous 

data streams, the DTW recogniser is run to measure the similarity by calculating the DTW 

distances. The decision making module then determines which of the 12 gesture classes is the 

best match. 

In the proposed system framework, we utilize both the sliding window and the DTW variant 

to solve the segmentation or endpoints detection problem. We use the gesture sequences that 

were used in Section 4.2.1 as the training data from which we selected four different sets of 

class templates to represent each of the 12 gestures. We also derived the End region (𝐸𝐸1 and 

𝐸𝐸2) and the Rejection threshold respectively for each gesture as described in Section 3.4. The 

test data is another set of four continuous sequences that are captured by four actors 

respectively, performing each of the 12 gestures once (48 gestures in total which are 

embedded in four continuous data streams). Although we have demonstrated in Section 4.2.1 

that the DTW recogniser can classify the gestures in raw data without feature extraction with 

good results, the consequence is the high computation required. To speed up the online 

temporal fusion, our data pre-processing module extracts features (mean and standard 

deviation within sliding windows of size 50 samples and overlap 30) from the data buffered in 

the current sliding window as well as the class templates. Therefore, the online DTW 

recogniser ends up dealing with shorter test and class templates, and is more efficient. 
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Table 4.4: The ARs achieved by using four sets of class templates: Min-4, RD-4, Min-1, and RD-1 

 

 

 

Table 4.5: The LMDs calculated for all 12 gestures by using Min-4, RD-4, Min-1, and RD-1 
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The results for AR are shown in Table 4.4. The values of AR were obtained for different sets 

of class templates, different values of K (in the K-nearest neighbour decision rule ref. section 

3.6) from 𝑇𝑇 = 1 to 𝑇𝑇 = 4, and different options of normalisation factors from 𝑁𝑁𝑁𝑁 = 1 to 5 

(ref. Section 3.5.3).  

First, we compare the random, minimum, multiple, and multiple + minimum selection 

methods as mentioned in section 3.4. The four different sets of class templates are selected 

from the training data:  

1. by using minimum selection to select four class templates per gesture that have least 

intra-class DTW distances (Min-4, multiple minima),  

2. by selecting four class templates per gesture randomly (RD-4),  

3. by using minimum selection to select one class template per gesture (Min-1),  

4. and by selecting one class template per gesture randomly (RD-1).  

Both values of AR obtained by using one template per gesture (Min-1 and RD-1) are worse 

than those ARs using four templates per gesture (Min-4 and RD-4). This shows that the AR of 

the DTW recogniser can be improved by increasing the number of class templates per class, 

but the trade-off is that the computational time is raised from an average of 17 to 44 s.  

Second, the method used to select the class template is also critical. Minimum selection 

outperformed random selection in both cases as the average values of AR of Min-1 and Min-4 

are about 10% and 1% higher than these of RD-1 and RD-4 respectively. The values of AR 

achieved by using both normal and average selection methods are not shown, because they 

produced similar values of AR for the minimum selection method.  

Third, the value for K should be carefully chosen as the number of class templates increases 

per class. If there is only one class template per class, 𝑇𝑇 can only be equal to 1. For four class 

templates per class, 𝑇𝑇 = 1 and 𝑇𝑇 = 2 rules yield higher values of AR than 𝑇𝑇 = 3 or 𝑇𝑇 = 4 

rules. For 𝑇𝑇 = 1, both Min-4 and RD-4 yield the best values of AR of 100% and 98% 

respectively. On the other hand, the best values of AR for Min-4 and RD-4 for 𝑇𝑇 = 4 

declined to 95.8%.  

Finally, applying different options of normalisation factors also affects the values of AR (ref. 

Section 3.5.3). For 𝑇𝑇 = 1, Min-4, RD-4 and Min-1 yield higher values of AR by applying 
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𝑁𝑁𝑁𝑁 = 3,4, 𝑜𝑜𝑎𝑎 5 , increasing AR about 2% to 4% than 𝑁𝑁𝑁𝑁 =  1  (no normalisation). For 

𝑇𝑇 =  2, 3,𝑚𝑚𝑚𝑚𝑑𝑑 4 of Min-4, RD-4, applying 𝑁𝑁𝑁𝑁 =  3, 4 𝑜𝑜𝑎𝑎 5 always yields better values of 

AR than 𝑁𝑁𝑁𝑁 =  1. In this experiment, applying normalisation did not improve the values of 

AR dramatically (compare to 𝑁𝑁𝑁𝑁 =  1 ); because the 12 gesture sequences have similar 

lengths in the test data. 

The local minimum deviations (LMDs) of all 12 gestures from Min-4, RD-4, Min-1, and RD-

1 are shown in Table 4.5. Most of the values of LMD are less than 7%, except for two special 

cases. First, it should be noted that RD-1 has several large values of LMD that are greater than 

7%. This is because one class template is selected randomly for each gesture, and the selected 

one might have a large DTW distance to the test sequences which results in higher values of 

LMD. Second, the values of LMD for the 5th gesture are greater than 8% for all four sets of 

class templates. This is because the 5th gesture sequence performed by the third actor is quite 

different from the training data, and it has a value of LMD greater than 30% for all four sets 

of class templates. From the values of LMD between the selected class templates and test data, 

we can determine if the selected class templates are good representatives. 

The total length of the test data is about 56,000 samples (around 14,000 samples for each), 

corresponding to approximately 400 seconds duration. Using Min-1 or RD-1, the online 

recognition of the test data took about 17 seconds and achieved highest values of AR of 

93.75% and 87.5% respectively. The highest values of AR of 100% and 97.92% were 

achieved in 44 seconds using Min-4 and RD-4 respectively, which only took about 0.016 

second (performing 48 DTW comparisons) to classify the test templates starting at every time 

instance. The results demonstrate that the DTW recogniser is both fast and accurate for online 

recognition of gesture sequences acquired from the accelerometers. 

 

 

4.2.3 Comparing the DTW and HMM based systems 

Table 4.6 shows all the classification rates achieved by the HMM recogniser for offline 

temporal fusion. We applied the same data-pre-processing as in Table 4.2. In addition, all the 

gesture sequences are filtered before feature extraction. To train the HMM models, we use the 

Expectation–Maximization (EM) implementation (Murphy, 2001) of the Baum–Welch 

algorithm (Rabiner, 1989) to train the model parameters i.e., 𝜆𝜆 = (𝐴𝐴,𝐵𝐵,𝜋𝜋) as described in 
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section 2.2.2. Like gradient methods, the EM algorithm also suffers from the problem of local 

maxima and its performance is sensitive to the initial estimates of the HMM parameters, e.g., 

the classification rate of a given bad initial estimate is much worse (e.g., 50%) than when a 

good initial estimate (e.g., 88%) is used. The first key problem is therefore how to choose the 

initial estimates of the HMM parameters so that the local maximum is the global maximum of 

the likelihood function. Unfortunately, there is no simple answer to this problem. The 

heuristic we used is to run the EM training with multiple initializations and choose the best 

five HMM models for each gesture class. In our initialization, 𝜶𝜶  and 𝝅𝝅  are randomly 

initialized. We use the Segmental K-means Segmentation method to initialize 𝜷𝜷 (Rabiner, 

1989), since a good initialization of 𝜷𝜷 is essential for continuous distributions (Rabiner, 1985). 

All the classification rates shown in Table 4.6 are the average of these classification rates 

obtained by the five HMM models for each gesture class. 

The second problem associated with training HMM parameters is insufficient training data. 

To demonstrate this problem, we use three training datasets that are selected from G1: T1 – 5 

instances are randomly selected from each of the 4 actors (20 training instances for each 

gesture class), T2 – only the 20 instances of the first actor are used for each gesture class, 

T3 – 1 training instance for each gesture class which are the class templates selected by 

minimum selection and used in Section 4.2.1. To show the impact of insufficient training data, 

we can compare the classification rates of the 3rd–5th rows and the 6th–8th rows of Table 4.6. 

With the same data pre-processing, most of the HMM models trained using T1 achieve much 

better classification rates than both T2 and T3. Applying data pre-processing with parameters 

W = 50, O = 30, almost all the results in the 3rd row are higher than those in the 4th and 5th 

rows. Similarly, applying W = 30, O = 20, almost all the results in the 6th row are also higher 

than these of the 7th and 8th rows. This is because the HMM models trained with both T2 and 

T3 did not capture the variability’s introduced by different actors, and the insufficient number 

of training sequences was not adequate to learn the precise model parameters. Thus, if there 

are insufficient occurrences of different model events (e.g., symbol occurrences within states), 

the EM training may not give good estimates of the model parameters. 
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Table 4.6: W – size of sliding window, O – overlap, F – feature, M – mean, SD – standard deviation, G –number of mixture-of-Gaussians per hidden state, S – number of 
hidden states, T1 – first training dataset, T2 – second training dataset, T3 – third training dataset. This table shows the average classification rates achieved by the HMM 
recogniser for different training setups. 
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The remaining issue in training HMM models with the mixture-of-Gaussians outputs is the 

choice of model size (i.e., number of hidden states) and choice of mixture size (i.e., number of 

Gaussian mixtures used for each hidden state). Unfortunately, there is no simple way to make 

such a choice. This choice must be made depending on the sequences being modelled. If the 

size of model and mixtures are too small for the sequences, the model does not capture all the 

events in the training sequences. If the size of model and mixtures are too large, some of the 

HMM model parameters do not have sufficient occurrences of events in the training 

sequences. Both cases result in low classification rates. Each column of Table 4.6 shows the 

classification rate achieved by different sizes of G (number of Gaussian mixtures per state) 

and S (number of hidden states). For instance, the models trained with raw data achieved the 

best classification rate when 𝐺𝐺 = 3 and 𝑆𝑆 = 13. The models trained with W = 50 and O = 30 

achieve the best classification rate when 𝐺𝐺 = 2 and 𝑆𝑆 = 7. 

In summary, compared to the simple training procedures of the DTW recogniser (ref. Section 

3.4), the training of the optimal HMM model is complex. First, we have to try multiple 

initializations until good models are obtained to achieve good classification rates. For the 

DTW recogniser, we only need to select good class templates and the selected templates 

achieve the same classification rates consistently. Second, we must use sufficient training data 

to estimate the HMM model parameters. However, the DTW recogniser requires merely a 

good class template (i.e., minimum selection) for each of the multimodal sequence to be 

recognised, and the results are robust to the variability introduced by different actors. For 

example, the DTW recogniser that used T3 as class templates obtained much better results 

than the HMM recogniser trained with T3. Finally, the choice of model and mixture size for 

the HMM parameters crucially affect the classification rate. For the DTW recogniser, there 

are no additional parameters required in selecting the class template. 

Our HMM recogniser uses the Forward–Backward Procedure (Rabiner, 1989) to measure the 

similarity between each of the 780 instances and the 12 trained HMM models by calculating 

the log-likelihood. The HMM recogniser then passes the results to the decision making 

module to make the correct class decisions. To perform the offline temporal data in–decision 

out fusion process, the gesture sequences G1 are filtered, but without applying feature 

extraction. The training dataset is T1. The classification rates achieved by the HMM 

recogniser are shown in the second row of Table 4.6. The best average classification rates are 

86.5% and 85.7% when 𝐺𝐺 = 3  and 𝑆𝑆 = 5 , and 𝐺𝐺 = 2  and 𝑆𝑆 = 7  respectively. Comparing 
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these results to the last column of Table 4.2, the DTW recogniser outperforms the HMM 

recogniser and achieves better classification rates (e.g., 97.9%). 

Table 4.6 shows the classification rates for the offline temporal feature in–decision out fusion 

process. The gesture sequences are filtered, and the mean and standard deviation are extracted 

in each sliding window. Using W = 50, O = 30 and training dataset T1, the best results 

achieved by the HMM recogniser are 88.1% and 87.8% when 𝐺𝐺 = 2 and 𝑆𝑆 = 7 and 𝐺𝐺 = 3 

and 𝑆𝑆 = 7 respectively. The DTW recogniser obtained better results (e.g., 92.5% and 96.4%) 

as shown in the second column of Table 4.2. Unlike the HMM models that require training 

sequences from each actor, the DTW recogniser uses only one good gesture sequence from 

one of the actors as the class template. Although the HMM recogniser has the potential to 

perform actor independent classification, it requires sufficient training datasets that address all 

the variability introduced by different actors. For W = 30 and O = 20, W = 20 and O = 10, and 

W = 10 and O = 6, the best classification rates obtained by the HMM recogniser are 78.8% 

(𝐺𝐺 = 3, 𝑆𝑆 = 7), 73.9% (𝐺𝐺 = 3, 𝑆𝑆 = 3), and 78.2% (𝐺𝐺 = 2, 𝑆𝑆 = 3). All these results are less 

than 80%. The DTW recogniser achieved much better results: 91–93% (Euclidean distance 

and filtering) and 96–98% (cosine correlation coefficient and filtering) respectively. The 

classification rates achieved by the DTW recogniser with different data pre-processing 

techniques outperform those achieved by the HMM, and the training procedures of DTW are 

also more efficient than for the HMM. 

To compare the performance of both systems for online temporal fusion, the HMM recogniser 

must have a reliable solution for the endpoint detection of multimodal sequences embedded in 

continuous data streams. Since we do not have a reliable implementation for this endpoint 

detection, we cannot calculate the values of AR and LMD as in Section 4.2.2. However, we 

manually segmented the 48 gesture sequences from the second gesture dataset G2 according 

to the ground truth and classified them. Table 4.7 shows the classification rates achieved in 

this way. First, the HMM recogniser uses the best HMM models obtained in previous 

experiments (i.e., the models that can achieve >85% as shown in the third row of Table 4.6) to 

classify these 48 segmented gesture sequences. The classification rates achieved with 

different G and S are shown in the first row of Table 4.7. Second, we use the entire dataset G1 

to train another set of HMM models for the HMM recogniser (65 training instances per 

gesture class). The HMM recogniser with the models trained using two different training 

datasets and different values of G and S all achieved the same classification rates – 70.83%. 

This result clearly shows that even if we have a robust implementation of endpoint detection, 
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the HMM recogniser can only achieve a value of AR that is 70.83%. Comparing the results of 

Table 4.7 with the values of AR in Table 4.4, the DTW recogniser again outperforms the 

HMM recogniser. 

 

 

Table 4.7: W – size of sliding window, O – overlap, F – feature, M – mean, SD – standard deviation, G – 
number of the mixture-of-Gaussians per hidden state, S – number of hidden states, T1 – first training 
dataset, T4 – fourth training dataset. This table shows the average classification rates achieved by the 
HMM recogniser for gesture sequences G2. 

 

In offline temporal fusion, the time complexity of the DTW recogniser to calculate the DTW 

distances for classifying one instance is 𝑂𝑂(𝑁𝑁𝐼𝐼𝐽𝐽𝐿𝐿) (i.e., N = number of classes, I = length of 

class template, J = length of test template, and L = the time required to calculate the local 

distance measure (ref. Section 3.5.2)). The overall time complexity grows linearly as the 

length of test and class templates increases. The computation of L grows linearly as the 

dimensions of feature vector increase, but L has only a minor effect on the overall 

computation. On the other hand, the HMM recogniser uses the Forward–Backward Procedure 

to calculate the log-likelihoods for classifying one instance, and the time complexity is 

𝑂𝑂(𝑁𝑁𝑆𝑆2𝐽𝐽𝑃𝑃) (i.e., N = number of classes, J = length of sequence, S = number of hidden states, 

and P = the time required to calculate the emitting probability of observation). The time 

complexity grows linearly as the length of sequences increases and exponentially as more 

hidden states are used. The computation of P also increases exponentially as the dimension of 

the feature vector increase, because it involves expensive matrix operations such as the 

calculation of the inverse and determinant of the covariance matrix (the size of the covariance 

matrix is 𝑉𝑉2, where V is the dimension of the feature vector). Thus P has a major effect on the 

overall computation as V increases. Generally speaking, the time complexity of the DTW 

recogniser is lower than the HMM recogniser when the lengths of sequences are short. 

However, if the lengths of sequences are long, the HMM recogniser will be more efficient. 

For the best performance, we should always apply feature extraction from the raw data to 

keep the multimodal sequences short so that the fusion process can be achieved efficiently in 

real-time. 
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4.3 Temporal fusion on multimodal sequences acquired from 

heterogeneous sensors 

The second case study aims at demonstrating that the system can achieve good results on 

more complex multisensory data. The data used here was presented in Mantyjarvi et al. 

(2004). This dataset has been proposed as a suitable benchmark for evaluating context 

recognition algorithms, and is publicly available online2

Table 4.8

. The data is obtained from sensors 

placed in a small sensor box that is then attached to a mobile handheld device. Heterogeneous 

sensors are used to capture this data and include accelerometers with 3 axes, an illumination 

sensor, a thermometer, a humidity sensor, a skin conductivity sensor, and a microphone. The 

data is collected by two users carrying the mobile device and repeating each of the five 

predefined user scenarios more than 44 times as shown in . The duration of each 

scenario varies from 1 to 5 min and the sensor data is sampled every second. The data set is 

provided in an ASCII flat file, and there are a total of 32 columns and 46,045 rows 

corresponding to approximately 12.8 hours of data. The first three columns include: the ID 

number of the scenario (SID), the ID number of the repetition of the scenario (RID) and time 

from the beginning of repetition in seconds. The rest of the 29 columns are context atoms.  

                                                 
2 http://www.cis.hut.fi/jhimberg/contextdata/index.shtml (last accessed 01/2009). 
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Table 4.8: Descriptions of user scenarios. From: (Mantyjarvi et al., 2004) 
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The benchmark data is pre-processed by processing the raw sensor signals into context atoms, 

i.e., extracting features from the raw signals and then quantising the range of feature values 

into the range [0, 1] with fuzzy sets. For example, the raw illumination signals are processed 

into four context atoms describing the level of illumination calculated using the mean value 

within a sliding window. Context atoms are assigned by quantising the dynamic range of the 

calculated mean value with fuzzy sets: Bright(x), Normal(x), Dark(x), Total-darkness(x) [0, 1]. 

Since the raw data of the benchmark dataset is not released for public use, we cannot apply 

our own steps of data pre-processing. For filtering, they have applied an Infinite Impulse 

Response Butterworth low pass filter on both accelerometer and illumination signals. For 

variable normalisation, they have used fuzzy sets to quantise the dynamic range of the 

calculated feature values. Various feature extraction methods have also been applied to the 

raw data of each sensor. For segmentation, each repeated user scenario in this benchmark data 

has already been segmented based on the SID and RID values. We know the start and end 

time for each repeated user scenario. 

However, it is not easy to segment this benchmark data automatically, since there is no ‘‘no 

activity’’ region as can be found in gesture sequences. More details on the processing of 

sensor data into context atoms are available in Mantyjarvi (2003). Hence, each user scenario 

is described by a more complex multimodal sequence, which has 29 dimensions (mix of both 

discrete and continuous variables) of feature values per second over durations of 1 to 5 mins. 

More detailed information on this dataset is available in Mantyjarvi et al.(2003; 2004). 

From the SID and RID values in the datasets, we know the start and end time for each 

repeated user scenario. In Section 4.3.1, we use the segmented multimodal sequences to 

evaluate the performance of the proposed system for the offline temporal feature in–decision 

out fusion process. We also compare the results to the HMM based system. 

In Section 4.3.2, we use two test cases to evaluate the performance of the system for the 

online temporal feature in–decision out fusion process. In the first test case, we use the 

benchmark data as it is in the ASCII flat file to test our online recognition system. There are a 

total of 240 repetitions of the five user scenarios and each repetition is followed by another 

repetition without any other data in between. Since the feature vectors in the ASCII file are 

annotated with picture sequences (Mantyjarvi et al., 2004), we can identify the feature vectors 

while the mobile device is on the table and doing nothing. To make the online recognition 

task more realistic, we created the second test dataset by rearranging the order of the 240 

repetitions of five user scenarios randomly and also inserting 1–3 min of ‘‘on the table’’ 
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feature vectors in between each repetition. The total length of the second test data becomes 

75,687 vectors, corresponding to approximately 21 hours of data. The influence of different 

selection methods for the class templates (ref. Section 3.4) on both accuracy rate and local 

minimum deviation are studied. The values of AR achieved by using both normal and average 

selection methods are not shown, because they produced similar results as the minimum 

selection method. Furthermore, the influences of using different values of K (in the K-nearest 

neighbour decision rule ref. Section 3.6) and different options of normalisation factors (ref. 

Section 3.5.3) on the value of AR are also analysed. As before, we cannot compare the 

proposed system to the HMM based system for online temporal fusion, because a solution to 

the precise endpoint detection is necessary for the HMM based system. However, even if we 

have a robust implementation of endpoint detection for the HMM recogniser, the HMM 

recogniser can only achieved results for ARs that are less than the best results obtained during 

offline temporal fusion i.e., 88.19% (ref. Table 4.11). 

 

4.3.1 Offline temporal fusion 

To train the DTW recogniser, minimum selection is again used to select the best class 

template for each of the five user scenarios. The DTW recogniser then performs offline 

classification by measuring the similarity between each of the 235 instances and the five 

selected class templates and determining which class each instance belongs to. Note that there 

should be 250 repeated user scenarios in total, however, some are missing from the original 

data and five of them are selected to represent the class templates. The classification rates are 

shown as a confusion matrix in Table 4.9 and Table 4.10. The DTW recogniser with both 

local distance measures achieve good results (92.08% and 97.5%) and spent only 6–9 seconds 

to classify all 235 instances of the five user scenarios. 

 

 

Table 4.9: Confusion matrix produced by the system that uses Euclidean distance as local distance 
measure for the DTW recogniser. The classification rate is 92.08%, and the average running time is 6.45 s. 
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Table 4.10: Confusion matrix produced by the system that uses cosine correlation coefficient as local 
distance measure for the DTW recogniser. The classification rate is 97.50%, and the average running time 
is 8.89 s. 

 

Each feature vector of the benchmark dataset has 29 dimensions and is a mix of both discrete 

and continuous variables. This causes another problem for the HMM based system when 

estimating the emitting probability of observations. A more complex HMM with a mixture of 

discrete and continuous outputs is suggested e.g., (Xue & Govindaraju, 2006). Since we do 

not have such an implementation, we again use the HMM with the mixture-of-Gaussians 

outputs. To demonstrate the problem of insufficient training data and to compare it with the 

DTW recogniser, we use two training datasets: T1 – 20 instances are randomly selected from 

each class and T2 – 1 training instance for each class which are the class templates selected 

by minimum selection and used in Table 4.10. The training procedure is the same as described 

in Section 4.2.3, and the classification rates of Table 4.11 are the average of five classification 

rates achieved by five different model initializations. 

The HMM recogniser uses the Forward–Backward Procedure (Rabiner, 1989) to measure the 

similarity between each of the  235 instances and the five trained HMM models by calculating 

the log-likelihood. The HMM recogniser then passes the results to the decision making 

module to make the correct class decisions. First, the average classification rates for T2 and 

different values of G and S are shown in the second row of Table 4.11. The best result is 

78.00% when 𝐺𝐺 =  3 and 𝑆𝑆 =  3, and took 22 seconds to classify all 235 instances of the five 

user scenarios. The DTW recogniser used T2 as class templates and achieved a much better 

result of 97.5% (and took only 8.89 seconds) as shown in Table 4.10. Second, the HMM 

models are trained with T1 which has 20 training instances per class (nearly half of the entire 

dataset). By comparing the first row of Table 4.11 to the second row, it can be seen that the 

HMM recogniser trained with T1 performs better than T2. The best result is 88.19% when 

𝐺𝐺 =  2 and 𝑆𝑆 =  9 (took 34 seconds) which is still worse than the DTW recogniser. 

The benchmark dataset has also been analysed using the Symbol Clustering Map (SCM) 

technique (Flanagan, Himberg, & Mantyjarvi, 2003; Flanagan, Mantyjarvi, & Himberg, 2002; 
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Himberg et al., 2003). This method is similar to Self-Organizing Maps (Kohonen, 2000). Two 

levels of SCM are used to classify the five scenarios. The first level clusters the instantaneous 

patterns and then the second level finds the temporal relationships. The results presented in 

Himberg et al. (2003) use two levels of SCM and can only identify four clusters from the five 

classes of user scenarios. The method cannot distinguish well between scenarios 1 and 2. 

However, SCM has the advantage of performing unsupervised clustering of the user scenarios. 

Although we have to train and find the best class template for each of the five user scenarios 

for the DTW recogniser, the classification results are better. 
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Table 4.11: G – number of the mixture-of-Gaussians per hidden state, S – number of hidden states, T1 – first training dataset, T2 – second training dataset. This table 
shows the average classification rates achieved by the HMM recogniser for different training datasets and different values of G and S. 

 

Table 4.12: The ARs for both T1 and T2 achieved by using different sets of class templates, K values, and NF options. 

 

Table 4.13: Some LMDs for the five scenarios 
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4.3.2 Online temporal fusion 

To perform the online temporal feature in–decision out fusion process for the five user 

scenarios, the DTW recogniser has to deal with more complex multimodal sequences that 

have about 80–300 feature vectors (1–5 mins) and larger dimensions (29 dimensions with a 

mix of both discrete and continuous variables). To train the DTW recogniser, we selected four 

different sets of class templates from the benchmark data to represent each of the five user 

scenarios, and we also derived the end region (E1 and E2) and the rejection threshold 

respectively for each user scenario as described in Section 3.4. 

In Table 4.12, the 2nd and 3rd columns are the values of AR for the first test data set (T1), and 

from the 4th to 7th columns are the values of AR for the second test data set (T2). The values 

of AR were obtained for four different sets of class templates: Min-5 (use five class templates 

to represent each scenario), RD-5, Min-1, and RD-1, different values of K, and different 

options of normalisation factors from 𝑁𝑁𝑁𝑁 =  1 𝑡𝑡𝑜𝑜 5. The best value of AR on T1 is 98.33%, 

and the best value of AR on T2 is 94.58%. Comparing the same settings of class templates, K 

and NF, most values of AR obtained for T1 are better than for T2. This is because the 

scenarios in T1 are not preceded and followed by any noise, whereas the scenarios in T2 are 

separated by 1–3 mins of ‘‘on the table’’ feature vectors. In a real situation, the multimodal 

sequences will usually be preceded and followed by noise, and the value of AR obtained will 

also be reduced by noise. Second, we can see that applying normalisation on DTW distances 

improves the value of AR dramatically (e.g., comparing the values of AR from 𝑁𝑁𝑁𝑁 =

 3, 4, 𝑜𝑜𝑎𝑎 5 to 𝑁𝑁𝑁𝑁 =  1). This is because the average length of all repetitions of the 4th user 

scenario is only 100 seconds compared to the average length of the other user scenarios (238, 

206, 217, and 205 seconds for scenarios 1, 2, 3 and 5 respectively), for which the differences 

are high. From observation of the confusion matrices of all ARs, most misclassifications 

occurred when the 4th user scenarios are misclassified as a 5th user scenario. Therefore, 

normalisation on the DTW distance is required if the lengths of the multimodal sequences 

vary greatly between the classes. The options of 𝑁𝑁𝑁𝑁 =  3, 4,𝑚𝑚𝑚𝑚𝑑𝑑 5  always have similar 

values of AR and are much higher than 𝑁𝑁𝑁𝑁 =  1 𝑚𝑚𝑚𝑚𝑑𝑑 2. 

Table 4.13 shows some of the local minimum deviations (LMDs) of all five user scenarios. 

Most of the LMDs are less than 3%, except T2-RD-1 that has few values of LMD that are 

greater than 3%, which again shows that the randomly selected class templates are not good 
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representatives. The values of LMD calculated from these two test data sets (T1 and T2) are 

low, corresponding to the high values of AR obtained. 

For T1, the online temporal fusion took 13,334 seconds and achieved the highest value of AR 

of 98.33%. When the DTW recogniser receives each new feature vector, it only takes 0.29 

seconds (13,334/46,045 = 0.29) to calculate new warping paths and classify the data currently 

buffered in the sliding window. For T2, the recognition process took 23,241–23,312 seconds 

to achieve the best AR value of 94.58%. To classify each updated sliding window, only takes 

0.31 seconds. Compared to the 0.016 seconds required in the last case study (Section 4.2.2), 

the online recognition of this benchmark takes 19 times longer (0.31/0.016 = 19), which is 

expected as the multimodal sequences to be recognised have more feature vectors and larger 

dimensions. The results again demonstrate that the DTW recogniser is both fast and accurate 

for online temporal fusion of multimodal sequences. 

 

 

4.4 Chapter Summary 

The first case study investigated the performance of the DTW temporal fusion agent for 

temporal fusion with six channels of continuous data acquired from two accelerometers. First, 

the gesture sequences were segmented from the continuous data streams to evaluate the 

performance of the DTW agent for offline temporal DAI-DEO and FEI-DEO fusion processes, 

and the best result of 96.79% were achieved. Second, we used a second set of gesture 

sequences to evaluate the performance of the DTW temporal fusion agent for online temporal 

FEI-DEO fusion, and the highest values of AR of 100% were achieved in 44 seconds. Third, 

the classification rates achieved by the HMM recogniser for offline temporal fusion were 

compared to those from the DTW recogniser, and the DTW recogniser outperformed the 

HMMs for both efficiency and accuracy. 

The second case study aimed at demonstrating that the system can achieve good results on 

more complex multimodal sequences, which has 29 dimensions (mix of both discrete and 

continuous variables) of feature values per second over durations of 1 to 5 mins. In the first 

offline temporal fusion experiment, the DTW recogniser achieved a much better result of 

97.5% than the classification rate of 88.19% achieved by the HMM recogniser. To compare 

the performance of both systems for online temporal fusion, the HMM recogniser must have a 
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reliable solution for the endpoint detection of multimodal sequences embedded in continuous 

data streams. Since we did not have a reliable implementation for this endpoint detection, we 

only compared their results for offline temporal fusion. 

The experimental results from both real-world datasets demonstrated that the proposed DTW 

temporal fusion agent outperforms HMM based systems, and has the capability to perform 

online temporal fusion efficiently and accurately in real–time. In all experiments, we have 

only explored the performance of the centralized fusion architecture for one central DTW 

fusion agent, since there is no real-world dataset available to discover the hierarchical fusion 

and distributed fusion architectures. This will be one of the suggested future research 

directions. 
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Chapter 5 Conclusions 

 

 

This chapter summarises the work carried out within this thesis and discusses possible future 

directions for the research. Section 5.1 is devoted to the summary. Section 5.2 suggests some 

possible future work to extend our multi-agent temporal fusion framework and the DTW 

temporal fusion agent. 

 

5.1 Summary 

Fusion is a fundamental human process that occurs in some form at all levels of sense organs 

such as visual and sound information received from eyes and ears respectively, to the highest 

levels of decision making such as in our brain that fuses visual and sound information to make 

decisions. Multi-sensor data fusion is a way of processing, extracting, combining, and 

integration multi-sensor data and information content about the world and the environment 

that is relevant to a human and the decisions that must be made. Chapter 2 surveyed the 

related work in the fields of formal frameworks for multi-sensor data fusion systems and 

pattern recognition techniques for temporal sequences: 

 First, the sections on frameworks presented some popular data fusion frameworks in the 

literature that are widely used for designing multi-sensor data fusion systems. However, 

many real world situations change over time. When the multi-sensor system is used for 

situation awareness, it is useful not only to know the state or event of the situation at a 

point in time, but also more important to understand the causalities of those states or 

events changing over time. The reviewed frameworks lack representation of temporal 

fusion processes.  
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 Second, the other sections presented the pattern recognition techniques for temporal 

sequences. Temporal fusion over complex sequences is a challenge. First, the complex 

sequences acquired are multi–dimensional, multimodal, interacting, time–varying, and 

are typically a mix of binary, discrete, and continuous variables. Second, the same class 

of multimodal sequences might vary in length locally or globally. These variations make 

temporal fusion a difficult task. Moreover, performing temporal fusion efficiently in 

real–time is another challenge due to the large amounts of multi–sensory information. 

Thus, chapter 3 describes our major contributions that address the above-mentioned issues 

and challenges:  

 We proposed a multi-agent framework for temporal fusion, with emphasis on the time 

dimension of the fusion process, that is, fusion of the multi-sensor data or events derived 

from multi-sensor data over a period of time. Three major layers: hardware, agents, and 

users of the proposed fusion framework were described. The core of the proposed 

temporal fusion framework is the DTW temporal fusion agent. Three fusion architectures: 

centralized, hierarchical, and distributed, for organising the group of agents were 

presented, and the temporal fusion process described in detail by using an information 

graph. 

 We proposed the DTW temporal fusion agent that includes four major modules: data 

pre-processing, DTW recogniser, class templates, and decision making. The DTW 

recogniser is extended in various ways to deal with the variability of multimodal 

sequences acquired from multiple heterogeneous sensors, the problem of unknown start 

and end points, the problem of multimodal sequences for the same class having different 

lengths locally or globally, and the challenges of online temporal fusion. 

Chapter 4 then presented the experimental results on evaluating the performance of the 

proposed DTW temporal fusion agent. Two real-world datasets were used in the evaluation: 

1. Accelerometer data acquired from performing two hand gestures (Chambers et al., 

2004). The gesture dataset contains six channels of continuous data that are 

acquired from two accelerometers. 

2. A benchmark dataset acquired from carrying a mobile device that has six sensors, 

and performing the pre-defined user scenarios (Mantyjarvi et al., 2004). This dataset 

is a complex multimodal sequence that has 29 dimensions. 
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Performance results of the DTW temporal fusion agent were compared with those of a Hidden 

Markov Model (HMM) based system. The experimental results from both datasets 

demonstrate that the proposed DTW temporal fusion agent outperforms HMM based systems, 

and has the capability to perform online temporal fusion efficiently and accurately in real–

time. 

 

5.2 Future work 

There are following possible future extensions to the thesis work presented here: 

1. Bowman has generalized a conclusion that the main functions of a data fusion systems 

are the encompassing duality between data fusion (i.e., estimate) and resource 

management (i.e., control) (Bowman, 1994; Bowman et al., 1999; Llinas et al., 2004; 

Steinberg & Bowman, 2004). In this thesis, the agent layer of the multi-agent temporal 

fusion framework consists of a group of the DTW temporal fusion agents and control 

agents, which also corresponds to this duality between estimate and control. This thesis 

has explored the use of the DTW temporal fusion agent for data fusion, but not much on 

the control agent for resource management. Hence, future work should investigate the 

use of sensor selection (Zhang & Ji, 2005), sensor management (Xiong & Svensson, 

2002), and resource management (Bowman, 2004), in control agents. 

2. Extending the proposed multi-agent temporal fusion framework with self-improvement 

potential through the use of reinforcement learning (Sutton & Barto, 1998) between the 

control agent and the Tuner module of the DTW temporal fusion agent as depicted in 

Figure 3.5. The control agents not only performs sensor and resource management, but 

also sent the feedback to the Tuner module to improve the performance of the DTW 

temporal fusion agent over time. The performance of the DTW temporal fusion agent is 

improved by the Tuner taking the feedback to fine-tune both the decision making and 

DTW recogniser modules as needed to reinforce their correct decisions and punishing 

their wrong decisions so their decision making ability is improved. 

3. One of the modules of DTW temporal fusion agent is the database of class templates. 

Successful temporal fusion processing depends on the existence of this prior information 

(i.e., a database of class templates), without which it is difficult to perform appropriate 

resource management. Hence, one of the future directions is to apply the data mining 
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techniques (Chudova & Smyth, 2002) to discover the previously unrecognised temporal 

sequences (i.e., class templates) in data that are important for the data fusion systems to 

know to perform appropriate resource management.  

4. We have compared the performances of the DTW temporal fusion agent with those of a 

hidden Markov model (HMM) based system. The Self-organizing Map (SOM) for 

temporal sequences (refer to section 2.2.3) is another enabling technique for temporal 

fusion. Future work can compare the performance of the SOMSD based system to our 

DTW temporal fusion agent. 

5. Future work can explore the dynamic time warping recogniser for classifying more 

complex multimodal sequences such as: interleaved sequences, sequences with gaps, and 

those sequences with missing sub-sequences. 

In addition, there are still challenges in the information fusion domain such as robust 

estimation and prediction of states of entities, learning of the interrelations among such 

entities, learning of the interrelations between entities and situations, combining no 

commensurate information (e.g., image data, text, and signals), and maintaining and 

manipulating the enormous number of alternative ways of associating and interpreting large 

numbers of observations of multiple entities (Liggins, Hall, & Llinas, 2009). 
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