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Abstract 

 

In this thesis, we propose new methods and systems to detect pseudo periodic 

behavioral patterns of people with physical and mental disabilities. We have defined the 

infrastructure of a non-intrusive, cost effective and user friendly system to assist patients 

with behavioral problems which may be due to cognitive impairments due to mental 

disorders such as Autism Spectrum Disorder (ASD), Traumatic Brain Injuries (TBI) or 

Alzheimer’s disease. This dissertation starts by describing advances in sensors and 

monitoring systems. The system is structured to monitor motions or motor patterns by 

obtaining sensor data from an in-home and wearable wireless sensor system, and to give 

reminders and feedback to users and assist therapists and caregivers. We then present the 

system’s applications and results in detecting and classifying the behavioral patterns in 

activities of daily living (ADLs). Unlike previous work which issues a reminder like an 

alarm clock, our system minimally intervenes with the user only when needed by detecting, 

classifying and monitoring the tasks. The system is flexible and can easily adapt to subject 

variability with minimal trainings, and the same algorithm can be used to adapt to new 

ADLs. To better assist cognitively impaired patients, the system detects incompletion and 

interrupted activities of the subject and issues a reminder/feedback in an intelligent manner. 

Our system uses three different sensor platforms to monitor and detect abnormal state to 

better assist the patients with right guidance at the right time.  

 To achieve the goals defined above, development of signal processing methods 

based on Gaussian Mixture Model (GMM) and Sequential Classifier from Time Domain 

and Frequency Domain features are discussed.  Data fusion to optimally select, combine 
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and manage sensors from different platforms which possess various characteristics and 

sampling frequencies to collect data is addressed.  A key contribution is the selection of a 

subset of sensors to be monitored and processed at any given time to reduce computation 

load and limit providing feedback to the patient only when needed. Sensor data fusion 

methods address how to combine the information obtained from selected sensors in an 

intelligent for analysis and classification. We explore automatic extraction of features 

across sensors in the time-frequency plane. We also investigate several behavior 

recognition strategies for comparison purposes.  

 Algorithm to detect novel patterns is proposed. The novel pattern detection 

algorithm to find patterns unknown to the system at the time of training is critical as 

behavioral patterns change or new patterns are developed. An on-line unsupervised 

learning method to detect and track novel patterns by analyzing features from Higher Order 

Statistics is also proposed. The proposed algorithm is tested over 60 hours of data collected 

across 20 subjects and 4 autistic patients with classification accuracy of 94.6%. 

 Finally, a different sensing platform was investigated to enhance the wearability 

and comfort level of the user for long term monitoring. We showed that using an array of 

stitched stretch sensors on every-day wear is feasible and demonstrated its potential for 

activity detection. We also showed that using a combination of different platforms to 

complement sensing modalities can be beneficial to improving the classification accuracy 

of the system. 

 We show that the proposed combination of Gaussian Mixture Model with a 

sequential classifier is efficient and allows potential for real-time application of the activity 

detection system. This thesis establishes that despite the similarities in the activities it is 
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possible to accurately detect and classify the specific behavioral patterns. The results are 

compared with the previously developed methods and show that the proposed method can 

detect the activities with high accuracy and also allows novel event detection to adapt to 

the behavioral patterns to a user. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



v 

 

Table of Contents 

Acknowledgement.……………………………………………………………………….. i 

Abstract.………………………………………………………………………………….. ii 

List of Tables ………………………………………………………………….…….…. ix 

List of Figures ………………………………………………………………………..…. xi 

Chapter 1 Introduction..….………………………………………………………..............1 

1.1   Overview……………………………………….………………………………..1 

1.2   Thesis Organization and Contributions……….…………………………….......3 

1.2.1 Activity Detection with Time-Frequency Features Using Gaussian Mixture  

          M o d e l . … … … … … … … … … … … … … … … … … … … … … … . . . 3 

1.2.2 Characterization and Detection of Behavioral Patterns and Novel Event in  

          Children with Autism Spectrum Disorder……...…………………………..4 

1.2.3  Application to Smart Clothing and Posture Detection…...…………………5 

Chapter 2 Background.....…………………………………………………………………7 

2.1     Recent Development in Activity Detection.……………...………………......8 

2.2   Wearable Wireless Sensors…………………………………………………..12 

2.3   In Home Fixed Sensors…....…...………………………………………….14 

2.4   Traumatic Brain Injury.……………………………………..……………….15 

2.5     Autism Spectrum Disorder….……………………………………………….16 

Chapter 3 Activity Detection Using Fixed In-Home and Wearable Sensors………….…19 

3.1   Introduction………..……………………………….….………………….......20 

3.2    Integration of Wireless Sensor Networks for Activity Monitoring………….23 

3.2.1  Static In-home Wireless Sensors.….....…………………………………...24 



vi 

 

3.2.2  Wearable Wireless Sensors.....…………………………………………….26 

3.2.3  Video and Audio System.……………………………………………...….28 

3.3  Detection and Classification of Activities of Daily Living...……….………….29 

3.3.1  Early Morning ADL Data.………………………………………………...30 

3.3.1.1   Data Collection.………………………………………………….....30 

3.3.2    Classification of Early Morning ADL Data.………………………...….33 

            3.3.2.1    Feature Extraction.………………………………………………....33 

3.3.2.2    GMM Classifier and Preliminary Decision..……………………....35 

3.3.2.3   Post Processing and Final Decision..……………………….…..36 

3.4  Results…....…………………………………………………………………....41 

3.5  Limitation and Future Work…..………………………………………………47 

3.6   Conclusions……………………..….…….….…….……………..…….….….49 

Chapter 4 Characterization and Detection of Stereotypic Behaviors in Children with  

      Autism Spectrum Disorder…………...……….…….……….……….…....50 

4.1 Introduction……………...……….………..…..….….…….……..…..…………51 

4.2 Minnesota Wearable Accelerometer Based Sensor Platform Development 

………….…...……..…..…..……..…..…..........…..….......……….……..………56 

4 .3  Detecton  and  Class i f ica t ion  of  S te reot ypic  Behaviora l  Pat terns 

……………………………………….……...……..……………………....….….59 

4.3.1  Subject Description…….…….…….…….…….………………………..61 

4.3.2  Data Description and Experimental Setup.…….………….…..…..………62 

4.3.3  Stereotypy Characteristics: Pseudo – Periodicity…….……..…………..64 

4.3.3.1 Temporal Feature Selection…….…..…………………………....66 



vii 

 

4.3.3.2   Linear Predictive Coding.…..………..….…....………......……69 

4.3.3.3   Template Matching and Dictionary Update.…………..…….….74 

4.3.3.4   Data Balancing……………………….….……….….….….…...75 

4.4 Novel Event Detection via Unsupervised Learning of Sensor Signal 

……………………....…..………………………………………………………..75 

4.4.1  Unsupervised Learning….…….…….……………….…….……………...77 

4.4.1.1   Statistical Unsupervised Learning..…………………..………79 

4.4.2  Novel Event Detection…….……….…………………….……..…………80 

4.4.2.1   Higher Order Statistical Features….….………………...……....81 

4.4.2.2   Novel Event Detection and Dictionary Update.……………..…82 

4.4.2.3   Dictionary Alignment and Optimization by Pruning.….….……84 

4.5 Results….….…….….….………..……….…………………….………….…85 

4.5.1  Processing Wrist Sensor…………..…….……….………….……...…….86 

4.5.2  Body Sensor Data Analysis.…….…….……………………………….….87 

4.5.3  Audio Sensor Data Analysis……………………………………………...89 

4.6  Limitation and Future Work…….………..…….….….….…………………91 

4.6.1  Limitations……..……….……….………………………………...………91 

4.6.2  Prediction of Problem Behavior.…….…….……….……….…………….92 

Chapter 5 Applications to Smart Clothing and Posture Detection…….……....…….....93 

5.1  Introduction….………………………………….…….…….…….……….……94 

5.2  Background on Stretch Sensing…...….....……….……..…..…..…….…… ..95 

5.3  Experiment Setup and System Validation...….….…..…....….………….. ....98 

5.3.1  Experiment Setup…………………………………………...……………98 



viii 

 

5.3.2  Results……………………………………………………….….….…….101 

5.3.2.1  Movement Error………….……………………………….101 

5.3.2.2    Drift Error.….….……….……………………………..…....106 

5.3.2.3    Donning/Doffing Error………………………………………107 

5.3.3  Knee and Hip Sensor Characterization…………………………………..110 

5.4  Body Posture Detection via Sensor Integrated Clothing…………….………117 

5.4.1  Experiment Development and Results…………………………………...120 

5.4.2  Results……………………………………………………………………120 

5.4.3  Discussion………………………………………………………….…….126 

5.5  Conclusions and Future Work……………………………………………….127 

Chapter 6 Conclusions and Future Research Direction..….….…...……..….….…...….129 

6.1  Conclusions………………………………………………………..…………129 

6.2  Future Research Direction…………………………………………………...132 

6.2.1   Algorithm Development for Garment Based Wearable Sensing…..….132 

6.2.2  Explore Sparse Representation and Subspace Clustering Algorithm 

Development for Garment Based Wearable Sensing…….………………….133 

6.2.3   Wearable Sensing Platform………………….………….……..………133 

Bibliography ………………………………..………………………………………..135 

 

 

 

 

 



ix 

 

List of Tables 

Table 3-1 Available Trials.….…………………………………………………….…......32 

Table 3-2 Classification accuracies of different feature sets ………………………......42 

Table 3-3 Classification accuracies obtained from TD+FD combination with sequential 

classifier…………………………………………….…………………………………....42 

Table 3-4 Classification accuracies obtained from TD+FD combination with majority 

voter post processing……………………………..……………………………………42 

Table 3-5 The confusion matrix for TD+FD combination and sequential  

 classifier post processing for NoMix=2…………………………………………………43 

Table 3 -6 The confusion mat rix  for  TD+FD combinat ion and MV post  

 processing for NoMix=3………………………………………………………...………43 

Table 3-7 Classification accuracies (%) of different classifiers…………………………47 

Table 3-8 The confusion matrix for LDC based classification system…………..………47 

Table 4-1 Classification results for flapping, rocking, punching and hitting  

 using proposed unsupervised novel event detection method…………………………..88 

Table 4-2 Classification results for flapping, rocking, punching and hitting  

 using LPC based template matching method…………………………………………..88 

Table 4-3 Classification results for flapping, rocking, punching and hitting  

 using ISI based clustering method…………………………….............................88 

Table 4-4 Classification results for flapping, rocking, punching and hitting  

 using K-SVD based learning method…………………………………………………88 

Table 4-5 Classification results for flapping, rocking, punching and hitting  

 using GMM based learning method……………………………………………………88 



x 

 

Table 5-1 Knee angle movement error: Difference between the reference (true) angle  

obtained from VICON and modeled angle from resistance………………………….…114 

Table 5-2 Hip angle movement error: Difference between the reference (true) angle  

obtained from VICON and modeled angle from resistance……………………………116 

Table 5-3 Available trials.………………………………………………………………121 

Table 5-4 Sample resistance value range……………………….…………………..…123 

Table 5-5 Classification accuracy for posture detection……………………………..…124 

Table 5-6 Classification accuracy for posture detection for Subject 1 and 2…………..125 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



xi 

 

List of Figures 

Figure 2-1 Home sensor setup…….…….….…….…..….……………………………....14 

Figure 3-1 Schematic diagram of the proposed system…….....……….……..…......…22 

Figure 3-2 Schematic diagram of the proposed data acquisition and monitoring system 

…………………………………....……….…….…..….…….…….……….…...…..…24 

Figure 3-3 eNeighbor system…………………….…….…………….….….…….……25 

Figure 3-4 Crossbow wireless kits….…….….……..……………………………….…27 

Figure 3-5 Recordings from wrist worn accelerometer for brush, wash, shave.…….…..30 

Figure 3-6 Schematic diagram of the proposed data acquisition and classification system 

…………………………………………………..…………….…………………….….34 

Figure 3-7 Proposed classifier output….….…….…..…...……..……....…..…….……44 

Figure 4-1 Proposed data acquisition system platform that combines 2 different sensor 

platforms…………………….…….……….……….……….……….…….……..........56 

Figure 4-2 Data recording system and wearable platform.…..……...…..….….………...57 

Figure 4-3 Data analysis.……...……….…….…………….….……….…….…….….…58 

Figure 4-4 Typical recordings obtained from 3 channel sensor…………….….…..……60 

Figure 4-5 Schematic of the proposed training algorithm using LPC….…..…………....67 

Figure 4-6 Pole zero plot showing the locations of the pole (P=4)..…….………………72 

Figure 4-7 Pole zero plot showing the locations of the poles……………………………73 

Figure 4-8 Temproal and frequency characteristics of a sample waveform……………..76 

Figure 4-9 Schematic of the proposed training algorithm using HOS and LPC.………..83 

Figure 4-10 Acoustic features differentiating the vocalization and noise...……………90 

Figure 4-11 Sensor readings showing arm movement prior to a tantrum………….…..92 



xii 

 

Figure 5-1 Looped conductor…………………………………………………….…….96 

Figure 5-2 Coverstitch structure.. ……………………………………….……………..97 

Figure 5-3 Coverstitch applied to stretch pants.………………………………………..97 

Figure 5-4 Animatronic mannequin with stitched sensors……………………………..100 

Figure 5-5 Heat map representing the movement of the skin-tight clothes…………….102 

Figure 5-6 Heat map representing the movement of the loose form clothes.……..……102 

Figure 5-7 Sensor response from hip…………………………….........………………..104 

Figure 5-8 Sensor response for the knee stretch sensor……...…………………………108 

Figure 5-9 Sensor response for the hip stretch sensor.…………………………………109 

Figure 5-10 Standard error plot against different polynomial degree for knee flexion and 

        Extension.…………………………………………………………….……111 

Figure 5-11 Standard error plot against different polynomial degree for hip.………….112 

Figure 5-12 Recovery curves of the knee movement and model respective to resistance…. 

         ……………………………………………………………………………..113 

Figure 5-13 Extension curves of the knee movement and model respective to resistance…. 

         ……………………………………………………………………………..113 

Figure 5-14 Knee movement trajectory with respect to movement angles and resistance…. 

         ……………………………………………………………………………..114 

Figure 5-15 Recovery curves of the hip movement and model respective to resistance…... 

          ……………………………………………………………………………..115 

Figure 5-16 Extension curves of the hip movement and model respective to resistance…... 

          …………………………………………………………………………….115 

Figure 5-17 Hip movement trajectory with respect to movement angles and resistance…... 



xiii 

 

         ……………………………………………………………………………..116 

Figure 5-18 Statistics from a work related injury………………………………………117 

Figure 5-19 Stretch sensor array sensors on the coverall………………………………119 

Figure 5-20 Example waveform of the knee and hip sensor response for the stand, squat 

         and bend…………………………………………………………………...121 

Figure 5-21 Coverall fitness issues shown.………..……………………………………122 

Figure 5-22 Classifier and sequential detector output for the continuous postures for good 

         and bad lifting postures……………………………………………………125 

 



- 1 - 

 

Chapter 1 

Introduction 

 

1.1 Overview 

 In this dissertation, we discuss and evaluate solutions for intelligent activity 

detection especially related to Activities of Daily Living (ADL), and study its potential to 

assist people who are in need due to mental or behavioral disorder. We discuss the topics 

of behavior detection, monitoring and also the detection of new behaviors. 

An intelligent system that uses a supervised learning approach analyzes the a 

priori information available at the time of training from the labeled information to target 

the designer’s intention [1, 2, 3].  An alternative approach is to allow the intelligent 

system to analyze information and generate reports from which the designer subsequently 

tries to extract its meaning i.e. the system tries to find hidden structure from unlabeled 

data. This approach is known as unsupervised learning in the literature. This research 

employs a hybrid approach which focuses on the design of a supervised learning method 

to detect predefined activities that also has the capability to learn from the data to detect 
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novel events as in unsupervised learning approach, so that the system could be applied to 

detect normal and abnormal behaviors of the users of the intelligent systems. 

Activity data from a human subject provides information about a person’s 

behavior in the time and space domains. Therefore, the intelligent system focuses on 

understanding the behavior of a person in space and time. Because of this, much of the 

research effort to date has been in installing as many sensors as possible in a room or on a 

person, and setting up body sensor networks for activity detection. The motivation for 

this research is to create a simple solution to assist people who are in need of this 

technology for independent living. 

We focus on the problems of detecting, classifying and monitoring the progress of 

activities of daily living in an indoor setting. While monitoring the behavior of an 

individual for a certain period, we believe we can extract the general patterns of his/her 

daily life and detect abnormal behaviors from it. Our system is flexible which can easily 

adapt to subject variability with some training and the same algorithm can be used to 

adapt to new activities. The system can detect beginning/completion/interruption of 

activities with emphasis on frustration and behavioral pattern detection. To focus on these 

issues, we propose methods for sensor fusion to bring data from different platforms with 

various characteristics together in a novel approach in which they are intelligently 

analyzed. Exploring the optimal location of sensors and sensor selection to reduce 

computation, transmission load and power consumption is important aspect of this project. 

We also address adaptive feature selection across the time-frequency plane. Finally, we 

compare the performance of the proposed method with various other methods. 
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1.2 Thesis Organization and Contributions 

1.2.1 Activity Detection with Time-Frequency Features Using 

Gaussian Mixture Model 

 In chapter 3, we present the design and evaluation of a flexible, low-cost, wireless 

in-home system to detect activities and to assist people with their daily activities. The 

system extracts time-frequency features from accelerometer data and classifies these 

features with a classifier that combines Gaussian Mixture Models (GMM) and a 

sequential classifier. The system can also monitor and track the activity in observance 

and check for completeness. Comparison of time-domain and frequency-domain features 

and its performance is analyzed. We also show that GMM based model outperforms 

commonly used models such as linear discriminant classifier. We show that within a 

subject, the proposed method showed classification rate of 97.9 – 100% for the activities 

studied. We also attempt to generalize the classifier across the subject and using the leave 

one subject out method and show that the average classification accuracy is 94.6%. In 

chapter 3, we describe the detection algorithm in more detail and explored possibility of 

optimizing the following parameters:   

 

 Generalization: developed algorithm for a subject independent classifier. 

 Personalization: developed algorithm for a subject dependent classifier 

 Monitor completion/interruption of a task: developed algorithms to detect, 

classify and monitor execution progress of activities of daily living 

 Construct strategies that use the behavioral models to assist subjects accomplish 

Activities of Daily Living (ADLs) or tasks selected by the clinicians, either by 
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providing directions and help as needed, or accomplishing these tasks directly. 

Also monitor for abnormal behavioral pattern 

 Issue warnings and monitor user’s response  

 

 

1.2.2 Characterization and Detection of Behavioral Patterns and 

Novel Event in Children with Autism Spectrum Disorder 

In chapter 4, we propose an efficient dictionary learning algorithm to detect 

behaviors from wearable sensors. It allows us to develop an unsupervised learning 

method which will be discussed in detail. Much research has been devoted to detection of 

behaviors using static sensors and wearable sensors but we are unaware of a system 

which uses such sensors and interacts dynamically with the subjects based on detection of 

an activity. Others have researched to understand the behaviors for long term treatment or 

understand the cause of such behaviors. But, in this study, we focus on a real time system 

which can interact with users. This is critical especially to patients with Autism Spectrum 

Disorder (ASD) or cognitive impairments since they cannot remember or are easily 

distracted away from their current tasks without completing them. We propose the 

following research to enhance the performance of the system and to contribute to the 

community in need of behavior and activity monitoring. 

     Our system allows real time detection and classification of accelerometer data 

using simple time-frequency analysis and observing frequency band powers. The 

methods studied based on statistically learning algorithms were resource intensive thus 

was not appropriate for real time applications. In order to enhance the performance, we 
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have developed a new algorithm to train the system based on extracting Higher Order 

Statistics (HOS) based temporal features. HOS features allow the system to explore novel 

patterns in the data adding more dimensionality to the classifier. We will describe the 

detection algorithm in more detail and explore possibility and optimize the following 

parameters:   

 

 Generalization: develop algorithm to develop a subject independent classifier 

 Personalization: develop algorithm to develop a subject dependent classifier 

 Develop algorithms that can assess the abnormal state of a patient 

 Monitor for abnormal behavioral pattern 

 Issue warnings and monitor user’s response  

 Preprocessing and explore new features: Higher Order Statistics 

 

 

1.2.3 Application to Smart Clothing and Posture Detection 

 In chapter 5, we present a different type of activity sensing using a smart clothing 

platform. Due to the invasiveness of the devices and sensors, long-term monitoring is not 

possible. Therefore, researchers have looked into integrating the sensors into everyday 

clothing to improve the wearability and allow long term monitoring. We have integrated 

the sensors into textile and garment structures. Though, it is still at an early stage, 

clothing has a significant advantage over the strap-on devices. Many wearable sensing 

garments use a skin-tight garments or suit which allows a closer contact with the body. 

Therefore, the applications numerous and smart clothing is a perfect platform for 
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detecting body postures. In this chapter, we present our findings in validating the stitched 

sensor and modeling the sensor responses to joint movement. We also present our results 

on body posture to prevent back injuries at workplace. We believe it will be a low cost 

solution to effectively reduce posture related injuries in the workplace.  
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Chapter 2  

Background 

 

In this chapter, we discuss the concept of an assistive technologies and devices 

which have gained popularity in recent years and also discuss its role in every day 

monitoring of signs and symptoms. Recently, with the introduction of wireless 

technology and mobile computing, monitoring which were confined to hospitals or 

bedroom was expanded to monitor all Activities of Daily Living (ADL). With the 

introduction of pervasive computing [3], we review some of the work previously done in 

the areas of wearable and in-home sensors as well as the reminder/planner systems. With 

the development of technology, many different platforms were developed to monitor the 

physiological signs of human body, such as blood pressure, heart rate, ECG [4, 5, 6, 7, 8] 

as well as the physical activities of an individual [9, 10, 11, 12, 13]. These systems allow 

continuous monitoring of abnormal signs for early diagnosis of diseases or general health 

monitoring for the elderly population. Currently, two different platforms exist 
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independently to achieve the task of monitoring patients. The two platforms are in-home 

“fixed” sensors and wireless “wearable” sensors which we discuss briefly in this section. 

 

2.1 Recent Development in Activity Detection 

Much work has been done in the area of activity detection, especially for the 

elderly with the goal of assisting the elderly with their Activities of Daily Living (ADL). 

Others have studied the field with activity monitoring in general, studying postures, 

amount of body movements for energy expenditure, and studies to promote overall well-

being by reducing obesity. In these studies, researcher used sensors to detect basic 

activities such as lying, sitting, standing, walking, and running [11, 12, 13, 14]. 

Observing such patterns for longer time periods allows researchers to determine subjects 

behavioral patterns allowing therapists or doctors to provide specific feedback based on 

the results. This basic system could be interconnected to a reminder system to give more 

timely feedback to clients [15, 16, 17]. Researchers from University of Minnesota have 

used a similar approach with an intelligent reminder system to dynamically give feedback 

to users of the system [18, 19]. The system was used to detect early morning activities 

and showed that they were able to detect the activities of interest with average accuracy 

of 96% [20, 21]. 

In order to detect the events of interest, we must start with the use of correct 

sensor platforms placed in right location. Challenges exist for patients and children with 

Autism that make use of body sensors difficult.  Many children with Autism Spectrum 

Disorder (ASD) have severe sensory issues that include sensitive skin and intolerance of 

certain clothing or items touching their skin.  Similarly, an inability to understand and 
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communicate can result in the child refusing to keep a sensor on their skin or body.  

Similarly, we must also target behavioral events sensors are able to detect and those that 

are most likely to benefit from a therapeutic intervention.  Behavior patterns most widely 

seen in people with autism are flapping arms or hands, rocking body front to back or side 

to side, tapping/drumming, punching, and making repetitive vocal sounds such as “da da 

da da” or echolalia. In addition there are more subtle repetitive behaviors which are hard 

to detect such as tapping fingers, hair twisting, and repetitive blinking. While some 

children exhibit these behaviors when excited or agitated, some exhibit them to the extent 

that they interfere with their ability to learn.  One of the goals of this project is to use 

technology to help children with ASD and their providers monitor their stereotypies and 

behaviors and identify interventions that successfully control those behaviors when 

desired.   

A person who knows or have frequently been in contact with autistic persons can 

detect their affective states [22, 23, 24, 25, 26]. They observe various modalities such as 

facial expression, vocalization of word or non-word situations, gestures or physiological 

signs [10, 27]. They have used various sensor platforms to recognize the affect states by 

analyzing the signals from the sensors.  Our research focus will be to automatically detect 

these modalities to predict extreme behaviors before they occur, so that clinical providers 

or parents may intervene or divert the child to an activity that may calm him/her down. In 

order to reach this goal, we tackle the detection problem by proposing a wearable sensor 

based solution to monitor and track behavioral patterns of children with ASD.  

Research in automatic detection of behavioral patterns has surfaced only recently. 

This is mainly due to recent advances of micromechanical devices and embedded systems 
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that triggered the development of countless platforms that can monitor many different 

aspects of our lives. It also enabled ambulatory monitoring due to the advances in 

wireless communication protocols such as Bluetooth and devices that support these 

protocols. Such systems, when appropriately scaled and enhanced can be used for 

continuous monitoring of the behavioral patterns. Thus wireless wearable sensors were 

used to monitor their ADL [12, 28, 29, 30]. We have been successfully applying a similar 

technology to develop a system to assist people with cognitive impairments due to 

Traumatic Brain Injury (TBI) that require intelligent systems that can assist the person in 

carrying out their daily activities with intelligent reminders only when it is needed [31, 32, 

33, 34].  

Researchers from Georgia Tech have developed wearable wireless sensors based 

on accelerometer to detect and monitor repetitive behavioral patterns. They have used the 

sensor platform to detect 8 common repetitive behavioral patterns from a normal adult 

who mimicked these behaviors [35]. There also has been an effort to develop systems to 

detect autistic behaviors using accelerometer which showed promising results but 

analysis was done on recording from healthy adult subjects and no discussion of real data 

or explanation were explored. Although, the classification accuracy ranged from 80% - 

100%, these patterns were mimicked. Another group has recently explored similar 

patterns from autistic children and has shown comparable results with our findings. This 

shows that the community has begun to understand the necessity of a system and 

methodologies that could be used to assist people with autism. Researchers in Groden 

Center, RI and UMN have independently studied and analyzed data collected from 

autistic children. Researchers at Groden Center studied data analyzed for hand flapping 
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and rocking from 6 subjects and showed that they were able to achieve 82% - 97% 

accuracy with average being 91.1% [36].  

          As briefly mentioned above, a number of computer based software programs and 

packages were developed for early intervention to assist children with autism. Among 

them, were programs to help improve attention, facial expression recognition [21], and 

social and communication skill development [21, 22, 37]. Several groups have developed 

prototype robots to interact with a child so that the child may learn social cues, social 

behaviors and other social skills needed to live a more independent life [24, 38, 39]. 

Others have used physiological recordings from people with autism for affect recognition 

to develop methods for computer based intervention. This concept is based on the work 

of researchers that developed methods to use computers as a medium to understand 

affective cues of persons that interact with computers. Computer based tutoring systems 

developed by several researchers [41] were used for affect recognition in normal subjects. 

Although these systems are designed for affect recognition, it is hard to find systems with 

high accuracy. Thus, several researchers have tried to increase the accuracy by 

correlating the underlying physiological parameters to aid affect recognition.  

The majority of technology-based solutions or methods proposed above assist 

with education and long term goals.  Since many the children with autism lack social cues, 

they are vulnerable to expressing excitement, anxiety or frustration [42, 43]. Often in a 

home, therapy or classroom environment, the parents, teachers and caregivers have to 

look for cues that could trigger repetitive or extreme behaviors, which can lead to over-

excitement or frustration. Also, due to the general public’s lack of understanding the 

symptoms and behaviors of people with autism, it makes lives of people with autism 
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difficult. Parents are concerned about repetitive behaviors in a social environment, and 

sudden expressions, socially inappropriate gestures, stereotypic behaviors, vocal 

stereotypies make their child less socially accepted. These behaviors can also, make it 

difficult for a child to be in a group setting such as classroom learning environments.   

Our goal is to detect behavioral patterns in children with ASD   correlate resolution of 

behaviors with specific interventions, and ultimately enabling children with ASD to live 

more independent lives. 

 

2.2 Wearable Wireless Sensors 

 The birth of wearable wireless sensors was to overcome the limitation its 

predecessors possessed. Several decades back, monitoring of the physiological 

parameters could only be done in the clinical setting. It was used to monitor and detect 

abnormalities for diagnosis of the disease or illness. But, in order for the treatment to be 

effective, clinicians needed to observe the abnormalities. But, certain symptoms are not 

observable during a clinical visit and most patients are out-patients visiting the hospital 

once the symptom has been observed personally. Therefore there was a need for long 

term monitoring of the patients in a non-clinical setting.  

 Due to these reasons, there was a need to develop a system to continuously 

monitor the biological signals which can be carried by the patients throughout the course 

of their daily life. Many systems interact with Personal Digital Assistance (PDA) or other 

similar hand held devices where the sensor data is stored. Data itself is collected via 

wired sensors [12, 13, 45] and when collecting multi sensor data, patients carry a 

backpack equipped with amplifiers and PC to continuously record the data, which is 
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impractical. Recently, wearable wireless sensors were introduced which eliminated the 

wiring between the sensor and recording system and also allow wireless transmission of 

the data to the data center. This allows more flexibility and is less cumbersome to the 

patients [14, 15, 16, 17].  

 Other applications using the wearable sensors, such as an accelerometer, include 

activity monitoring and for energy expenditure estimation [8, 9, 11, 13, 18, 19, 45]. They 

focused mostly in monitoring walking, sitting, standing, lying, running, bicycling, 

driving/riding a car, etc. The amount of these activities subject was involved in would tell 

the researchers how much energy the subject has consumed in his/her daily life. Others 

report the use of EMG sensors for similar application [20].  

 Accelerometer gained popularity due to its simplicity and is widely used for 

clinical research to understand motion patterns after a stroke or being diagnosed with 

Parkinson’s Disease [13, 46, 47, 48, 49]. Since patients or users prefer non-intrusive and 

non-obtrusive system, small wearable sensor system gained attention among the 

researchers and designers. But, due to its form factor, extending the battery life becomes 

a critical factor in continuous monitoring.  

For our research, among the few wireless senor systems, we use the wireless 

system developed by the Crossbow Inc. [http://www.xbow.com] which already 

incorporates, 2-axis accelerometer, magnetometer, thermometer, microphone and sounder. 
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2.3 In Home Fixed Sensors 

 In home based sensor systems uses fixed sensors attached to doors, rooms and 

throughout the home to monitor activities of daily living. Ogawa, Togawa [50, 51] and 

other researchers [52, 53] have developed a system for activity monitoring, health 

monitoring and behavior monitoring at home. Ogawa et al. used many different in-home 

fixed sensors, shown in Figure 2-1, such as motion, door, touch (contact), temperature, 

humidity and other sensors to monitor the activity of the subject to understand his 

behavioral patterns. On the other hand Celler at el. studied the design issues of a remote 

monitoring system [52]. They showed infrastructure and described that data can be 

collected which showed promising application in home monitoring.  Based on this system, 

they were able to observe the behavioral pattern of the subject, such as when the subject 

wakes up, start to cook, have breakfast, leave home, come home, and etc. Such solutions 

are now popular that many of us have fixed in-home sensors to monitor home activity or 

home surveillance and have been commercialized to prevent theft and hazard. 

 

                         

Figure 2-1. Home sensor setup shown in [51] 
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2.4 Traumatic Brain Injury (TBI) 

Traumatic Brain Injury (TBI) is one of the leading causes of death and permanent 

disability in the United States (US). According to the Center for Disease Control (CDC), 

the number of TBI patients in the US is 5.3 million [73]. About 2% of the US population 

has a long-term TBI and needs assistance to perform activities of daily living (ADL). 

This number is expected to rise with the increase in the elderly population. Males are 

twice as likely to sustain TBI compared to females. Furthermore, recent military actions 

in Iraq have led to a marked increase in TBI amongst active duty soldiers in the 18-25 

age groups. For example, a Defense and Veterans Brain Injury Center’s report indicates 

that 62% of patients screened between July and November of 2003 were identified as 

suffering from brain injury [55]. Direct medical costs and indirect costs such as lost 

productivity of TBI totaled an estimated $60 billion in the US in 2000 [56]. The system 

that we describe here can decrease this cost while allowing TBI patients to lead 

independent and productive lives. 

Traumatic brain injury is caused by a sudden impact or a penetrating injury to the 

head. In general, the frontal part of the brain is damaged in TBI cases. The frontal lobe is 

known to control higher cognitive functions. Therefore, TBI patients have difficulties 

with attention/concentration, planning, memory, execution and completion of activities.  

Today, care for TBI patients is provided by health professionals. Initial treatment 

is given at hospitals. In late recovery stages, patients are moved from the hospital and 

assistance is extended into the home. Wellness monitoring of the patients becomes very 

important at this point. Unfortunately, with the shortage in care givers and rise in the 
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number of TBI cases, it is becoming increasingly difficult to provide the required level of 

human monitoring and assistance that TBI patients require.  

 

2.5 Autism Spectrum Disorder (ASD) 

Children with Autism Spectrum Disorder (ASD) lack social and communication 

skills and exhibit repetitive behaviors. Individuals with autism have symptoms that can 

range from mild to very severe. Although, lack of social and communication skills 

creates challenges, perhaps more disruptive are the repetitive behavioral patterns. 

Children diagnosed with ASD require intervention, regardless of the severity of the 

symptoms, to allow the child to function optimally.   

Recent technology developments for ASD are primarily designed to assist either 

the individual with autism or caregivers (parents, doctors, teachers and therapists). A 

therapy method known as Discrete Trial Training (DTT) is the most widely practiced 

method to assist children with autism to learn basic skills in various areas of daily living. 

A child and a therapist/teacher meet in a one to one based session in which the 

therapist/teacher interacts with the solely with the child. The child learns through an 

interaction with the therapist by playing games or simply repeatedly learning the skills 

necessary. Depending on the severity of the child’s needs, multiple therapists may be 

required to provide such things as Occupational Therapy, Physical Therapy, and Speech 

Therapy. At times therapists actively work together to provide a more efficient and 

intensive program for the child. Therapists log their observations and document their 

treatment sessions. This documentation serves as a report for other professionals, such as 

physicians and psychologists and as a billing document for insurance reimbursement. 
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Logged information is subjective and less desirable than non-objective quantifiable data, 

but the latter currently doesn’t exist. Pioneering work has begun to use video recording of 

the actual therapy session that can be stored and forwarded for discrete tasks. Researchers 

in Georgia Tech have developed an interface to record the video and give indices so that 

it could be reviewed in future sessions if necessary  [57, 58] The study showed that 

therapists relied more on objective measures compared to subjective recollections used 

previously. This method continues to rely on human observation to achieve the necessary 

information for evaluation. 

Another area of assistive system development is in the area of analyzing the 

behavioral data. Children with autism exhibit stereotypic behaviors that are sometimes 

disruptive in social gatherings such as the classroom environment, restaurants, concerts, 

etc. It can draw attention or disrupt the activities that are occurring in an environment. 

These behaviors could be expression of their anxiety, frustration or over excitement. The 

expressions differ from one child to another. While most of the stereotypical behaviors 

are simple repetitive behaviors, some actions can induce self-inflicting wounds or injuries.  

These actions can be dangerous to the individual or threatening to others.   

The Functional Behavior Assessment (FBA) is a tool used to diagnose specific 

behaviors, by first observing the behavior and then studying the antecedent to understand 

what may have led to such behavior. In the children that we observed, children appeared 

to use rocking as a way to express excitement while flapping seemed to be associated 

with anxiety. Children we observed, with and without verbal skills, escalated their 

intonations used a louder voice when frustrated. Researchers at Georgia Tech have 

studied the benefit of video recording based FBA used by teachers. Teachers reported 
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feeling less burdened during the class sessions because they could rely on video 

recordings if necessary [59, 60].  Therefore, in order to assist with the repetitive 

behaviors children with ASD experience, we first turn our attention to detecting these 

events using wearable sensors. 
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Chapter 3  

Activity Detection Using Fixed In-home 

and Wearable Sensors 

 

In this section, we describe a flexible, cost-effective, wireless in-home activity 

monitoring system for assisting patients with cognitive impairments due to traumatic 

brain injury (TBI). The system locates the subject with fixed home sensors and classifies 

early morning bathroom activities of daily living with a wearable wireless accelerometer. 

The system extracts time and frequency domain features from the accelerometer data and 

classifies these features with a hybrid classifier that combines Gaussian mixture models 

and a finite state machine. In particular, this chapter establishes that despite similarities 

between early morning bathroom activities of daily living, it is possible to accurately 

detect and classify these activities with high accuracy. It also discusses system training 

and provides data to show that with proper training data selection, accurate detection and 

classification are possible for any subject with no subject specific training. 
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3.1 Introduction 

As indicated previously, an impact to the frontal lobe of the brain causes TBI 

patients to have difficulties in planning, organizing and completing activities. To assist 

TBI patients in planning their daily lives, several reminder/scheduler-oriented systems 

have been developed. In general, these systems are based on hand-held devices that 

deliver messages to the patient in an “open-loop manner”. For example, the Planning and 

Execution Assistant and Trainer (PEAT) [61] provides automatic assistance for task 

planning. It uses an integrated task planning and execution algorithm that is a spin-off 

from NASA's robotics research. Indeed, NASA's autonomous spacecraft and rovers on 

Mars require the same flexibility as people to accomplish goals in uncertain and changing 

situations. PEAT is an application of this technology on handheld computers for the 

purpose of cognitive rehabilitation. PEAT and similar calendar-type systems operate on a 

basic alarm clock strategy that does not account for the dynamic nature of a person’s 

daily schedule and needs. In the recovery stage, TBI subjects typically remember the 

daily activities that they are supposed to perform. Such subjects can find repeated alarm 

clock type reminders unnecessary and annoying. Despite its complexity and flexibility in 

scheduling, PEAT requires feedback from the user that could instead be provided by 

appropriate sensors. Within the architecture of PEAT, the monitoring of an execution of a 

delivered message or reminder can only be obtained by user feedback based on 

continuous interaction with the hand-held computer. This requires that the hand-held PC 

always be carried by the individual.  

Fortunately, researchers and system developers are beginning to focus on 

monitoring activities with in-home sensor networks to complement such reminder 



- 21 - 

systems. In order to overcome the limitations of PEAT, a research group from the 

universities of Michigan and Pittsburgh has introduced a new type of planning system 

called Autominder [62] for cognitively impaired people. Autominder is a reminder and 

scheduling system involving a robot (Pearl) which has several on-board sensors to track 

the activity of the subject and to deliver visual and auditory messages [63] to the patient. 

However, the sensor strategy used in the system has several limitations. First, the robot is 

assumed to accurately observe the actions and location of the patient. This requires the 

robot to be able to move to each location with the subject. This may not be practical in 

real life situations and may be perceived by patients as intrusive. Indeed, our discussions 

with TBI experts indicate that most patients dislike systems that produce video or 

intelligible audio recording of their activities and are perceived as intruding on the 

patient’s privacy. A robot is also very conspicuous, adding to the stigma that TBI patients 

may feel. Second, the dynamic information which can be obtained from wearable 

wireless sensors as previously described is missing. Our experience indicates that such 

information is critical for accurate classification of ADLs. Finally, as with the sensor 

systems described above, the efficacy of such reminder/planner systems has not been 

studied. The literature provides evidence that to be useful and effective, a reminder or 

scheduler system must accurately classify and monitor the person’s activities. The two 

main contributions of this chapter are establishing that it is possible to detect and classify 

activities of daily living, despite their similarities, with a cost effective system and that 

the system requires little or no subject dependent training. We focus on the problems of 

detecting, classifying and monitoring early morning bathroom activities such as face 

washing, tooth brushing and face shaving to provide evidence to an intelligent 
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Figure 3-1. The schematic diagram of the proposed system 

reminder/planner algorithm. The system uses fixed sensors to locate the subject at home 

and track daily activities at a coarse level. Data from a wearable accelerometer is then 

used to detect and classify the precise early morning bathroom activity of daily living 

performed by the subject. The proposed system uses IEEE 802.11 and IEEE 802.15.4 

standard compliant wireless sensor kits. The IEEE 802.15.4 compliant wearable sensors 

in particular provide low power and low data rate connectivity. They are used to monitor 

the execution of different activities at a detailed level. The wireless in-home fixed sensors 

are IEEE 802.11 compatible.  In more complex systems designed to identify a larger set 

of activities of daily living, these fixed sensors can also be used to activate the proper 

wearable sensors that are best suited for recognizing activities of daily living performed 

in a given environment. The system uses Gaussian mixture models and a sequential 

classifier to classify the wireless sensor data. A block diagram of the proposed 

architecture is shown in Figure 3-1. 
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Subsequent chapters are organized as follows. In the next section we describe our 

sensor network to collect data and discuss in detail the architecture of the system. In 

section 3 we explain the experimental data and our classification strategy. Finally, in 

section 4, we give classification results obtained from seven subjects and discuss future 

directions. 

 

3.2 Integration of Wireless Sensor Networks for Activity 

Monitoring 

As mentioned earlier, the data acquisition system developed at the University of 

Minnesota integrates two sensor systems. The first sensor system is a collection of fixed 

wireless sensors. The second system relies on wearable sensors that provide data to 

complement the data collected by the first system. A schematic diagram of the system is 

given in Figure 3-2. 

Note that other designs are also possible and may offer some advantages over the 

system that we constructed. For example, a system that relies exclusively on wearable 

sensors would be easier and cheaper to deploy. Such a system would substitute accurate 

localization based on wireless transmissions for the inputs obtained from the fixed 

wireless system that we are using. In most of the systems that we have investigated, 

accurate localization from wireless signal measurements requires using more than one 

base station and in some cases extensive signal strength surveys across a home, negating 

the savings achieved by not installing the fixed sensors 
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Figure 3-2. The schematic diagram of the proposed data acquisition and monitoring 

system. On the left side wireless networks to collect in home (eNeighbor) and 

wearable sensor data (xBow). The sensor readings are transmitted to a PC via the 

eNeighbor base station and MIB510 gateway. Synchronously, video and speech 

inputs are recorded with Matlab. These inputs are used to label the sensor readings. 

3.2.1 Static In-home Wireless Sensors 

Many technologies have been developed for in-home activity monitoring. Most of 

these technologies use static home sensors which are activated by the user [50, 51]. These 

include thermistors positioned under the bed to measure body motion, infrared sensors to 

detect the presence of the subject in a specific location, magnetic sensors attached to 

appliances to detect their use, etc. The use of such sensors gives strong clues about the 

individual’s location and activities being performed. However, the wiring between the 

sensors and data center is a major issue for such a system. In our study we elected to use 

eNeighborTM (eN), a wireless remote in-home activity monitoring system which was 

developed by RedWing Technologies and marketed under the name HealthsenseTM. 

[www.healthsense.com]. The eNeighbor wireless sensor network is based on the IEEE 

802.11 standard. It had an Atmel Mega 128 microprocessor and includes server 
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(a)                                                                     (b) 

                  
                                    (c)                                                                        (d) 

 

Figure 3-3. (a) The eNeighbor system. From left to right: The door sensor, base 

station installed with key fob and the motion sensor. (b) The software developed to 

capture the messages sent from eNeighbor via the USB port. (c) The GUI developed 

to dynamically visualize in-home sensor data. (d) Sample sensor data, recorded while 

a subject is going to the bathroom from the bedroom. (e) Wearable wireless sensor kit 

attached to the wright wrist 

technology applications for externally alerting and reporting monitoring information. 

This system comes with several sensors such as motion, bed, chair, and door sensors that 

enable it to track a broad range of daily activities at a coarse level shown in Figure 3-3. 

Each sensor communicates with the base station only in the case of an event. Therefore, 

the sensors have long battery life and can be used at home without maintenance for long 

periods of time. Each event received by the base station is exported in real time through 

the USB port to an external device for backup. We developed a USB port driver to 

capture the messages transmitted from the base station and save these messages on a PC 

with a time stamp to synchronize with the other sensors in the remaining system. 
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3.2.2 Wearable Wireless Sensors 

The eNeighbor gives binary information that provides clues about the activities 

carried out by the individual. There are many activities where interactions with these 

sensors do not occur. In addition, some activities may trigger the same sensors. For 

instance, the subject may enter the bathroom for a face washing, brushing activity. 

During these two activities the same subset of sensors is activated which makes it 

difficult to distinguish between wash and brush activities by examining the binary sensor 

data of the eNeighbor. 

To get detailed information about the activity of the patient, we use wearable 

sensors attached to the wrist and installed on a wireless networked embedded system (See  

Figure 3-4). In particular, we selected the MICAz wireless nodes developed by Crossbow 

Technology Inc. [www.xbow.com] for wearable data collection. Data transmission and 

reception on the MICAz is handled by a Chipcon CC2420 radio chip, which is IEEE 

802.15.4 compliant. It has a 250Kbps radio throughput rate. The onboard expansion slot 

enables the designer to interface several sensors to the microprocessor. The 

microprocessor runs TinyOS 1.1.7, a small open source operating system for the 

embedded sensor networks. The microprocessor is programmed with the NesC 

programming language to collect and transmit the sensor readings to the PC. NesC is a 

new programming environment for networked embedded systems. It significantly 

simplifies the efforts for application development under TinyOS [www.tinyos.net].  

 In our system, we used the MTS-310 multisensor board to record movement and 

environmental parameters. The MTS 310 has on-board light sensors, temperature sensors, 
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(a)                (b) 

 

Figure 3-4. (a) The Crossbow wireless kits; on the left is the serial gateway MIB-510, 

two devices on the right are the MicaZ motes with MTS-310 sensor boards on top. (b) 

The mote kit attached to the wrist to collect data. 

a 2-axis accelerometer, a 2-axis magnetometer and a microphone. These sensors are 

connected to the multi-channel 10 bit ADC of the mote kit. 

In this section, we will restrict ourselves to the presentation and analysis of 

accelerometer data. The on board sensor is an Analog Devices ADXL202JE dual-axis 

accelerometer. The use of accelerometers for activity recognition is not new. Initial 

applications of accelerometers have concentrated on the recognition of sitting, standing 

and walking behavior [10]. The system used two biaxial accelerometers attached to waist 

and leg to estimate body position and lower limb gestures [10]. The accelerometer 

sensors are wired to a PDA for data collection. The wiring is a critical issue which limits 

the user activity in real life situations. In another system that consists of five biaxial 

accelerometers attached to several locations on the body has been used for activity 

recognition [45]. In order to remove the wirings between the sensors and data center, the 

system used hoarder boards. The data was locally stored with time stamps on these 
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boards and post processed offline for synchronization and classification. By using 

decision tree classifiers, the system was able to recognize 20 everyday activities with an 

overall accuracy rate of 84%. The studies showed that the flexible data collection is a 

critical step to give the subject the freedom to do his/her daily activities [10, 45].  

In order to transfer accelerometer data to the PC we used an MIB510 serial 

getaway. The MICAz mote communicates with the MIB510-gateway using a wireless 

IEEE 802.15.4 link. The gateway transmits the received sensor readings to the PC 

through a RS-232 port. In the current system, the data communication rate is limited to 

56 Kbps on the RS232 side. This data rate was high enough to transmit data from the 

sensors since the sensors outputs are sampled at the rate of 50 samples/sec. The reader 

can find detailed information about the DAQ system in [31]. 

 On the PC side, we developed another serial port driver to capture the packets 

received from the MIB-510 gateway. We saved the sensor readings in an ASCII file with 

time stamps similar to those used by the eNeighbor system for further processing. We 

developed software to capture the serial messages transmitted by the eNeighbor system 

and the MIB510 using ActiveX components built on top the MS Windows application 

programming interface (WINAPI). This could have also been done using the MatlabTM 

(MathWorks Inc, Natick, MA) serial line programming interface in order to bypass 

detailed WINAPI. 

3.2.3 Video and audio system 

Video and audio are often used to label data during development to provide 

ground truth during the design and training of monitoring systems. During the training 

phase, the recording of daily activity is done continuously over long periods of time. To 
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collect ground truth information in an unsupervised manner, we used a USB port 

compatible webcam and a headset microphone. We have interfaced the webcam with the 

PC by using the Image Acquisition Toolbox of Matlab. The toolbox enables one to 

connect and configure the video hardware, preview the video, and stream images directly 

into Matlab for analysis and visualization. While collecting data from the fixed and 

wearable sensors, the system automatically records a video of the patient activity at a 

very low frame rate of 6 fps. We found this low frame rate adequate for the training data 

labeling task. The video frames are recorded in AVI format. Separately, the time stamp of 

each frame is recorded in another file. A program was developed under Matlab to read 

the video and other sensor data. All data was synchronized by utilizing the time stamp 

information. By examining the video and audio we are able to label the sensor data for 

training of classification algorithm. 

 

3.3 Detection and classification of activities of daily living 

In this section, we describe the data that we collected to design and test the system, 

and explain the classification procedure we constructed and finally discuss system 

training. As mentioned earlier, the system that we developed relies on a two phase 

approach for detecting, classifying and monitoring ADLs. In phase I, we localize the 

subject within a specific room of a home and perhaps on a specific piece of furniture 

using the fixed wireless sensors, e.g., eNeighbor in our case. This allows us to constrain 

the list of most likely activities that the subject may be executing. In phase II, we rely on 

the wearable accelerometer sensor to detect, classify and monitor the progress of ADLs. 

In this phase we rely only on accelerometer data. 



- 30 - 

 

 (a) 

Figure 3-5. Typical recordings obtained from accelerometer sensor attached to the right 

wrist.  (a) brushing teeth (b) washing face (c) shaving face. 

3.3.1 Early Morning ADL Data 

ADLs can be classified into 3 different categories: basic, instrumental and 

enhanced ADL. According to [64], basic ADL deals with personal hygiene and nutrition 

such as washing, toileting and eating. The authors state that all people living 

independently should be able to execute these basic ADLs. Instrumental activities can be 

managing a medication intake, maintaining a household etc. while enhanced ADLs 

involve activities outside one’s residence and social interactions. We have selected 

several basic early morning ADLs for initial investigation. Our initial studies and system 

design are based on healthy subjects since data collection from TBI patients is difficult 

and most TBI patients are not physically disabled.  

3.3.1.1. Data Collection 
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(b) 

 

 

 (c) 

 

Figure 3-5. Typical recordings obtained from accelerometer sensor attached to the right 

wrist.  (a) brushing teeth (b) washing face and (c) shaving face 
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                  Table 3-1.  Available trials 

Activity Brush Wash Shave OAct 

Trials 182 199 107 40 

 

In this section, we focus in particular on the classification of three ADLs. These 

are face washing, tooth brushing and face shaving. The data was recorded from seven 

healthy subjects with the system described above. A single mote kit is attached to the 

wrist to record hand movements. After a small training period, the wireless sensor system 

and user friendly data acquisition software installed on a notebook PC was given to the 

subjects to record the ADL data in their home setting. For privacy reasons, no audio or 

video data was released. In order to provide the ground truth for recorded wearable and 

static home sensor data, we conducted a single trial based recording paradigm. The 

subjects freely executed one of the three early morning activities listed above and the data 

was labeled manually after each recording. The number of available trials for each 

activity is given in Table 3-1. Sample signals corresponding to these activities are shown 

in Figure 3-5. In addition to the 3 distinct activities, subjects were also asked to record 

data related to activities that have no specific purpose or do not correspond to the three 

early morning activities listed above. Examples of such activities include changing a 

towel, arranging items on the sink, etc. All such activities are categorized as Other-

Activity (OAct).  

During the data collection process subjects reported that tooth brushing and face 

shaving were generally preceded and followed by a face wash activity. Although we 

attempted to record a single activity, many tooth brushing and face shaving recordings 
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included a short duration of face washing. Therefore, in our final decision evaluation, we 

ignored washing outputs when they are observed just before and after tooth brushing and 

face shaving activities. 

 

3.3.2. Classification of Early Morning ADL Data 

3.3.2.1. Feature Extraction 

There are several possibilities for generating activity state models and ADL 

classification methods. In this study we use a hierarchical classification system as 

indicated in Figure 3-6 because of its simplicity and performance. The system combines 

Gaussian mixture models (GMM) and a sequential classifier as shown in Figure 3-6. We 

use GMMs to model the activities such as tooth brushing, face washing and face shaving. 

GMMs are widely used in continuous classification of EMG signals for prosthetic control 

and speaker identification problems due to their robustness and low computational 

complexity [65, 66]. The main motivation of using a GMM is that it provides a 

generative model of each task. The mixtures in the model are believed to represent the 

sub activities executed by the subject when engaged in a specific task. Furthermore, the 

number of mixtures can account for variability across subjects.  

We extracted time domain (TD) and frequency domain (FD) features from the 

accelerometer data which were input to the GMM. The 2-axis accelerometer sensor 

provides two types of outputs for each channel. The DC component of the accelerometer 

sensor is related to the tilt information and the AC component is related to the 

acceleration signals. The time-domain features are extracted from raw data. We believe 

that it reflects the hand position. Frequency-domain features are extracted from the AC 



- 34 - 

 

 (a) 

 

 

 

     (b) 

 

Figure 3-6. (a) The schematic diagram of the proposed classification system which is 

based GMM followed by a sequential classifier. (b) The dyadic frequency bands used to 

extract frequency-domain features.  
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component measurement. Therefore, we combine both feature sets in the final 

classification. The time-domain features consist of the mean, root mean square and the 

number of zero crossings in a 64 sample time segment. After applying a first order high 

pass Butterworth filter, we calculate the frequency-domain features for the AC 

component of the acceleration signal. We extend the feature set with energies in different 

frequency bands. The Fourier transforms of the accelerometer data along the two axes are 

calculated from each 64 sample time segment along with the time-domain features. The 

time segments are shifted with 50% overlap across the signal. In each segment, we 

calculate the energy in dyadic frequency bands as indicated in Figure 3-6 (a). Frequency-

domain features are then converted to log scale and combined with time-domain features 

related to the same time segment. This resulting feature vector x has a dimension of 16 in 

each time segment [67]. 

 

3.3.2.2 GMM Classifier and Preliminary Decision 

A GMM probability density function (pdf), is defined as a weighted combination 

of N Gaussians, 
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with mean vector  and covariance matrix  . Parameter cw is the weight of each 

component and satisfies 
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A new observed feature vector can be assigned to one of the four classes (K=4) after 

evaluating the posterior probability of each GMM. Specifically, the label L assigned to an 

observed vector x is calculated as 

 

arg max( ( / ))  1,..,  .
k

k

p xL k K                            (3-4) 

 

Model order selection plays a big role in determining the performance in GMM 

based systems. While a low number of mixtures can poorly represent the geometry of the 

activity in a D dimensional space, a high number of mixtures generally over fit the data. 

We have found that by varying the number of mixtures from 1 to 6 we are able to find the 

optimal value for classification. 

 

3.3.2.3. Post Processing and Final Decision 

The evaluation in Equation 3-4 gives a class label for each time point. This 

corresponds to the continuous classification of the streaming data. However, we noticed 

that the arm movements during each task contain many sub-segments where the activity 

is not locally related to the task being executed. In addition, as we emphasized before, a 

single task can be executed by visiting many subtasks that also involve the 3 activities we 

focus on. For example, a face shaving task may start with face washing, then applying 

cream to the face, shaving with the razor and at the end again washing the face. Therefore, 

the GMM outputs give many local outputs that cause a high false positive recognition 

rate. In our previous work, we utilized a fixed window majority voter (MV) procedure to 
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remove local errors [67]. The majority voter used 16 points, approximately 10 seconds, 

windows to decide whether the observation sequence is related to any of the tasks of 

interest. Although several time points were used for voting, we noticed that the classifier 

performed poorly during state transitions. We also noticed that the execution times of the 

three tasks that being studied were quite different. A fixed window size does not provide 

flexibility to deal with these differences. To improve performance, we used a sequential 

classifier that acts as a finite state machine (FSM) as described below. Instead of 

calculating the posterior probabilities for each feature vector on the GMM outputs, first 

we evaluate the output probabilities over an 8 point time window with a naive Bayesian 

classifier to smooth the GMM outputs. Specifically, we compute 
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We calculate the posterior probabilities of each naïve Bayesian classifier and then convert 

them to discrete symbols V that are processed by a sequential classifier. We remove 

observations which have low posterior probability at the input stage of the sequential 

classifier. Specifically, we use 
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where N
kpost is the naïve Bayesian classifier posterior probability of Brush=1, Wash=2, 

Shave=3 and OAct=4 nodes, PrL is the prior probability of each task and V is the input 

labels to the sequential classifier. Equation 3-8 removes outputs with low probabilities 

that occur at the beginning and end of each task, since these correspond to time intervals 

where uncertainty is high. This stage also converts the continuous input sequence to 

discrete labels such as {B=1, W=2, S=3, OA=4 and no surviving activity-NoAct=0}. 

These discrete inputs from the wash, brush, shave and OA nodes are processed by the 

sequential classifier as indicated in Box 1. The sequential classifier essentially tracks the 

states by counting the labels in the input sequence and deciding whether the resulting 

sequence is related to one of the four tasks that we study. If not, it provides a NoActivity 

(NoAct) output. Note that, rather than using a fixed window size majority voter, the 

sequential classifier provides a state tracking capability and flexibility in the task specific 

selection of the processing window size. Since we do not know where the real activity 

starts and ends, the sequential classifier provides great flexibility and accounts for the 

temporal variability in the data.  

In a similar study, a Hidden Markov model (HMM) based approach has been used 

for activity modeling [68]. The authors have used a fixed size time window HMM and 

shifted the window along the signal to get classification outputs. In our study the 

sequential classifier works without any window size limitation on the observed sequence. 

The window sizes for a particular activity are adjusted to subject differences by observing 

the data. In our experimental studies we observed that in most cases the washing activity 
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takes much less time than the tooth brushing and face shaving activities. Furthermore, 

many segments of activities may involve similar movement of the arm. For instance, if a 

subject engages in the face shaving task, we often obtain brush labels in the beginning of 

the task due to common movement patterns between applying shaving cream to the face 

and tooth brushing. Both activities include circular hand movements which induces 

oscillatory components in the accelerometer sensor. A fixed size HMM can miss this 

when it is run in the beginning of a task. In the transition regions between states, the 

HMM may then provide several local errors. On the other hand, the sequential detector 

implements a sequential test. It waits until enough evidence has been collected before 

making a final decision. When an input is observed it waits until the system classifies the 

next state which will give further information about what task is/was being executed.  For 

example, if a tooth brushing input is observed, the system waits to see if the next state is 

putting cream/shaving, in which case it would classify the entire activity as shaving rather 

than brushing. 
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Box-1. Algorithm: Sequential Classifier Module. 

 

 

Discrete Input Sequence ( V ): 

NNNNWWWBBBBWWWWWWWWWWWWWWWWNNNN 

 

 

 

 
 

 

Transition Rules: 

Bc>8, Reset(Wc, Sc,OAc) 

Wc>8, Reset(Bc, Sc,OAc) 

Sc>8, Reset(Bc, Wc,OAc) 

OAc>8, Reset(Bc, Wc,Sc) 

 

Bc>15, Set(TS=B) 

Wc>15, Set(TS=W) 

Sc>15, Set(TS=N) 

OAc>15, Set(TS=OA) 

 

Decision Rules: 

Brush Accept: Bc>32 or (TS=B and  Nc>15) 

Wash Accept: Wc>20 or (TS=W and  Nc>15) 

Shave Accept: Sc>20 or (TS=S and  Nc>15) 

OA Accept: OAc>15 

 

          Wc=Wash Count, Sc=Shave Count, Bc=Brush Count,  

          OAc=Other Activity Count, Nc=No Surviving Activity Count 

          TS=Temporary State  
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3.4 Results 

In order to evaluate the performance of the extracted time-domain and frequency-

domain features and their combination in classification, we conducted several “leave one 

subject out” (LOSO) experiments. In particular, we collected data from seven subjects 

and used the data of one subject for testing and the remaining subjects’ data for training 

the system. This procedure is repeated for all seven subjects to obtain classification 

performance and was averaged to obtain overall classification accuracy. The 

classification results obtained with the LOSO method provides information about the 

subject generalization capability of the proposed system. Table 3-2 provides 

classification results for time-domain features, frequency-domain features, and their 

combination. 

The combination of time-domain and frequency-domain features yields better 

classification performance than using time-domain or frequency-domain features only. 

This suggests that the acceleration and the arm’s tilt data carry significant information for 

activity recognition. In addition, the classification performance of the sequential classifier 

was better than the majority voter approach. The classification results for different 

number of mixtures are given in Table 3-3 and Table 3-4 for the sequential classifier and 

majority voter approaches. We noticed that the best classification accuracy is obtained 

with 2 mixtures for the sequential classifier and with 3 mixtures for the majority voter 

approach. Increasing the number of mixtures for both approaches decreased the 

classification accuracy. A higher number of mixtures may result in over learning in the 

GMM stage. We believe that a low number of mixtures provides smoothness and 

enhances the correctness of the classifier. The confusion matrix related to the best 
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           Table 3-2. Classification Accuracies of different feature sets (%). 

Features Brush Wash Shave OAct 

TD 83.5 67.8 74.2 95 

FD 96.7 16.6 12.1 97.5 

TD+FD 96.1 93.5 93.5 95 

 

 

           Table 3-3. Classification accuracies (%) obtained from TD+FD combination  

           with sequential classifier. The NoMix stands for the number of mixtures in  

           GMM. 

NoMix Brush Wash Shave OAct 

1 95.6 77.4 82.2 97.5 

2 96.1 93.5 93.5 95 

3 95.6 90.5 91.6 95 

4 94.5 88.4 90.6 95 

5 93.4 87.4 88.8 95 

6 92.8 86.9 90.6 95 

 

 

           Table 3-4. Classification Accuracies (%) obtained from TD+FD  

           combination with majority voter post processing. The NoMix stands  

           for the number of mixtures in GMM. 

NoMix Brush Wash Shave OAct 

1 98.4 79.9 68.2 92.5 

2 96.8 87.9 84.1 90 

3 97.9 87.9 87.9 90 

4 95.1 86.4 85 92.5 

5 95.6 84.4 82.2 92.5 

6 97.3 81.9 81.3 92.5 

 

 
 

mixture indexes for the sequential classifier and majority voter based approaches are 

given in Table 3-5 and Table 3-6 respectively.  
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           Table 3-5. The confusion matrix for TD+FD combination and sequential  

           classifier post processing for NoMix=2. 

Tasks Brush Wash Shave OAct 

Brush 175 1 2 4 

Wash 8 186 1 4 

Shave 5 2 100 0 

NoAct 0 0 2 38 

 

 

           Table 3-6. The confusion matrix for TD+FD combination and MV post  

           processing for NoMix=3. 

Tasks Brush Wash Shave OAct 

Brush 183 0 4 0 

Wash 11 175 0 12 

Shave 10 2 91 4 

NoAct 0 1 3 36 

 

As mentioned earlier, in our experimental studies we noticed that there is a 

significant overlap in the feature space between the activities of tooth brushing, putting 

soap and applying shaving cream to the face. All of these segments include circular hand 

movements that cause sinusoidal waveforms in the accelerometer. As can be seen from 

the confusion matrices, the face washing and face shaving activities are mostly classified 

as brushing in these regions. In particular, putting soap or applying shaving cream is 

locally recognized as a tooth brushing activity. A representative trial is shown in Figure 

3-7. The sequential classifier eliminated many of these false positives by using different 

time window thresholds. For the brushing activity, a higher brush-count (Bc) is used for 

final decision.  

It should be noted that in our final evaluation of the classification performance 

face washing outputs preceding and following brush/shave activities are ignored. Most of 

the time, subjects washed their faces prior to shaving or rinsed after brushing. 
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(a) 

 

 

(b) 

 

Figure 3-7. . (a) The Bayesian posterior probabilities of the classifiers during a washing 

task. (b) The input votes (V) entering the sequential detector. Note that the putting soap 

section is locally classified as tooth brushing.  
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(c) 
 
       

 

(d) 
 

Figure 3-7. (c) The Bayesian posterior probabilities related to brush activity and the 

input votes entering the sequential detector (d). Note that tooth brushing task is 

followed by a washing activity due to giving rinse. They are ignored in final evaluation. 
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Note that the OAct decisions are not evaluated as false positives. Such decisions 

are ignored because it is possible that the subjects can interrupt the main task for a short 

while. In addition, it takes several seconds for the subjects to start with the main task. For 

instance, when subjects grab the brush or the shaver, the classifier mostly produced an 

OAct or NoAct output. Therefore, OAct and NoAct outputs are merged in the final 

evaluation and are not evaluated as a false positive if they are locally present. As 

indicated previously, the main purpose of including OAct trials into the dataset is to 

account for activities where the subjects are not really performing the ADLs that we 

studied here. 

In order to assess the efficiency of the GMM, we replaced it with a linear 

discriminant classifier (LDC) that models the feature vectors corresponding to each 

activity as Gaussian vectors with identical covariances and activity dependent means. In 

this way we could evaluate the recognition accuracy of a discriminative approach 

working in the lower level of the system. In particular we used a pair-wise classification 

strategy by constructing several linear discriminant classifiers. Each discriminant 

classifier discriminates a single task from another. Each feature vector is then processed 

by the pair-wise linear discriminant classifier bank. Then each time point was stamped 

with a discrete label by evaluating the linear discriminant classifier outputs. As in the 

GMM case, the discrete sequence was then fed to a sequential classifier for final decision.  

The classification results obtained with the linear discriminant classifier are 

compared with the GMM approach using one or two mixtures (denoted as GMM-1 and 

GMM-2 respectively) in Table 3-7. Interestingly, the linear discriminant classifier 

provided very high recognition accuracy for the face shaving activity and outperformed 
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         Table 3-7. Classification accuracies (%) of different classifiers 

Features Brush Wash Shave OAct 

LDC 87.9 88.9 100 75 

GMM-1 95.6 77.4 82.2 97.5 

GMM-2 96.1 93.5 93.5 95 
 

 

 

         Table 3-8. The confusion matrix for LDC based classification system. 

Tasks Brush Wash Shave OAct 

Brush 160 5 14 3 

Wash 7 177 11 4 

Shave 0 0 107 0 

NoAct 0 0 10 30 

 

the results obtained with a single component GMM while recognizing the tooth brushing, 

face washing and face shaving activities. However, we noticed that the results obtained 

with the linear discriminant classifier are worse than the GMM-2 based results. 

Furthermore, the OAct trials are misclassified as face shaving activity. The results that 

we obtained thus indicate that the linear discriminant classifier based approach is biased 

towards the shaving activity. 

 

3.5 Limitation and Future Work 

During the experimental studies we noticed that some subjects changed their 

active hand during task execution. For instance, one of our subjects switched his hand 

during brushing trials. This behavior eliminated the accelerometer observations and the 

system went to OAct state. When the instrument used to perform the activities that we 

studied is electric, the measured patterns change. Electric tooth brushes and shavers need 

to be treated in a different manner. Another possibility is to use tiny modules which 
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include an accelerometer and a radio attached to the electric shaver or brush. When the 

electric shaver or brush is turned on, accelerometer data is transmitted to the system. 

We also noticed that the face washing of different subjects exhibited two distinct 

motion patterns. In particular, we observed that one group of subjects were applying soap, 

drawing water and rinsing the face. The other group of subjects washed their face by 

simply splashing water onto the face. Although few different patterns were observed 

within each group, in general, any washing activity involved one of the two patterns 

mentioned above. We noticed that when the training data was biased to one group, then 

the classification accuracy corresponding to face washing was much lower compared to 

when the training data was balanced. This shows that unless similar patterns are present 

in the training set, the classifier will not be able to correctly classify activities. One 

solution to overcome this problem is to refine the classifier with a small number of trials 

from the user or the subject himself. This allows the system to adapt to the unique 

patterns [32]. 

Wearable wireless sensors are one of the main components of this system. The 

continuous monitoring task involves continuous packet exchanges between the 

computational center and the wearable sensors. It is well known that the power 

consumption of wireless embedded systems increases while communicating. A 

straightforward online data transfer can decrease the battery life dramatically. In such a 

case the wearable system will need frequent maintenance. Therefore, an intelligent and 

adaptive data collection and communication strategy is necessary. In-home static sensors 

can be used to decide when and how to collect wearable sensor data. Furthermore, after a 
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certain period we expect to capture the lifestyle of the person so that the system can then 

infer from this information adaptive data collection strategies. 

 

3.6 Conclusions 

In this chapter, we described the infrastructure of an in-home activity monitoring 

system based on wearable and fixed wireless sensors. The system is intended to assist 

people with cognitive impairments due to TBI. In particular, we focused on the problems 

of detecting early morning bathroom activities of daily living at home. The proposed 

system uses IEEE 802.11 and IEEE 802.15.4 standard compliant wireless sensor kits. 

Finally, the data collected from both sensor networks are processed by intelligent 

algorithms. We showed experimental results from seven subjects engaged in face 

washing, face shaving and tooth brushing activities. Our results are quite promising. In 

the next chapter, we discuss the application to stereotypic behaviors and how the 

technology can be applied to aide people with Autism Spectrum Disorder. 
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Chapter 4  

Characterization and Detection of 

Stereotypic Behaviors in Children with 

Autism Spectrum Disorder 

  

This chapter describes a method to automatically detect behavioral patterns of 

patients with autism. Many stereotypical behavioral patterns hinder their learning ability 

as a child and patterns such as self-injurious behaviors (SIB) can lead to critical damages 

or wounds as they tend to repeatedly damage one single location. Custom designed 

accelerometer based wearable sensor can be placed at various locations of the body to 

detect stereotypical self-stimulatory behaviors (stereotopy) and self-injurious behaviors 

of patients with Autism Spectrum Disorder (ASD). A microphone was used to record 

sounds in order to understand the surrounding environment and video provided ground 

truth for analysis. Analysis was done on four children diagnosed with ASD who showed 

repeated self-stimulatory behaviors that involve part of the body such as flapping arms, 

body rocking and self-injurious behaviors such as punching their face, or hitting their 
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legs.  The goal of this study is to devise novel algorithms to detect these events and open 

possibility for design of intervention methods. This chapter discusses time domain feature 

extraction with Higher Order Statistics (HOS) of the data to detect and classify these 

stereotypic behavioral events. Also, novel event detection using online dictionary update 

method is discussed. The goal of detecting novel events relies on the fact that the 

limitation of training data and variability in the possible combination of signals and 

events also make it very difficult to design a single algorithm to understand all events in 

natural setting. In addition, ASD children may develop new repetitive behavior as they 

grow and at times develop injurious behaviors. Therefore, unsupervised method to 

discover and track novel events in a multidimensional sensor data becomes an important 

topic in classification and detection problem in children with ASD. This chapter 

discusses how the HOS features can be used to design dictionaries and to detect novel 

events in a multichannel time series data.  

 

4.1 Introduction 

Autism spectrum disorder is a development disorder that leads to cognitive 

impairment, including deficiencies in social interaction and communication [42]. The 

heterogeneity of ASD has been attributed to the structure and misuse of diagnostic 

systems. The Centers for Disease Control (CDC) show that 1 in 68 births are diagnosed 

with autism [43]. Autism is becoming the fastest growing (10-17% annual growth) 

development disability which affects 1 to 1.5 million in U.S. For autism management, it 

costs over $90 billion annually in the U.S. alone and it is estimated that the cost related to 

autism will increase to $200-400 billion in 10 years [43]. 
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One is diagnosed with ASD when any combination of several symptoms with 

certain degree of severity is logged. There are no medical tests to diagnose autism but it 

is diagnosed based upon the Diagnostic and Statistical Manual of Mental Disorders – 

Fourth Edition (DSM-IV) and relies on understanding the behavioral patterns. Therefore, 

treatment or unified care has been very difficult to find, leaving families with wide 

variety of choices of therapies, treatments that use drugs or dietary programs. Often times, 

the treatment varies from one doctor to another and families become worn out trying to 

find what works best for their children. Due to the wide range of categories and 

uncertainty in the reasons behind autism, there has been no quantitative measure to 

diagnose and treat autism not to mention the monitoring the progress of the treatment. 

Symptoms of autism differ between individuals. They may also differ in a single 

individual over time. Research indicates that early diagnosis and intervention is critical 

for successful long term management. Therefore, clinicians often try different 

interventions simultaneously. Families face difficulties because the treatment varies from 

one therapist to another and families become worn out trying to find a treatment that 

works best for their children.  

Although there is no known cure for autism, many researchers agree that intensive 

early intervention does improve the conditions of the child. Methods for intervention is 

not unified nor agreed upon, but, it has been discovered that certain methods of alternate 

treatments do work for certain children [69]. Although these methods are effective, there 

are no unbiased measures to quantify the effectiveness of the treatment. Therefore, 

researchers have adapted available technologies to better understand autism and assist the 

patients and doctors. It ranges from developing systems to help therapists automate their 
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paper work process [58] computerized programs to teach the social contexts by allowing 

interactions with the computer to detecting facial expression of those children to 

understand their behaviors [24].  

Previously, technologies were built around the patient such that others can better 

interact or reduce burden on therapists or families [58]. But, these results only provide 

long term solutions or are more focused on assisting the therapists. This study explores 

methods to meet their immediate needs by detecting behavioral patterns and generating 

feedback. This feedback can be immediately directed to the user and caregiver to meet 

urgent needs of the user. It can also be used by both caregivers and patients for 

developing behavior reversal programs. It may enable them to modify their own 

behaviors which may interfere with their daily lives and eliminate such behaviors which 

may interrupt them from concentrating and learning. 

Research in automatic detection of behavioral patterns has surfaced only recently. 

This is mainly due to recent advances of micromechanical devices and embedded systems 

that triggered the development of countless platforms that can monitor many different 

aspects of our lives. It also enabled ambulatory monitoring due to the advances in 

wireless communication protocols such as Bluetooth and devices that support these 

protocols. Such systems, when appropriately scaled and enhanced can be used for 

continuous monitoring of the behavioral patterns. Thus wireless wearable sensors were 

used to monitor their ADL [29, 30, 34, 37]. Researchers at the University of Minnesota 

have successfully applied a similar technology to develop a system to assist people with 

cognitive impairments due to Traumatic Brain Injury (TBI) that require intelligent 
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systems that can assist the person in carrying out their daily activities with intelligent 

reminders [30, 31, 32, 33] and sterotypies of people with ASD.  

Researchers at from Georgia Tech have developed wearable wireless sensors 

based on accelerometer to detect and monitor the repetitive behavioral patterns. 

Researchers from Georgia Tech have used the sensor platform to detect 8 common 

repetitive behavioral patterns from a normal adult who mimicked these behaviors [35]. 

There also has been an effort to develop systems to detect autistic behaviors using 

accelerometer which showed promising results but analysis was done on recording from 

healthy adult subjects and no discussion of real data or explanation were explored. 

Although, the classification accuracy ranged from 80% - 100%, these patterns were 

mimicked. Another group has recently explored similar patterns from autistic children 

and has shown comparable results with our findings. This shows that the community has 

begun to understand the necessity of a system and methodologies that could be used to 

assist people with autism.  Researchers from Groden Center, RI with researchers at MIT 

and UMN have independently studied and analyzed data collected from autistic children. 

Researchers at Groden Center studied from data analyzed for hand flapping and rocking 

from 6 subjects showed that they were able to achieve 82% - 97% accuracy with average 

being 91.1% [22, 24, 36].  

Despite these efforts, solutions or methods proposed above is intended to educate 

the child with a long term goal and does not meet their immediate needs for assistance. 

Since many children with autism lack social cues, they are vulnerable to expressing 

excitement, anxiety or frustration [82]. Therefore, often in a home, therapy or classroom 

environment, the parents, teachers and caregivers have to look for cues that could trigger 



- 55 - 

repetitive or extreme behaviors which include SIB or others. As humans are very well 

trained detection systems, they can observe certain trends in behaviors to predict what 

may come. Therefore, in therapy or training sessions, they push the limits or challenge 

them often causing frustration build up on the children. But, since they can predict the 

children’s behavior, if they observe over excitement or frustration builds up, they will 

stop so that they may avoid extreme situations. Therefore, proposed system has added 

features into the system to be able to detect such frustration and stop such behaviors from 

happening by intervention methods. This is especially important due to the general 

public’s lack of understanding the symptoms and behaviors of people with autism. 

Therefore, by real time intervention using the system, will make lives of people with 

autism much less difficult and help them control their sudden expressions, socially 

inappropriate gestures, stereotypic behaviors, vocal stereotypies to make their lives more 

socially agreeable.  

A person who knows or have frequently been in contact with autistic persons can 

detect their affective states. They observe various modalities such as facial expression [22, 

37], vocalization of word or non-word situations, gestures or physiological signs [24, 38, 

39]. Researchers have used various sensor platforms to recognize the affect states by 

analyzing the signals from the sensors.  Our research focus will be to automatically detect 

these modalities and to predict extreme behaviors before they occur, so that an 

intervention can be made or divert the patient to an activity that may calm him/her down. 

In order to reach this goal, the detection problem is targeted by proposing a wearable 

sensor based solution to monitor and track behavioral patterns of autistic patients and a 
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user feedback is given through the device by vibrating the sensor. The user is then trained 

to stop the behavior upon receipt of the feedback. 

 

4.2 Minnesota Wearable Accelerometer based Sensor Platform 

(MinWaSP) Development 

In order to visit the patients and meet the needs of data recording, new recording 

devices and platform as shown in Figure 4-1 was planned and developed using the 

Bluetooth technology. Bluetooth was chosen so that the platform would be able to 

interface to laptops and mobile phones. Our custom designed wireless accelerometer 

sensor with Bluetooth module is able to pick up movement information as they may be 

worn by users of the system. As shown in Figure 4-2, the sensor system can be worn on 

 
    

 

Figure 4-1.  Proposed data acquisition platform that combines 2 different sensor 

platforms which are wearable wireless sensors and static audio/video sensors. 
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wrists, chest, waist and ankles. The sensor system can also be clipped onto shirts and hats 

to detect movement of the body or head. Most of the large motor functions can be 

detected but fine motor skills such as movement or use of fingers and toes cannot be 

detected. Our wearable sensor system is equipped with a 3-axis accelerometer, 

microcontroller and Bluetooth module for wireless communication with the base station.  

Using the on board microcontroller, it can sample and quantize the analog 

accelerometer output at high sampling rate (up to several kHz). Sensor readings are 

exported from the sensor system to a PC in real time and no data is stored locally on the 

         

    (a)                                                                       (b) 
 

  

(c) 

 

Figure 4-2.  (a) Data recording system (b) Wearable wireless sensor kit enclosed in a 

wrist band. (c) Wearable body sensor strapped to upper body. 
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wearable system. The second system is the audio and video sensors which are 

microphones and webcams. In this system, sensor readings are exported from the sensor 

system to a PC in real time. For the behavior detection purposes, it does not require high 

sampling rate, therefore the accelerometer signal is sampled at 50 Hz rate and transmitted 

to base station and stored on the PC using the user interface shown in Figure 4-3. Data 

from wearable sensors alone are not sufficient to understand the behavioral patterns of 

people with autism. For this reason, MinWaSP has added feature to simultaneously 

record audio and video recordings at 22kHz and 30fps respectively. The audio sensor, 

which can detect sounds or vocalization of the subject helps with behavior recognition 

and video recordings provide ground truth during the initial studies to understand the 

behavioral patterns so that an intelligent assistive system can be developed.  

     

 

    

Figure 4-3. MinWaSP data acquisition platform with a user interface that receives sensor 

data. This interface allows real time tagging of events observed by pressing predefined 

buttons on the GUI. 
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To better understand the behaviors of people with repetitive patterns, therapists 

often use video to understand the context, cause and effect of certain behaviors. But, it is 

very difficult for them to review and analyze the video recordings due to the time 

consuming nature of the video analysis procedure. To alleviate this burden, our system 

allows automatic labeling of the detected events. This will allow the behavior and video 

clip to be synchronized with respect to time and event. Tagging can be done by anyone 

and the GUI could be modified to accommodate different behavioral patterns of a patient. 

Then, doctors and therapists can randomly access only the events they prefer to view 

reducing the burden of video analysis. The performance of the system depends on how 

well the system detects the events of interest and if the system has the capability to 

predict certain events.  

 

4.3. Detection and Classification of Stereotypic Behavioral 

Patterns 

We underwent a University of Minnesota’s Institutional Review Board (IRB) in 

order to enroll children with ASD to participate in the study. For this particular study, 

researchers collected 4 types of accelerometer sensor data from 4 autistic children labeled 

as S1, S2, S3 and S4. Recorded data include several self-stimulatory patterns and many 

other daily activities. As shown in Figure 4-4, self-stimulatory patterns such as hand 

flapping (F) and body rocking (R) were observed. Also, several SIB patterns such as 

punching one’s own face (P) and hitting (H) one’s laps were also observed. S1 showed 

fast stereotypic flapping with arms raised while S2 showed short durations of jitter like 

flapping patterns with arms partially raised or lowered. This shows that the system needs 
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to be flexible in order to be able to tailor to the different behaviors of different patients. 

Flapping, punching and hitting events were recorded from the wrist worn accelerometers 

while rocking actions were recorded from the sensor placed on the back using flexible 

straps. The frequency and speed of the arm movement contribute to different frequency 

characteristics and associated band powers in the frequency domain while the different 

 

 

     (a) 

 

 

        (b) 

 

Figure 4-4.  Typical recordings obtained from 3 channel (x, y, z axis) sensor. (a) Sample 

waveform from a body worn sensor. Due to the mechanical coupling of the body, some 

behaviors can be detected from the body worn accelerometer sensor. From left to right: 

Rocking, standing, flapping and walking. (b) Hand flapping accelerometer readings from 

a wrist worn sensor  
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position of the arms generate different DC values in the accelerometer data in time 

domain. Therefore, this is also an important piece of information in understanding and 

distinguishing different arm positions and involved activities. In following sections, we 

analyze data recorded from our subjects and compare the detection accuracy.  

 

4.3.1 Subject Description 

As mentioned earlier, subjects S1 – S4 showed different repetitive patterns for 

flapping, which corresponds to studies in the literature. S1 showed fast self-stimulatory 

repetitive flapping patterns with arms raised while S2 showed short durations of jitter like 

flapping patterns with arms partially raised or lowered. This showed that system may 

categorize them as different patterns although both behaviors fell under the name 

“flapping”. Therefore, the automatic detection system and behavior intervention therapy 

needed to be flexible in order to be patient specific. This is consistent with studies in the 

literature [69]. Flapping actions were recorded from the wrist worn accelerometers while 

rocking actions were recorded from the sensor placed on the back using flexible straps. 

Data was recorded from both in therapy and in home sessions. The in home session 

recordings was necessary because, children only engage in a limited number of activities 

during the therapy sessions and we needed to know if there were any activities that 

produce similar sensor readings compared to their self-stimulatory behaviors. In most 

cases, we were able to observe that the self-stimulatory repetitive behavioral patterns 

were different from their everyday patterns. In this study, we endeavor to detect and 

distinguish the self-stimulatory patterns from all other daily activities. This allows us to 

monitor and keep track of number of events and duration of each repetitive behavior. 
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These quantified results can be used to monitor the progress of behavioral intervention. 

Activities other than flapping and rocking were labeled as Other Activity (OA). 

Four children diagnosed as autistic participated in the study. 3 subjects were male 

and 1 subject was female. The female was 12 years old while male subjects were 9, 10 

and 16. The 16 year old male and the 12 year old female subject lacked verbal 

communication skills but possessed few sign languages to express their desires. The 9 

and 10 year old children possessed verbal skills and could express themselves verbally. 

But, their verbal skills were delayed and were not quite their own age group. All four 

children did possess self-stimulated repetitive behaviors from hand flapping, body 

rocking, vocalization and echololia.  But, all four children possessed different frequency 

of stereotypy and different form of flapping, vocalization or repetitive behavioral patterns. 

They also showed subject specific patterns such as hitting objects, punching face and 

banging head on the wall.  

 

4.3.2. Data Description and Experimental Setup 

In the previous chapter the experiments were performed in a controlled 

environment in which subjects were given a queue to perform specific tasks. But, with 

the ASD patients such experiment was not possible. Therefore, continuous recordings 

were made for different subjects and part of the data from each subject was used for 

training while other data was used for testing.  

Since the subjects showed flapping, rocking, punching, banging and vocalization, 

accelerometer based sensors were placed on subject’s wrists and on the back of the upper 

body to acquire acceleration of wrists, arm and body movements. A microphone was 
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placed facing toward the subject to detect the vocalized sounds, speech and environment 

sounds. This data was also annotated by a video recording to provide ground truth of the 

events that occurred during the time of experiment while the data was being recorded. 

The sensor system includes wireless transmission module that transmits data to a base 

station which was connected with a laptop computer to record and analyze the data. More 

sensor nodes could be placed such as waist, ankles, etc. but only wrists and body sensors 

data were analyzed for this purpose. Sensors were woven into a wrist band and were 

worn by the children. Body sensor was placed on the back of the upper body using a strap. 

Two children did not adapt well to wearing a strap on the body. Therefore, this sensor 

was placed on the subject by sewing a pouch with Velcro on the vest or a hoodie to be 

worn by the children.  

The accelerometer sensor detects continuous acceleration of the movements. And 

the on-board ADC digitizes the data with 10 bit resolution and 50Hz sampling rate. It is 

well known in the research community that 50 Hz is high enough to detect human 

movements. Also, microphone was used to record sounds and speech produced by the 

subjects to analyze their behavioral patterns and responses to external stimulus or 

environmental changes. The acoustic data was recorded at 22 kHz with single channel 

(mono) 8 bit resolution. The microphone and the webcam was placed along with the 

laptop to better observe the surroundings and followed the children around if the subject 

was moving around. At the base station (laptop), data from different sensor platforms are 

saved after each event so that the audio and accelerometer data could be analyzed to 

detect events that occur. 

Each recording session lasted from 1 – 2 hours and several breaks were given 
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during the session when children seemed unwilling to wear the wrist sensor or clothes. 

Data were recorded during their therapies and while they were home. Duration of 

recordings was balanced between work (study, therapy) and leisure (rest, play). During 

their therapies, they go through their routine work which can be speech therapies 

(learning to pronounce short noun and verb words) or physical activities (learning gross 

and fine motor skills).   

 

4.3.3. Stereotypy Characteristics: Pseudo-Periodicity 

In the previous chapter, under the controlled experiment, the classification system 

was trained from a set of data collected from the subjects. But, due to the fact that the 

recordings from autism patients is a continuous recording, data must be extracted from 

the labeled data and training data set needs to be generated from the set of recordings. In 

this section, a method to extract and set up training data is discussed. 

The fundamental characteristics of the stereotypic behavior patterns involve 

repetition of events. Although behavioral patterns repeat similar to waving of a hand, 

they may not necessarily be periodic or repeat in a continuous form. That is, an event 

may occur with seconds, minutes or even hours in between the repeating events. Some 

event may repeat at a faster pace while other event may repeat slower. The amplitude of a 

repeating event may differ from time to time. In this chapter, we target to detect and 

quantify stereotypy and SIB events in a natural setting. The stereotypic patterns exhibit 

great regularity but are not periodic as in mathematical terms.  

A signal x(t) periodic with period T for all t, if   

 

).()( Ttxtx                                                        (4-1) 
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Many researchers have taken this concept to an extent to model the idea of pseudo 

periodicity, periodic transforms and almost periodicity [70, 71]. It was widely studied in 

the areas of music periodicity detection [72, 73], in which periodicity, near periodicity 

was studied for beat detection, music classification and labeling. And, a signal y(t) may 

be called pseudo periodic when  

 

)()(   txty ,                                                 (4-2) 

 

in which α, β and γ represents, scaling, dilation and translation parameters independently. 

Scale parameters change the amplitude in the signal, dilation parameter stretches or 

shortens the signal while the translation parameters moves the origination of the signal 

allowing non-uniform arrangement of the signals.  In similar problems found in musical 

signal processing, β refers to pitch and γ refers to beat respectively. Therefore, the 

repeating signal R(t) is a combination of a signal with varying α, β and γ parameters.  
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In the problem we target to model, the β 1 and γ Ti. For detection of the repeating 

patterns, we do not need to necessarily fit all patterns to above form nor estimate the 

model parameters [74]. But, find key features from the signal which will be understood 

by the algorithm and find enough separation so that similar repeating signals can be 

grouped into clusters or modeled with error less than some threshold for classification 

purposes. Therefore, we generate templates based on the several samples of repeating 

signals we observe. First, signals from training data are sampled and then we find α, β 
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and γ parameters from the sampled data. We then vary the parameters by adding a 

uniformly distributed random noise to generate similar templates with varying factors. 

These templates are used in the following sections to generate dictionary atoms. 

 

4.3.3.1. Temporal Feature Selection 

We are interested in detecting both forms of stereotypy continuously repeating 

stereotypy and short transient stereotypic behaviors, the accelerometer data is first 

analyzed in the time domain by segmenting the signals into short duration of segments of 

32 samples which is 0.64 second duration with 50Hz sampling rate. We have analyzed 

window sizes of several lengths (128, 64, 32, 16) and have found window size of 32 to 

best suit for our purpose for wrist worn sensor in which we may capture both the shorter 

and longer repeating events (maybe will need to put in supporting results summarized in 

a table). We have used a smaller window size which is a size of 2 seconds. We believe 

they have chosen the larger window size due to the fact that they have focused on finding 

the longer repeating patterns such as flapping and rocking. We chose the shorter window 

size as it was observed during the data recordings that not all stereotypies are 

continuously repeating as flapping or rocking. Especially, SIB patterns which may bring 

more stigma to patients that we also target to detect usually are short transient events, and 

may not be detected or be masked by other activity that occurs within the longer time 

window. If the event is longer than the window size, the event will be picked up in 

several consecutive windowed signals. For the body sensor to detect rocking events, we 

used a longer window to capture the much slow frequency body rocking patterns. Due to 

the slow frequency of this motion, we needed a longer window to capture the repeating 
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rocking motion. Therefore, we used a segment size of 1.28 seconds for rocking. This 

translates to a window size of 64 which is then shifted along the data with 50% overlap. 

We extract statistical features in a sliding window such as its mean, variance and 

rms. The mean values infer the position or the orientation of the sensor, i.e. position of 

the arm or body. Variance gives the variability in the 3-axis directional signals captured. 

rms gives the measure of varying quantity in the windowed data and infers if an event in 
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Figure 4-5.  (a) Schematic of the proposed training algorithm using LPC. (b) Schematic 

of the proposed testing algorithm using LPC. 
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search is on-going. We also extract zero crossing rates and zero crossing intervals within 

a segment to obtain periodicity of sign changes in the signal. In order to detect repeating 

events, we first extract several features from time domains which have shown to provide 

good distinguishing characteristics for acceleration based sensors. One of the critical 

information an acceleration based sensor provides is the tilt information of the sensor. 

Due to the effect of gravity, the DC values of the acceleration senor changes causing 

different offset for each axis depending on the tilt of the sensor relative to the ground. 

This can inform the position of the hand enabling the distinction between hand waving 

and hand flapping in a subject’s arm motion. 

The waveforms are high pass filtered to remove the DC bias. As mentioned before, 

the DC values and extracted features associated with the windowed data are separately 

stored. Change in DC value shows the variation of the arm or torso movement. For 

known events, we randomly select waveforms from training data and design an initial 

dictionary with waveforms from each category such as flapping, rocking, punching face 

and hitting/banging using the training data. The basic waveforms from training data x(t) 

are also stretched and translated using a function shown below, where α, β and γ 

represent scale, stretch and translation factors; 

 

                             )()(  txtr .                                              (4-4) 

 

The initial dictionary now consists of basic waveforms and scaled, stretched and 

translated versions of a basic waveform.  
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4.3.3.2. Linear Predictive Coding (LPC) 

 Stereotypical behavioral pattern signals from accelerometer sensors are complex 

signals, which may be represented by using sinusoidal models with additive noise. Due to 

their pseudo periodic nature, behavioral signal x(n) can be modeled as below 
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where, 0n is the event onset time, M is the number of sinusoids, ma is the amplitude, m  

is the frequency component of the signal and )(nv is the additive noise which may 

represent  imperfect movement of the body, movement of the sensor and also 

quantization noise in the accelerometer sensor . In natural setting, the event waveforms 

actually appear as a variation of the signal x(n),.also due to change in motion frequency. 

Similar waveform patterns are seen in speech detection and classification applications. 

We modeled the stereotypic behaviors using the Linear Predictive Coding (LPC) model 

which is an all-pole Autoregressive (AR) model. This was possible due to the consistency 

of behavioral patterns observed within a subject and correlation observed in the nature of 

the behavioral patterns. Using the pole locations obtained from the LPC model allowed 

us to extract the dominant frequency component in the signal. We have also shown that 

detection performance of the system using LPC model out performs detection accuracy of 

other system such as clustering and machine learning type of methods which are widely 

applied in the literature. 

Linear Predictive Coding (LPC) has been very successful especially in the area of 

speech processing and has also been used in variety of applications [75].  LPC uses a p-th 
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order linear predictor that predicts current value using the past p samples of data, 

minimum error in the least square sense. Therefore, the coefficients can be found using 

the dictionary atoms. Using the coefficients, we can find estimate of the incoming data,       

 

        )()()( nxnxne                                                           (4-5) 

 

where, e(n) is the error between the original signal and LPC predicted signal. Therefore, 

using the pole-zero plane, we are able to observe the locations of the poles. The intuition 

behind this approach is that if the input signal is close to dictionary atom, the error would 

be small and the frequency content would be similar. Also, the match can be found by 

calculation of the cross correlation between the dictionary atom and incoming signal. 

The coefficients can be found using the dictionary atoms. From the polynomial 

and coefficients, we find the roots of the polynomial. The roots give us location of the 

pole which reveals the frequency content in the data. Using the coefficients, we can find 

estimate of the incoming data. We optimize the order of the LPC by finding optimal point 

in which the complexity and performance of the system trades off. We also calculate the 

energy of the error signal on the 32 sample data. This is calculated over the series of 

windowed sample data. We refer to the LPC coefficients for i-th segment as, 
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Where a(0) = 1, and the energy of the i-th segment is calculated as  
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Where x(n) is the high pass filtered signal and n0 is the index of the initial sample in the 

i-th segment.  We then continue to calculate the energy differences between the 

segments of interest to the reference classes in the dictionary.  
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Where j=1,2, …, k, represent different class of event. 

 Similar to previous chapter, the time domain and frequency domain features will 

be extracted. Time domain features such as mean, standard deviation, smoothed signal 

mean, standard deviation and number of zero crossings will be analyzed. We, further 

obtain additional features from the location of the poles by finding the Euclidean 

distances between the dictionary atoms and segments as shown in below. The angles are 

calculated from the pole location. Angles represent frequency content in the segment and 

the angles are sorted in ascending order. The frequency information observed from the 

location of the poles represent frequency characteristics of an event and it is used as an 

important feature to classify one event from another.  

 

iji DDD  minmin_                                             (4-9) 

 

where, j represents different class of events from dictionary while i represents the i-th 

segment. Di_min represents the minimum distance measure between the dictionary atoms 

and each segment. 
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   (a) 

 

                                                             (b)                                                                      

Figure 4-6.  Pole-zero plot showing the location of the poles. Poles in darker shades 

(blue) are  from actual flapping events in the training set. Poles in lighter shades (red) 

represent poles from testing data. (a) shows flapping patterns observed for S1 and (b) 

shows flapping patterns for S2. Note that encircled poles represent lower order poles. (a) 

Figure of pole locations that were detected as flapping. (b) Figure of pole locations that 

were rejected as flapping. 
    



- 73 - 

 

 

   (a) 

 

                                                              (b)                 

                                                      

Figure 4-7.  Pole-zero plot showing the location of the poles. Dominant pole location 

from the figure show that the similar approximation can be done by using lower order 

AR model to detect dominant frequency components in the windowed signal. (a) Figure 

of pole locations using 4 LPC coefficients (b) Figure of pole locations using 8 LPC 

coefficients   
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It is well known in filter design, angles and radius of the poles and zeros define 

characteristics of a filter. Similarly, pole locations as shown in the pole-zero planes show 

the frequency content in the windowed signal (see Figure 4-6). We use Euclidean 

distance measure and angle differences to define the proximity of the poles of the 

dictionary atoms to input signal and determine the signal as candidate of a predefined 

event. The threshold used for similarity testing was empirically obtained.  Also, due to 

the frequency limitation of arm motions and body motions, pole locations above certain 

frequency level does imply that events associated with high frequency are unlikely to be 

associated with repeating stereotypy. 

Another important factor is the order of the parameters to accurately model the 

stereotypic events, as was shown in Equation (4-6). Although, higher the order of the 

polynomial would better fit the dictionary atoms this would over fit the dictionary atoms 

and would generate higher error in the residual signals. We have tested the order of the 

LPC and its associated performance was analyzed on a small set of stereotypic events 

which is used as the training data for the system and have found out that the LPC of order 

4 is the least number of poles that can be used to represent and distinguish stereotypic 

events analyzed in this study (see Figure 4-7).  The pole location and error energy are 

used to find candidates for stereotypy. This stereotypy candidate is checked for dictionary 

matching in the following step discussed below. 

 

4.3.3.3. Template Matching and Dictionary Update  

From the training data, it showed that using lower order of LPC coefficient is 

sufficient to model the stereotypic events and to identify the major frequency content 

within the windowed data. Once the potential candidates are identified, we take into the 
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consideration the correlation between the dictionary atom and the signal in analysis and 

perform template matching. Cross correlation is used to obtain a match between the 

signal and dictionary atom. Although the dictionary atom and signal do not match but if 

the correlation coefficient is above 0.85, the dictionary is updated by adding this signal 

into dictionary atom. The threshold 0.85 was empirically obtained by testing on the 

training data. 

 

4.3.3.4. Data Balancing 

Dictionary trained from training data is comprised of flapping, rocking, punching, 

hitting and other events. Other events dictionary is composed of all non-stereotypy events. 

Due to the nature of stereotypy, compared to other events, are far less frequent events 

throughout the course of the day. Therefore, in order to train the dictionary, the input 

training data had to be balanced, i.e. we use the same number of events from each 

category for training. But, our analysis with from the testing data (naturally recorded) 

show that stereotypic events are at approximately 2% of the total data recorded. An 

interesting fact is that once a flapping is detected from a windowed sample data, the 

probability of finding another flapping within next 5 seconds was approximately 81%. 

This shows that once the stereotypic events occur, it continuously occurs with high 

probability over a limited time. 

 

4.4. Novel Event Detection via Unsupervised Learning of 

Sensor Signal 
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Our goal of detecting novel events relies on the fact that it is impossible and 

impractical to design an algorithm to detect every type of events that may occur in natural 

setting. The limitation of training data and variability in the possible combination of 

signals and events also make it impossible to design a single algorithm to understand all 

     

 

      (a)                   
 

 

     (b) 

 

Figure 4-8.  Temporal and frequency characteristics of a sample waveform. (a) x and y 

axis data for the flapping event.  (b)  x and y axis data for the punching event. 
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events in natural setting. Therefore, an unsupervised method to discover and track 

unknown events in a multidimensional sensor data rises as a very important topic in 

classification and detection problems. In this section, we explain our methods to detect 

novel events in a multidimensional time series data and combine the proposed supervised 

learning method by adopting the advantages of both algorithms to increase the 

classification and detection accuracy. We, compare our results to the supervised methods 

that we have explained in the previous chapter and show that although unsupervised 

method do not achieve better performance compared to supervised methods, it can 

efficient find new events and anomalies in multi-dimensional time series data.   

 

4.4.1 Unsupervised Learning 

Unsupervised Learning is highly preferred in many applications such as time 

series clustering, scene change detection and anomaly detection [76, 77, 78]. It is 

especially desired in detection of behavioral patterns or Activities of Daily Living and in 

the areas of wearable sensors and their applications. It attracts researchers due to the 

dynamics of sensor locations and high variation in the subject dependent actions and 

variety of activities and motions. Among many different reasons for choosing 

unsupervised learning, following are few reasons why unsupervised methods are 

preferred.   

First, due to the high variability in activity detection, it is almost impossible to 

design a system to define and train the system to detect and track the various actions and 

activities. We have proposed a model in the previous chapter to accurately detect such 

events but we may only be able to model finite number of events in training stage. 
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Similarly, the actions of stereotypy and SIB have variability but are still quite consistent 

within a subject compared to inter subject while there is a great variability among 

subjects. Also, within a subject, one stereotypy may disappear but another stereotypy or 

SIB may develop, with an intervention or therapy. Therefore, it is critical for behavior 

detection and monitoring system to have the capability of unsupervised learning of the 

data to detect novel events.  

Second, assuming that one can generate all models priori, we still need a 

specialist such as medical experts or therapists to interpret each and every activity. This 

may be done on site which may be impossible as not all actions may be seen in a finite 

time. Interpretation may be done by watching a video recording which may be very 

costly that requires hours and days of video to put meanings to actions in priori. But, with 

unsupervised learning methods, similar actions can be grouped and interpretations 

become much easier and less costly in terms of time, resource and labor. 

Third, as we will show in this section, in most cases, supervised learning out 

performs the unsupervised learning methods due to the fact the system has the prior 

knowledge about the event that the system is detecting or classifying. Therefore, 

intelligently fusing both methods can maximize the detection rate by combining the 

advantages of both methods. 

More importantly, during the behavior reversal therapy, therapists often succeed 

in modifying undesired behaviors but some patients start to develop new repetitive 

behaviors which seem to replace the existing behaviors. But, in general, the community 

agrees that behaviors can be modified and if new patterns are detected and treated at an 

early stage, behavior reversal can be done. Therefore, it becomes our objective to detect 
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novel behaviors before it becomes a repetitive behavior. 

Due to such advantages of unsupervised learning, we integrate this concept into 

our methods of LPC modeling that we have studied in the previous section. It is explored 

in this section and applied to multi-dimensional and multi-channel data for novel event 

detection. 

 

4.4.1.1 Statistical Unsupervised Learning 

     The statistical learning approaches use models that is generated by the statistical 

properties found from the training data that is used to define the characteristics of the data. 

Similarly, statistical unsupervised learning also relies on the statistical properties of the 

data in testing. It finds characteristics that are not found in the training data or 

characteristics it had not observed previously. The performance of this method of 

learning depends on how well it minimizes the false detection of known events while 

maximizing the detection of novel events.  

    In the statistical method, the model uses distribution of a density function to 

recognize the classification to a known class of events. The threshold is applied to the 

probably estimate to decide as a known event or not. Other approaches are based on the 

distance measure from the distribution mean which is also thresholded to decide if it 

belongs to a known event. The distribution itself could be in feature space which is used 

for classification as was discussed above. 

During the behavior reversal therapy, we often succeed in modifying undesired 

behaviors but some patients start to develop new repetitive behaviors which seem to 

replace the existing behaviors. But, in general, the community agrees that behaviors can 



- 80 - 

be modified and if new patterns are detected and treated at an early stage, behavior 

reversal can be done. Therefore, it is our objective to detect novel behaviors before it 

becomes a repetitive behavior. 

We take the approach to novel event detection which learns the density function 

from the data observed [79, 80, 81]. We therefore keep simple time domain statistics such 

as mean, variance, energy, number of zero-crossings to track incoming signal for 

repetition of any event.  And, by generating the histogram and observing histogram 

changes, we may update the dictionary.  

Also, the system must be able to distinguish between stereotypical events and SIB. 

SIB requires much more attention compared to stereotypy due to its nature. It may 

significantly injure the subject that may involve brain damage or self-inflicted wounds. 

Therefore, SIB related events must be updated to the dictionary at an early stage, so that, 

the system can trigger alerts. SIB events are characterized with high signal energy. The 

injury occurs due to the impact of the fist/hand or foot to the body. The fact that the 

amount of energy delivered at the time of the impact is much higher than those of 

stereotypy.  The dictionary is designed by normalizing the incoming waveforms which 

are then quantized in a linear scale. The resulting output is the optimized waveform 

which represents the location of zero crossings of the incoming signal and also represents 

the global view of the signal change characteristics in a much simpler domain. 

 

4.4.2. Novel Event Detection  

In this study, we present additional work on dictionary design methods utilizing 

HOS features in an unsupervised classification method which is discussed in the 
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following subsections. We also discuss methods to optimize the dictionary and faster 

searching strategy.  

 

4.4.2.1. Higher Order Statistical Features 

   Many time domain features such as mean, variance and zero-crossing rate have 

been used in many classification applications. Other features such as energy or log energy 

have widely been used in speech detection applications as well [83]. Higher Order 

Statistics have also found its application in number of signal processing applications. 

Especially in speech processing applications, it has found wide attention [84]. 

In this study, in addition to mean and variance, we have utilized skewness and 

kurtosis of the frequency distribution in the analysis of a data segment. Skewness s(n) 

describes the asymmetry of the distribution about the sample mean µ and is defined as 

follows, 
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Skewness is the 3rd moment about the mean. And, skewness along with mode and mean 

shows us how the distribution is biased within a given data. The positive skewness 

represents a distribution is spread out to the right of the mean, while negative number 

represents the distribution is spread to the left of the mean. 

Kurtosis k(n) describes the peakedness of a distribution about the sample mean µ 

and is defined as follows, 

4

4)(
)(






xE
nk                                                (4-11) 



- 82 - 

 

Kurtosis is the 4th moment in statistics and finds the peakness of the distribution. The 

higher the kurtosis, more of the variance is the result of infrequent extreme deviations. 

For each 32 sample segment data with 50% overlap, we perform 128 sample FFT to 

obtain frequency distribution, from which we obtain frequency content of a data segment. 

Therefore, repeating events or signal with periodicity will produce a different skewness 

and kurtosis values compared to those signals that do not repeat. This information along 

with LPC model described below is used to generate dictionaries for event detection. 

 

4.4.2.2. Novel Event Detection and Dictionary Update 

In previous sections, we described our approach to dictionary generation and 

event detection using supervised method by utilizing HOS features and clustering similar 

segment data to generate dictionary atoms for event detection.  Although the actions of 

stereotypy and SIB are quite consistent within a subject for using supervised learning 

approaches to model and detection of events, there is a great variability among different 

subjects. Also, studies show that even within a subject, with intervention therapy, one 

stereotypy may disappear but another stereotypy or SIB may develop. Therefore, it is 

critical for behavior detection and monitoring system to be equipped with the capability 

to learn new events from the data to detect novel patterns. Our approach is a semi-

supervised method in which we initially learn from part of training data to generate 

models for few known events then use the other training data to learn new events in an 

unsupervised method using the HOS and LPC.  

In our previous study, we took the non-parametric approach to novel event 

detection which learns the density function from the data observed. System analyzed and 
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stored simple time domain statistics such as mean, variance, energy, number of zero-

crossings to track incoming signal for repetition of any event.  And, by generating the 

histogram and observing histogram changes, to detect novel events and  updated the 

dictionary to detect when it occurred again.  

In this study, we have taken the parametric approach as the events can be modeled 

using the Gaussian model along with the HOS features to generate labels for novel event 
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Figure 4-9. (a) Schematic of the proposed training algorithm using HOS and LPC.  

 (b)  Schematic of the proposed testing algorithm using HOS and LPC. 
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detection. System generates and adds a new Gaussian mixture when a novel event occur 

over 20 instances. We add additional cost function to an event with high energy as such 

events are likely to be self-injurious behaviors (SIB). Such behaviors may expose patients 

to brain damages or self-inflicted wounds. Therefore, SIB related events must be updated 

to the dictionary at an early stage, so that, the system can trigger alerts as the injury 

occurs due to the impact of the fist/hand or foot to the body.  

 

4.4.2.3 Dictionary Alignment and Optimization by Pruning 

Part of variability in the dictionary atoms and detection performance comes from 

the fact that the data segment and dictionary atoms are not aligned. This is due to the fact 

that the length and start of the event is different. For example, we do not know when the 

flapping event begins or the duration of this event. Therefore, we design the dictionary by 

aligning the data so that the beginning of the data is a non-zero element. One method of 

aligning the data is using the resampling techniques and selecting the samples to generate 

a dictionary. But, in this study, we use the features we found in the first stage of the 

algorithm, which turns out to be as effective as the resampling technique. If the features 

such as variance and energy are greater than a threshold which we found from the 

analysis of the training data, we shift the window by 2 to find a zero-crossing location 

with a sign change. We then search for the nearest positive or negative peak. Thus both 

the dictionary atom and the signal are now aligned at a peak. This guarantees us that the 

dictionary atom and windowed signals both starts with certain characteristics reducing 

the variability allowing faster detection of the dictionary matching process. 

For the events in this study, we do not update the dictionary when the signal and 

dictionary atoms have correlation coefficient greater than 0.9. And, also keep history of 
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number of times a dictionary atom has been accessed. Based on the distribution of the 

number of hits, we prune dictionary atoms with small frequency of hits. We may then 

dynamically set optimal dictionary size for different events   

As part of the optimization process, we do not allow the dictionary to 

continuously grow with the incoming of new data. For the events in this study, we do not 

update the dictionary when the signal and dictionary atoms have correlation coefficient 

greater than 0.9. And, also keep history of number of times a dictionary atom has been 

accessed. Based on the distribution of the number of hits, we prune dictionary atoms with 

small frequency of hits. We may then dynamically set optimal dictionary size for 

different events. 

 

4.5. Results 

The extracted features and proposed method showed a good separation in feature 

and has great potential for continuous detection of the location and duration of the self-

stimulatory behaviors. We have recorded over 60 hours of annotated data from 4 children 

with autism with flapping and rocking events, from subjects S1, S2, S3 and S4. From the 

analysis of this data we were able to detect the self-stimulatory patterns with the accuracy 

shown in Table 4-1. Authors in [85] have reported activity classification accuracy of 73 - 

100% depending on the activity. Especially for hand flapping and body rocking, they 

reported 80% and 100% respectively. Although our data is from real patients, we were 

able to obtain comparable performance to their findings. 

Also note that the focus on minimizing the False Negatives (FNs) while 

maximizing the True Positives (TPs) so that SIBs are not missed as it is more important 
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to reduce false negatives then reducing false positives.  On the average, we are able to 

detect the self-stimulatory patterns with the average of 92.7%. 

 

4.5.1 Processing Wrist Sensor 

As mentioned in the previous section, we used Linear Predictive Coding and 

template matching to train the wearable accelerometer data. LPC models the waveforms 

and using the features extracted, we can assign activity labels depending on the model 

parameters, pole locations and templates matching which were created for each activity. 

Signals may show similar oscillatory patterns, but, the frequency content and different 

DC levels from respective channels were good discriminating factors to classify 4 

different stereotypic patterns. We then observed the classifier outputs to determine if a 

repeating pattern was correctly detected by the classifier.  

In order to detect hand flapping events, sensors were worn on the wrists of autistic 

patients. Flapping events produced high frequencies along the y-axis while the other axis 

data showed considerably less information. This information was distinctive from other 

daily patterns shown by the subject. Randomly selected events from labeled training set 

were used to generate separate dictionaries for flapping, punching, hitting events  

Another training set which includes data from other daily activities were used to generate 

one other-activities dictionary. All event and non-event data were processed by 

generating a series of segments which used window sample size of 32 with 50% overlap.   

When larger windows were used, we missed instances such as single flapping or 

single rocking due to short duration of the events. But, the proposed method is able to 

detect such instances. This is partially due to use of smaller window for analysis but also 
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taking the characteristics of the stereotypy events into the detection and monitoring 

system rather than blindly applying various machine learning approaches [38, 48, 53]. 

Using the short window would also naturally increase the false positives but prediction 

with LPC and template matching allows those false positives to be minimized compared 

to our previous study. The system then observes the sequence of these labels to decide 

whether the observed pattern was flapping or not. Same strategy is used to detect rocking. 

 

4.5.2 Body Sensor Data Analysis 

In order to detect rocking events and body motions, the sensor system was worn 

on the back of autistic patients using an elastic strap. Similar to the wrist sensor case, we 

extracted same features such as mean, variance and zero crossing rates. We did not use 

time domain features because of the posture of the body. The body position during the 

day was mostly in the upright position. Due to this, combining the time domain features 

such as mean value did not add any discrimination factors to the detection of events. We 

discovered that the body sensor tightly attached to the back can also be used to record 

flapping events. This is possible because the arms are coupled with the back via the 

shoulder and certain arm motions are directly propagated to the back where the sensor 

picks up related motion. But, these signals are absorbed by the body and these signals 

have lower amplitude compared to those detected by the wrist sensors.  

Similar to the above case, we generated 2 dictionaries from rocking and non-

rocking training set. For the body worn sensor, we used a longer 128 sample window 

with a 256-pt DFT due to the slow rocking nature of the movement. We then used the 

same approach as above, to classify the observed patterns as rocking or non-rocking. 
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            Table 4-1. Classification results for flapping, rocking, punching and hitting     

             using proposed unsupervised novel event detection method. 

 flapping rocking punching hitting 

Subject 1 92% 95% NA NA 

Subject 2 88% 96% NA NA 

Subject 3 96% NA 96% NA 

Subject 4 89% NA NA 95% 

 

 

             Table 4-2. Classification results for flapping, rocking, punching and hitting  

             using LPC based template matching method. 

 flapping rocking punching hitting 

Subject 1 94% 95% NA NA 

Subject 2 89% 96% NA NA 

Subject 3 96% NA 96% NA 

Subject 4 92% NA NA 95% 

 

 

             Table 4-3. Classification results for flapping, rocking, punching and hitting  

             using ISI based clustering method. 

 flapping rocking punching hitting 

Subject 1 89% 95% NA NA 

Subject 2 78% 96% NA NA 

Subject 3 84% NA 96% NA 

Subject 4 83% NA NA 95% 

 

 

             Table 4-4. Classification results for flapping, rocking, punching and hitting  

             using K-SVD based learning method. 

 flapping rocking punching hitting 

Subject 1 89% 95% NA NA 

Subject 2 79% 96% NA NA 

Subject 3 85% NA 96% NA 

Subject 4 83% NA NA 95% 

 

 

             Table 4-5. Classification results for flapping, rocking, punching and hitting  

             using GMM based learning method. 

 flapping rocking punching hitting 

Subject 1 86% 92% NA NA 

Subject 2 84% 91% NA NA 

Subject 3 NA NA 96% NA 

Subject 4 NA NA NA 95% 
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We have compared the performance of the proposed method to several different 

approaches commonly found in the literature. We also show comparison results from 

studies done using different methods. Due to the difference in dataset exact comparison 

with other research group is difficult but we can see from the tables above that results are 

slightly better than the recent studies in the  literature where the results vary from 82% - 

97% accuracy with average being 91.1% . 

 

4.5.3 Audio Sensor Data Analysis 

Another class of stereotypy observed in children with Autism is vocal stereotypy. 

One form of vocal stereotypy is known as echololia which is observed in children that are 

vocal. These children can express themselves in words but may lack appropriate age level 

speech skills. These children have tendency to repeat words or sentences which may 

hinder their learning abilities. But, we are more interested in another form of vocal 

stereotypy often observed in children with Autism. This is especially seen in children that 

are non-verbal who are not able to express their thoughts in words. This is important as it 

serves as an indicator for children’s frustration build up that may sometimes evolve into 

problem behaviors such as SIB or tantrum.  

As the LPC was initially used to detect vocal sounds and many applications, it fits 

very well for this purpose. Vocal stereotypy is detected in the same procedure as the 

accelerometer signal. The characteristics of the vocal stereotypy can be defined as a 

similar sounds being repeatedly made by the patient. The characteristics of these sounds 

are different from speech but are closer to uttering and screaming with represents their 

frustration. 
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For vocal stereotypy detection, 22KHz sampling rate was used for voice/sound 

recording. Due to the high sampling frequency, we used a sample window size of 4096 

with 2205 sample shift (approx. 50% overlap), which corresponds to 0.1 second shifts. 

We extend the feature set with energies for acoustic signals. Acoustic data recorded from 

microphone was also analyzed to extract features. The audio recordings were recorded at 

22kHz rate. Since the audio data is recorded at much higher rate compared to 

accelerometer data, we processed them independently. But, since the data recorded at 

constant rate, the features from accelerometer data and acoustics data can be 

synchronized for processing.  We observed that in all subjects, as the stress levels 

increased for each individual, they exhibited different behaviors and vocalization of non-

word sounds. We thus trained 2 different dictionaries to differentiate between 

   

 

           Figure 4-10. Acoustic features differentiating the vocalization and noise.  

           Encircled areas denote locations which vocalized stereotypic behaviors. 
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vocalization (source) and non-vocalization sounds (noise) which include speech and other 

sounds from the surrounding environment. We extracted source and noise manually from 

the recorded data and generated separate dictionaries for source ( )Dsrc  and noise (

Dnoise ). Both the source data and noise data were segmented with N=512 samples of 

segment size with 50% overlap.  The window used was a Hanning window and an N-

point DFT was used. For each source K-SVD algorithm was used [86]. Our dictionary 

consists of coefficient matrix created from the algorithm and two dictionaries are 

concatenated. First m elements are noise atoms and next n elements are source atoms. We 

then use Orthogonal Matching Pursuit (OMP) algorithm that sequentially selects the best 

matching dictionary atoms [87]. The resulting dictionary had the size of vectors 4879 for 

Nx1 dictionary and 1402 Nx1 dictionary. 

 

4.6. Limitations and Future Work 

4.6.1 Limitations 

We have found that when sensors are placed in the right location, using one 

sensor on the subject’s upper back can be used to detect flapping information as well. As 

can be seen in Table 4-6, flapping detection rate for both S1 and S2 decreased 6% 

compared to that of the wrist sensor. But, when flapping was detected from the body 

sensor, we noticed the reduction in false positives. This is due to the sensor location 

which caused the signal to be attenuated across the body. Thus, reducing many hand 

related movements causing FPs. Using the single body sensor, we were able to observe 

5FPs and 15FPs for flapping respectively and no FPs for rocking events. Our system 

currently misses instances such as single flapping or single rocking due to short duration 
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of the events. It is difficult to decide if it is a behavioral pattern of an autistic child or just 

a random action that is also observed in normal children but we expect to achieve higher 

detection rate as we begin to better understand the uncertainty in the behavioral patterns 

and study the events before and after the behavioral pattern. 

 

4.6.2 Prediction of Problem Behavior 

We further analyzed the data and found correlation between the stereotypy and 

problem behaviors. In many cases, intensified behavioral stereotypy which we believe is 

frustration often times led to shouting or a tantrum. Therefore, if we can detect the signs 

of frustration build up, we may be able to divert the attention of a child or meet child’s 

request before the tantrum occurs. This is done by tracking the intensity of the 

vocalization at the detection of each event. The energy and duration of the vocalization is 

tracked such that when the frequency and intensity goes above a threshold, the system 

acknowledges it as a potential problem and can generate an alarm. This allows the 

children to learn to control their behavior with the assistance from the system. This could 

be very useful in a classroom environment.  

  

 

                 

Figure 4-11. Sensor readings showing arm movement prior to a tantrum 

steady

Steady state

steady state            “stop” raised hand & waving          breakdown
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Chapter 5  

Applications to Smart Clothing and 

Posture Detection 

 

Wearable body sensing is critical to many personal sensing applications including 

Human-Computer Interface (HCI) applications and ambulatory medical applications for 

smart personal illness management. Over the past 10 years, much progress has been made 

in the development of personal devices and sensor systems that allow long term personal 

monitoring. But, due to the invasiveness of these devices and sensors, truly pervasive use 

has been resisted by users. Therefore, researchers have looked into integrating sensors 

into everyday clothing to improve their wearability and allow long term monitoring. 

Possibilities have arisen especially from the sports and sports clothing industries to 

measure signals such as step frequency and heart rate. But, these applications are a simple, 

requiring minimal sensing, and are wearable only in the attachment of discrete hardware 

sensor modules onto clothes.  Researchers such as Dunne and her group have integrated 

the sensors into textile and garment structures, to expand the potential for body sensing 
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and to improve wearability. This approach allows many sensors to be distributed over the 

body surface, improving the specificity of activities sensed. However, garment-integrated 

sensing presents a more difficult challenge for activity recognition due to the error 

introduced into sensor data by movements of the clothing.  

 

5. 1 Introduction 

Wearable sensing via e-textiles and fabric has been an increasingly popular topic 

for research in the pervasive computing community. It has a wide range of applications 

from biomedical sensing to Human-Computer Interaction. With the increasing popularity 

of garment-integrated sensing, “second-skin” or skin-tight garments have become very 

popular especially in the sports industry. Skin-tight clothes allow a closer contact with the 

body compared to looser clothing, which generally increases the accuracy of garment-

integrated sensors. But, there is a trade-off to this type of clothing as it does not seem to 

be popular to all consumers for every-day wear. It is unfortunate that the characteristics 

that promote comfort and ease of use are usually opposite to the characteristics that 

promote accuracy of the worn sensor. This fact is one of the most significant obstacles in 

promoting the wide adoption of wearable sensor systems. A good balance between social 

acceptance in the sensing garment, improved wearability for long term wear and 

garments that produce high quality data must be achieved. 

Therefore, in this chapter, sensor characterization and error analysis to reinforce 

garment based sensing is done specifically for looser-fitting and stretchy garments. 

Garment based sensing is a logical platform for detecting body postures and for 

monitoring physiological parameters such as breathing [88, 89], body functions that can 
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be detected and measured through changes in surface dimensions or geometry. Other 

parameters such as heart rate monitoring, affect or emotion monitoring via electro-dermal 

sensors require tight direct contact with the skin and are not of the scope in this research. 

The tighter the clothes, the easier it is to sense applications which are reflected through 

dimension changes in the clothing. Skin tight garments conform tightly to the body, 

enabling higher resolution of stretch or bend signals. For this reason, our research began 

with integration of sensors into a skin tight garment to measure movement of the body. 

We then extend the study to loose garments to characterize and detect postures. 

 

5.2 Background on Stretch Sensing 

There are several different types of sensing methods for detecting stretch that are 

integrated into fabric. In one approach, stretch sensing is measured through piezo-electric 

sensors integrated into the garments [90, 91, 92, 93, 94] that respond with change in 

resistance to stretch or bending of the fabric.  

Another approach uses the looped conductor approach. This method uses a looped 

conductor of R Ohms per unit length, in which the loops of the conductor pass in and out 

of contact as the garment is stretched or relaxed. Typically, when loops are in contact, the 

electrical length is shorted causing the resistance value to decrease, while when the loops 

are opened, the length increases and the resistance increases (see Figure 5-1). But, note 

that depending on the structure of the loop, stretch can either bring the loop into or out of 

contact causing the resistance to decrease with the stretch. The looped conductor 

approach has been implemented in many different applications [94, 95, 96, 97, 98, 99], in 

which the loops are formed by knitting, and are either closed or opened with the  
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(c) 
Figure 5-1. Looped conductor. (a) relaxed position (b) stretched position (c) delta-Y 

configuration [94] 

  

stretch to the knitted structure. An alternative approach is to create loops through 

stitching using machine stitches that already use looped threads to form the stitch. 

Stitched stretch sensors have the flexibility to be stitched onto textile or garment 

surface at any location, even to a fully fabricated garment. Depending on the application, 

they can be customized at-will. They also have an added benefit of using common 

commercial fabrication equipment, which requires minimum changes to existing process 

and technology.  
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Figure 5-2. Coverstitch structure [94] 

 

 

                                                                                                                                                  

(a)                                                                     (b) 

Figure 5-3. Coverstich applied to stretch pants. (a) on the hip with reflective markers      

(b) stretch pants on the mannequin 
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 The stitch used for the construction of the sensor used here is by made using a 

Juki MF-7723, a high speed, flat-bed coverstitch machine. It produces a standard 

industrial two-needle coverstitch with top and bottom cover. It uses two needle-threads 

with a bottom looper thread and top looper thread, and forms a two-thread lockstitch. The 

stitch structure is illustrated in Figure 5-2 and shown in Figure 5-3. This type of stitch is 

commonly used in seaming and finishing knit garments. In order to form a stretch sensor, 

the bottom cover thread is replaced with a conductive yarn with a measurable resistance 

per unit length.  

In the following sections, our approach to modeling the sensor output using a 

motion capture system in parallel, in which the sensor output is modeled by solving a 

curve fitting problem in least squares sense is described in more detail. Finally, the 

stretch sensor was integrated to a personal protective wear called coverall and sensor 

application for lifting posture detection is evaluated. 

 

 

5.3 Experiment Setup and System Validation 

5.3.1 Experiment Setup 

Following the procedure in [100, 101, 102], Shieldex conductive silver-plated 

Nylon yarn with a measured resistance of 0.81 ohms/cm was used to create the sensors 

using an industrial flat-bed coverstitch sewing machine. This yarn was stitched to a fabric 

consisting of 82 % polyester and 18 % Lycra. The sensors were stretched and tested to 

characterize the resistance response when stitched to a fabric. Researchers have 

previously characterized the stich sensors on cotton denim and lycra-blend fabrics [100, 
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101, 102]. In the experiment presented in this chapter, bottom-thread cover stitched 

stretch sensors stitched to the knee and hip were evaluated using a VICON Motion 

Capture System to test their validity and to correlate the amount of stretch as measured 

by the garment-integrated sensors to the joint movement angles.  

An electronic running mannequin (Cyberquins, UK) was used to repeat a running 

motion while wearing the sensor stitched skin tight pants. A VICON IR motion capture 

system (VICON Nexus with Bonita Optical family of cameras) with retro-reflective 

markers was used to capture the running mannequin’s motion. 6 video cameras were used 

to model the running motion of the mannequin wearing only its base garment (a skin-

tight Lycra bodysuit) and joint angles were estimated. VICON-generated angles were 

used as references to map the amount of stretch as measured by garment-integrated 

sensors to angle variations. A digital multimeter (DMM, BK Precision, 2831E) was 

directly connected to the stitched sensors to record the sensors’ resistance response. 

Similar to motion capture systems widely used in the movie and gaming industry, 

reflective markers were carefully placed on the body segments to create a line through the 

thigh and another line through the shin. VICON outputs XYZ coordinates of each marker 

and calculates the position of the markers in 3D space. We can then select the markers in 

the 3D space to create lines and calculate the angles between 2 lines. This process is 

performed for both the knee and the hip generating knee and hip reference models for the 

stitched sensors.  

The repeating motion of the mannequin generates a periodic gait cycle over time 

which is represented as a periodic waveform in a 3D space. Marker traces were aligned 

by using reference markers at the waist (Marker 0) and the heel (Marker 1). Marker 0  
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                                   (a)                                                                     (b) 

Figure 5-4. Animatronic Mannequin with stitched sensors. Resistance variation recorded 

via direction connection to DMM. (a) shows the location of the sensors for the knee and 

the hip (b) shows the multiple sensor placement to determine the sensor with maximum 

stretch.  

 

 

serves as the global reference due to its location. This marker is the only static marker on 

the mannequin, for which spatial position does not change with respect to time (this 

marker filters vertical bounce in the mannequin, caused by its suspension from a bar at 

the right waist.) Marker 1 serves as the dynamic reference marker, which is never 

occluded from the camera’s view and is used to align gait cycles. Therefore, along with 

Marker 0, other markers use this marker as a reference point in 3D space. On the stretch 

pants, an array of 7 sensors, 6 inches long were stitched to the front of the knee and array 

of 9 sensors, 10 inches long, ½ inch apart were stitched to the hip area. In order to 

analyze the larger hip area, longer and more sensors were stitched to the hip. 
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5.3.2. Results 

 Unlike the sensors which achieves tight coupling to the body with straps, 

adhesives or a skin-tight garment, loose forms of clothing cannot achieve similar 

mechanical coupling. Poor mechanical coupling results in movement or slippage of the 

sensor which may generate inconsistency in the sensor signal. Therefore, in this section, 

following the study of error analysis on denim jeans different types errors of the 

positioning, drift and donning/doffing error is described [100, 101, 102]. In order to deal 

with such issues, redundant sensors have been explored as a means to improve accuracy 

in a noisy sensors configuration [100]. With the analysis described in section 5.3.2, 

sensor selection was done from the array of sensors (see Figure 5-3) was used to select a 

single sensor which generated the maximum response. 

 

5.3.2.1. Movement Error  

 Dunne et al. have performed error tests to explore how much and in what way the 

garment moves relative to the body during body movement [101]. In their study, 

movement error was detected by identifying the difference in 3D spatial position between 

the sensor and a corresponding body location. Movement error analysis on the 

mannequin’s base body suit was performed and a heat map was generated. They showed 

that depending on the location of the body it moved between 1 mm to 8mm (see Figure 5-

5), with the maximum movement occurring at the mannequin’s shoulder and hip [101].  

More loosely-fitted pants, i.e. jeans, were also studied. Studies showed that 

movement of 15 – 111mm were observed (see Figure 5-6). Similar to the skin-tight body 

suit, maximum movement error occurred at the hip area. [101]. 
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Figure 5-5: Heat map representing the movement of the skin-tight suit (in mm) [101] 

 

Figure 5-6: Heat map representing the movement of the jeans (movement in mm) [101] 
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For this study with the stretch pants which is worn over the skin-tight body suit, 

above mentioned values act as lower and upper bound for the garment movement. 

Therefore, it was decided that the sensors stitched to the stretch pants should not be more 

than 0.5 inch (11 mm) apart to capture the effects of the movement of the stretch pants 

(see Figure 5-3). Sensors were labeled from 1 to 9 from left to right. In the figures below, 

sensor responses from Figure 5-3 are shown in Figure 5-7. Figure 5-7 (a) is from sensor 1, 

(b) is from sensor 5, (c) is from sensor 9, and (d) corresponds to recordings from sensor 7. 

Using this information, the sensor with optimal response (sensor 5) was selected from the 

sensor array configuration to model sensor response discussed in the following sections.  
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   (a) 

          

   
   (b) 

 

Figure 5-7: (a) recording from sensor 1 in Figure 5-3(a). (d) recordings from sensor 5 

in Figure 5-3(a). (c) recordings from sensor 9 in Figure 5-3(a). (d) recordings from 

sensor 7 in Figure 5-3(a).  

 

100 200 300 400 500
140

145

150

155

160

165

170

175

180

Samples

R
e

s
is

ta
n

c
e

 (
O

h
m

)

Sensor Response

100 200 300 400 500
140

145

150

155

160

165

170

175

180
Sensor Response

R
e

s
is

ta
n

c
e

 (
O

h
m

)

Samples



- 105 - 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
   (c) 

 

 
   (d) 

 

Figure 5-7 Cont’d: Shortest sensor in (d) gives minimum response. According to 

the figure, sensor 9 in (c) shows largest response but this is due to the folding of the 

sensor where the sensor lower half of the sensor touches itself causing the overall 

resistance to decrease during the recovery stage of the leg movement.  

 

100 200 300 400 500
90

100

110

120

130

140

150

160

Samples

R
e
s
is

ta
n

c
e
 (

O
h

m
)

Sensor Response

0 100 200 300 400 500
50

55

60

65

70

75

80

85

90

Samples

R
e
s
is

tn
a
c
e
 (

O
h

m
)

Sensor Response



- 106 - 

5.3.2.2. Drift Error  

 An interesting observation was the notion of an error, which is called, drift error 

[102]. Once the mannequin begins to run, the sensor readings show a drift in values. This 

error reflects the movement of the pants as well as the stitched sensors as they settle and 

conform to the body and the movement of the mannequin. It also shows that the pants are 

slowly pulled down with movement due to gravity and friction with the body. Drift error 

decreases and settles in several cycles with the increase of the experiment runs as the 

pants settle in. In a study, error analysis was performed on trousers made from different 

denim fabrics, evaluating movement in different body locations [102]. They showed that 

the average drift of different fabrics was between 0.8 mm to 4.6 mm. It was also noted 

that between the different markers placed on the pants, the displacement ranged from 0.8 

mm to 20 mm.  

Drift error on the stretch pants was less severe as it stays closer to the body. A 

lighter and flexible fabric is more likely to buckle and may be less likely to maintain a 

consistent garment shape, quickly conforming and settling down on the body. Also, due 

to the lycra content and loosely fit lighter fabric, the drift is not as significant as the jeans 

in the previous study. It was shown that the loose clothing showed less drift error and 

stabilizes after 2 or 3 gait cycles. Loose garments created less friction between the body 

and therefore would cause smaller drift error. 
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5.3.2.3 Donning / Doffing Error 

 In this section, we present the effect of variability of sensor positioning error due 

to donning and doffing to evaluate the sensor accuracy of a garment integrated stretch 

sensor used to measure joint angle of the knee and hip. Donning and doffing produces 

different location of the sensors. In this study, 5 consecutive trials of donning and doffing 

were tested. For each trial, 10 consecutive running gait cycles were recorded with 

VICON. Resistance change was also recorded with the DMM used in the previous study. 

The first trial was used as the reference and restiance values from 4 other trials were 

aligned with the the first trial for comparison.  

Figures 5-8 and 5-9 show the response from the knee and the hip which includes 

all the error mentioned previously. Due to the joint size difference between the knee and 

the hip, more response is generated from the hip compared to the knee. It should also be 

noted that the shorter sensor length on the knee creates a different resistance response 

compared to the hip which can be confirmed from the figures 

Variability in the sensor output due to initial placement of the pants were studied 

and showed that error in the sensor was approximately between 8 – 10 degrees. Also, as 

seen in the previous movement error analysis, the hip area showed more error due to 

more movement. 
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     (a) 

 

 

     (b) 

 

Figure 5-8. Sensor response for the knee stretch sensor. (a) sensor response shown in 

ohms (b) normalized sensor response. Figures show excellent consistency between trials. 
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     (a) 

 

 

     (b) 

 

Figure 5-9. Sensor response for the hip stretch sensor. (a) sensor response shown in ohms 

(b) normalized sensor response. Figures show excellent consistency between trials. 
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5.3.3 Knee and Hip Sensor Characterization 

In this section, we discuss the model used to characterize the stitched sensors on 

the stretch pants. From the data collected from VICON, we calculated 2 separate lines 

passing through 3 reflective markers. That is, the line passing through marker 1 and 

marker 2 creates line 1 while line 2 passes through marker 2 and marker 3. It then 

calculates the angle between the 2 lines. Knee flexion and extension phases were found 

after alignment with the reference angle calculated from VICON captures. Internal 

VICON function called “angle between three points” was used to compute the angle 

estimates.  5 trials of 15 cycles of mannequin movement were recorded in which the 1st 

trial was used to create a model and the next 4 trials were used to compare to the model. 

The model is found by solving the curve fitting problem in the least squares sense. Model 

parameter was tested and we chose the polynomial degree equal to 4 for both flexion and 

extension phases (see figure 5-10) which error is minimized. We used an error calculation 

in which for each data point the difference between the bend angle predicted by the 

model and the reference bend angle for the trial that is acquired from the VICON 

function. The difference in the bend angle is the error to compare sensor response. This 

approach models a real-world scenario in which the sensor response is calibrated based 

on a calibration routine and subsequent movements are measured using the model.    

  Similar testing was performed for the hip sensors. The model for the Hip sensor 

was found by solving the curve fitting problem in the least squares sense. Model 

parameter was tested and chose the polynomial degree equal to 4 for both flexion and 

extension phases for comparison against the knee. (see Figure 5-11). As shown in 

previous section, more error is noticed around the hip joint. 
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As previously discussed, due to the complex movement of the hip compared to 

the knee, we were able to observe more angle error in the hip sensors. Nevertheless e-

textile sensors enable the best practical approach to providing comfortable, long term 

body sensing through everyday clothes. It minimizes the invasive and bulky devices 

required in traditional electronic sensing, allowing the true sense of long term monitoring 

to be possible. 

 

    

Figure 5-10. Standard error plot against different polynomial degree for Knee Flexion 

and Extension 
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Figure 5-11.  Standard error plot against different polynomial degree for Hip  

 

 

 As it can be seen from the figures below, the model created from the data shows 

how well the model fits subsequently-collected data points. Tables 5-1 and 5-2 shows the 

angle error between the VICON generated “Reference Angle” and estimated angle from 

resistance values. In Tables 5-1 and 5-2, more error is observed from the hip joint. This is 

expected as our earlier studies show that most of the observed positioning and movement 

error occurs around the hip joint. Another important factor to note is due to the shape of 

the hip joint on the mannequin. Unlike the human hip, it is segmented into 2 regions, 

localizing the surface elongation into one place rather than spreading it over the entire 

surface as in the human body, causing the line approximation to be less perfect compared 

to the knee. 
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Figure 5-12. Recovery curves of the knee movement and model respective to resistance 

 

 

Figure 5-13. Extension curves of the knee movement and model respective to resistance 
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Figure 5-14. Knee movement trajectory with respect to movement angles and resistance 

 

In Table 5-1, we show the variation in the angle estimation error in different trials which 

originates from the different sensor location while donning and doffing. The error shows 

the range of expected variation in angle estimation in the real world activity detection. 

 

Table 5-1. Knee angle movement error: Difference between the reference (true) angle 

obtained from VICON and modeled angle from resistance 

   

 

 

 

 

 

 

 

Trials 

Knee Angle Estimation Error 

Resistance [Ohm]  

1 
Flexion = 9.50° 

Extension = 13.12° 

2 
Flexion = 15.09° 

Extension = 10.55° 

3 
Flexion = 4.91° 

Extension = 7.43° 

4 
Flexion = 5.08° 

Extension = 5.92° 
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Figure 5-15. Recovery curves of the hip movement and model respective to resistance 

 

 

Figure 5-16. Extension curves of the hip movement and model respective to resistance 
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Figure 5-17. Hip movement trajectory with respect to movement angles and resistance 

 

In Table 5-2, we show the variation in the angle estimation error in different trials which 

originates from the different sensor location while donning and doffing. The error shows 

the range of expected variation in angle estimation in the real world activity detection. 

 

Table 5-2. Hip angle movement error: Difference between the reference (true) angle 

obtained from VICON and modeled angle from resistance 

 

 

 

 

 

 

Trials 

Hip Angle Estimation Error 

Resistance [Ohm] case 

1 
Flexion = 8.06° 

Extension = 11.17° 

2 
Flexion = 7.78° 

Extension = 4.73° 

3 
Flexion = 8.67° 

Extension = 4.73° 

4 
Flexion = 9.63° 

Extension = 5.10° 



- 117 - 

The above result sets an expectation of aggregated error due to positioning, drift 

and donning/doffing across different trials of data collection. This means that for activity 

detection, there would be a lower bound of resistance values where discrimination of 

different postures would not be feasible. In the next section, we show how this result 

affects in a posture detection application. 

 

5.4 Body Posture Detection via Sensor Integrated Clothing 

In previous sections, we explored and characterized the performance and the 

potential for stitched sensors on pants for joint movement analysis and characterization in 

order to understand the error in garment-integrated sensing that may affect activity 

recognition. In this section, we discuss and analyze the application of the stitched stretch 

sensor for the prevention of posture related injuries. According to a recent document, a 

news release from the Bureau of Labor Statistics by the U.S. Department of Labor, the 

most common workplace injuries were related to “overexertion in lifting or lowering” 

and back injuries were by far the most common injuries.  

 

Figure 5-18: Statistics from a work related injury. Back injuries are the most common 

form of injury in a workspace in U.S. [104] 
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Back injuries occur due to the amount of force that is applied to the back when 

lifting objects with bad posture. When a person bends to pick up an object, the back acts 

as a lever, while the legs acts as the fulcrum. Therefore, when the fulcrum moves to the 

end it takes 10 times more force to life the objects. As an example, when lifting a 10 

pound object, you are actually lifting 110 pounds including the weight of average human 

torso. Now, with the fulcrum at the other end of the lever, one could easily put 1100 

pounds of pressure on your lower back. Given such fact, repetitive lifting and bending 

can cause back injuries.  

Therefore, we present a solution to automatically assist workers to reduce the 

injury in the workplace. Many workers working in the industry that involve heavy lifting 

wear what is known as a coverall, a loose form of clothing that acts as a simple protective 

barrier, worn over their outdoor clothes. We target to design a low cost wearable platform, 

to monitor postures and prevent injuries, that could be easily worn and be disposable.  

Therefore, an array of sensors was stitched to the knee and hip area to record the 

amount of bend on the sensors. Each array consists of 6 sensors, with the sensor length of 

9 inches (see Figure 5-19). For each individual, during the initial training, we recorded 

sensor readings from the entire array of stitched sensors and processed readings to 

determine the sensor with maximum range from a subject’s data.   

There were several issues that we noticed while developing the smart posture 

detection system on the coverall. We noticed new issues that we did not observe while 

testing the stitch sensor on the stretch pants. Firstly, similar to the baggy jeans, the 

coverall does not fit the user tightly as the stretch pants do. Secondly, coveralls are more 

generically fit and come only in standard S, M, and L type of sizes. Therefore, depending  
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(a) 

 

 
(b) 

 

Figure 5-19.  Stretch sensor array sensors on the coverall. (a) Sensor array on the knee 

(b) Sensor array on the hip 
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on the size of the coverall and the level of fitness, sensors fall in vastly different body 

locations, creating different resistance readings for the subject. It was also noticed that 

due to the differences in a subject’s body shape, a sensor that showed maximum response 

in one subject did not show maximum response in other subjects.  

In the following sections, we describe the data that we collected to design and test 

the system and explain the classification procedure we have established in previous 

chapters. The data collected from two different joints, i.e. knee and hip, was used to 

detect lower body posture for lifting posture.  

 

5.4.1 Experiment Development and Results 

We have recorded data from 6 subjects for both knee and hip joints. Due to the 

limitation of the recording system, each subject was asked to lift a moderately heavy box 

with good and bad postures for each knee and hip recording. Also due to the injurious 

behavior of this test, each subject was asked only to repeat 10 times for each posture. 

They were asked to do equal number of good postures (Squat) and bad postures (Bend). 

For the experiment, they were asked to repeat stand – squat – stand – bend – stand 

procedure with 6 a second delay for each of the posture. Other activities include walking 

and running. Table 5-3 shows the number of trials per subject for the lifting task. 

 

5.4.2. Results 

Because the garment is very loosely fitted and the fabric of the coverall is very 

thin, if the subject were to stand with straightened joints, the sensors may not also be in a 

straight position -- it does not mean that the fabric will fall smoothly as it might in stiffer 
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                  Table 5-3.  Available trials 

Activity Stand Squat Bend OAct 

Subject 1 20 20 20 20 

Subject 2 10 10 10 10 

Subject 3 10 10 10 10 

Subject 4 13 13 13 11 

Subject 5 10 10 10 0 

Subject 6 10 10 10 0 

 

garments or skin-tight clothes, making it difficult to have good representative data for 

each posture across the subjects. In Table 5-4, we see the value range for each of the 

postures. Especially there exists significant overlap between the bend and stand postures. 

 

 

Figure 5-20. Example waveform of the knee and hip sensor response for stand, squat 

(good lifting posture), and bend (bad lifting posture). 
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(a) 

 

(b) 
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           Table 5-4.  Sample resistance value range 

Subject Activity Stand Squat Bend 

1 
Knee 100 – 120 70 - 90 90 – 110 

Hip 110 - 140 50 - 70 90 – 120 

2 
Knee 105 - 125 85 - 105 100 – 120 

Hip 115 - 140 40 - 95 85 – 110 

3 
Knee 105 – 125 85 - 105 100 – 120 

Hip 110 - 140 90 – 110 100 – 120 

4 
Knee 105 – 130 80 – 100 100 - 120 

Hip 120 – 140 80 – 100 100 – 120 

 

 

(c) 

Figure 5-21 Coverall fitness issues shown (a) sensors not correctly in line with knee – 

leg (b) sensors not in a straight position with the leg (c) sensor array remains bent after 

standing up from a squat 
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           Table 5-5.  Classification accuracy for posture detection 

 OA Stand Squat Bend 

Accuracy 97 % 81%  87% 73% 

 

As can be seen from Table 5-4, the values overlap across subjects and between 

the stand and bend postures. But, there exists a good distinction of good lifting posture. 

Therefore, although it may be difficult to “warn” when a poor posture is detected, the 

system can be designed to find good postures and generate a reward as opposed to 

providing a warning. We believe that generating a positive reward system can similarly 

tell the subject that he/she needs to squat down more before the object can be lifted up.   

We have used the same GMM model and sequential detector structure used in 

chapter 3 for classification. Due to the dominant DC component values in the sensor 

readings, signals with noisy behavior such as walking and running were well clustered 

within the model. But, as mentioned earlier, overlapping DC values in the data played 

negatively to the classification results (see Table 5-5). In order to enhance the classifier 

performance, additional data needed to be observed. The orientation of the upper body 

also changes when lifting objects, therefore addition of an inertial sensor was sought. 

Sensor fusion and data fusion of 2 different sensing modalities was performed as was 

done in previous chapters and a preliminary study has been performed on 2 subjects. The 

inertial sensor used only the DC values and binary classifier of 45% bend or more, which 

showed an enhanced classification rate opposed to the lower body sensing. The inertial 

sensor used only the DC values and binary classifier of 45% bend or more.  More 

thorough experiment must be conducted to validate the claim. But, with the addition of 

the inertial sensor, the classifier was able to detect with high accuracy as shown in Table 

5-6.  
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           Table 5-6.  Classification accuracy for posture detection for Subject 1 and 2 

 OA Stand Squat Bend 

Accuracy 97 % 98%  97% 99% 

 

Results showed an enhanced classification rate opposed to the lower body sensing 

only. However, more thorough experiments must be conducted to fully validate this claim. 

 

 

 

 

Figure 5-22. Classifier and sequential detector output for the continuous postures for 

good and bad lifting postures. It demonstrates that the classifier can detect good postures 

during daily work  
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5.4.3 Discussion 

The classification result shown in Table 5-6 is a preliminary results from 2 

subjects. But, the upper body positioning coupled with the garment integrated sensing to 

detect postures would not be much different from one person to another and we expect 

that our system would be able to detect good lifting postures from the bad. One other 

aspect to consider is that the experiment was performed in a controlled scenario 

exercising finite number of activities. This is especially true since many different 

scenarios could occur in a real workplace causing a person to bend or move their upper 

body. Depending on the work place, different postures may act as a dominant posture. 

For example, in an office setting, more sedentary postures may be dominant with 

frequent leaning of the torso. Such factors must be incorporated into the design when 

developing the posture detection system.  

In order to validate the claim, the experiment needs to be extended to include all 

the subjects in the study and results must be evaluated. Also, additional data needs to be 

collected from more subjects to extend the data size.  

But, this study also shows that the addition of a different sensing modality can 

bring added information to a classifier to improve its classification accuracy. The 

downside of this system is that the augmented sensing module requires an attachment to 

the subject’s upper body, which can be very invasive when worn for a long time. 

However, this strap-on module could be attached to or placed on the garment and also 

serve as the processing unit for the sensors stitched to the disposable coverall, such as a 

mobile phone with inertial sensor, allowing the coverall itself to remain disposable. 
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Currently sensing of joint positions is performed only on the lower body. But, 

during lifting postures, both arms are extended. Therefore, additional sensors to detect 

position of the shoulder or stretching of the garment around the shoulders would be able 

to enhance the classification accuracy of the system and with the added sensing capability 

we may be able to create a subject independent classifier. 

 

5.5 Conclusions and Future Work 

 Although there is a great interest in the development of wearable sensing, not 

much attention has been given to textile based sensing. Only recently, garment based 

sensing has gained popularity. While it is widely acknowledged that movement, 

positioning and drift of the sensors on the body can be critical to accuracy of the sensing 

capability not much research has been conducted in the area to understand the variables 

and underlying causes that contribute to this kind of error. Two types of error, movement 

and drift error have been analyzed similar to the previous work of Dunne and Gioberto. 

The influence of these types of errors did impact the posture detection. Thus far, error 

analysis have been implemented and tested on the mannequin. But, it would be 

interesting to see if the same behavior would hold for human subjects.  

In this chapter, we first showed that resistance variation of the stretch sensor on 

the garment can be used to model the amount of bend/motion on the lower body joint. 

We then showed that the stretch sensor could be used for posture detection. Finally, we 

showed that the sensors can be placed in an intelligent way to accommodate the 

difference in body size and clothes sizes to circumvent the positioning, movement and 

drift errors. We placed an array of sensors to collect multichannel data. Finally, we 
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showed that intelligent sensor and data fusion can be coupled with the garment based 

sensing to improve the classification accuracy of a posture detection system.  

We believe that by moving from strap on type of sensors to the e-textile based 

sensing modality, we can improve the comfort level of the person allowing for true long 

term monitoring of activities and maybe for extension of long-term monitoring to 

biomedical and physiological monitoring as well. 
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Chapter 6  

Conclusions and Future Research 

Direction 

 

 The work presented in thesis other than Chapter 5 were initiated and developed in 

2006 – 2010. Therefore, no mention or comparisons are included with more recent 

approaches and development. 

 

6.1 Conclusions 

In this thesis we presented new methods and overall system architecture to 

continuously recognize the activities of behavioral patterns. Integration of In-home fixed 

sensors and wireless wearable sensors was performed to intelligently localize the location 

of the subject in a room and detect the activities performed for early morning. In a 

controlled experiment setting, Gaussian Mixture Model with a Sequential Classifier was 

integrated to classify the different early morning activities in the bathroom. A mechanism 

for a potential feedback is possible through the sequential classifier to inform completion 

or incompletion of the executing task. 
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The system was then extended to detect behavioral markers of autistic children 

that exhibit repetitive behaviors using wearable wireless accelerometer sensors and 

audio/video sensors. The system was used to detect hand/arm and body motions. We 

presented a method to characterize the stereotypical movements and dictionary design 

methods based on LPC and HOS algorithm to detect and update dictionary dynamically 

based on the characteristics of the incoming data. This would enable the system to 

automatically adapt to the behavioral patterns of the subject which in turn maybe used to 

characterize and categorize the subjects based on their behavioral patterns.  

Although the actions of stereotypy and SIB are quite consistent within a subject, 

there is a great variability among subjects. Also, within a subject, one stereotypy may 

disappear but another stereotypy or SIB may develop, with an intervention or therapy. 

Therefore, it is critical for behavior detection and monitoring system has the capability of 

unsupervised learning of the data to detect novel events. We took a non-parametric 

approach to novel event detection which learns the characteristics from the data observed. 

We therefore keep simple time domain statistics such as mean, variance, energy, number 

of zero-crossings to track incoming signal for repetition of any event.  And, by capturing 

higher order statistic value changes, we update the dictionary.  

There is an outstanding task of enrolling more patients and also studying further 

fusion of audio and accelerometer data to understand the interaction between the patient 

and its surroundings to improve the classification accuracy. Due to the potential privacy 

issues, video will serve as a means to provide ground truth. But, there is no question that 

fusing video would provide another dimension in understanding their behaviors. 

We have shown that both accelerometer based wrist sensor and body sensors can 
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provide information regarding their self-stimulatory behaviors and we were able to use 

detect them for detecting stereotypy such as rocking and flapping and SIB patterns such 

as punching face and hitting legs. Using the results from this study, our contribution was;  

 

1. Provided an unbiased objective measure to detect amount of self-stimulatory 

behavior autistic children exhibited  

2. Provided a study results on using unsupervised methods to detect stereotypy 

and SIB patterns.  

 

We believe this allows system to be adapted to users which accommodate all 

different motions ASD patients exhibit. This information combined with audio/video 

recordings would also provide us with information on what triggers the self-stimulatory 

patterns for the autistic children and how the intervention strategies could be designed to 

best suit an individual. In addition, our capability to generate alarm or immediate 

intervention based on the detection of the stereotypy and SIB greatly benefits the users of 

the system. Therefore, through this study, we have opened up a possibility for real time 

monitoring and intervention system. 

 Finally, a different sensing platform was investigated to enhance the wearability 

and comfort level of the user for long term monitoring. We showed that using an array of 

stitched stretch sensors on every day wear is feasible and demonstrated its potential for 

activity detection. We also showed that using a combination of different platforms to 

complement sensing modalities can be beneficial to the improving the classification 

accuracy of the system.  
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6.2 Future Research Direction 

 Wearable computing and machine learning is a very rich area of research and in 

this thesis we have shown that there exists very exciting areas for research in this field. It 

reaches into an area of novel sensing platform, communication and networking of the 

sensors, and algorithm development from the data acquired from the platforms. 

 

6.2.1 Algorithm Development for Garment Based Wearable Sensing 

 

 In this thesis, the algorithm developed in chapters 3 and 4 were used to detect 

body postures in garment based sensing. With the addition of multichannel and 

multimode data, an influx of data is expected. To handle the vast amount of data, 

algorithms to mimic DNA sequence detection will be investigated. 

  

1. The sensor values will be quantized to create motifs. The motifs will act as a 

dictionary and the system will focus on motif discovery. This could be of 

interest due to the fact that the signal of interest in ADL and stereotypies in 

ASD, have pseudo-periodic nature.  

2. Motif discovery can also be extended to the activity sensing in garment based 

wearable sensing as it analyzes patterns in the movement of the joints. 
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6.2.2. Explore Sparse Representation and Subspace Clustering 

Algorithm Development for Garment Based Wearable Sensing 

 

Previous investigation of a use of sparse representation with subspace learning 

and clustering methods for the applications in chapters 3 and 4 but it did not deliver any 

improvement over the GMM-sequential classifier especially with respect to 

computational load. Improvements can be studied in the following areas: 

 

1. Improvement of computational load: The main computational bottleneck was 

in dictionary orthogonalization step in the Orthogonal Least Squares (OLS) 

sparse coding algorithm.  

2. With the high dimensional spaces, we may have many subspaces that need to 

be optimized, tracked and updated to incorporate new data. Especially to 

incorporate on-line learning of the data for novel event or anomaly detection. 

 

 

6.2.3 Wearable Sensing Platform 

The current sensor system does not include on-garment processing, and therefore 

can only record single trials of data using a DMM, a significant limitation. An 

implementation of a single board to transmit multichannel data from various nodes to the 

base station can greatly reduce handling the data and complexity in wearable sensing. To 

improve data collection process and classification accuracy, following steps are proposed: 
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1. With the expansion of the sensors to multiple joints, effects of sensor 

positioning, drift, donning and doffing related to different joints must be 

evaluated to model the movement. 

2. The current sensing is performed only on the lower body. But, during the 

lifting posture, both arms are extended. Therefore, additional sensors to detect 

stretch on the shoulder would be able to enhance the detection rate and we 

may be able to create a subject independent classifier. 

3. Develop and expand the current stretch sensing platform to multiple joints on 

the body and create a single wireless platform to send multichannel data from 

the stretch sensor from the garment.   

4. Develop methods to collect data from the array of sensors to rank and sort to 

find correlation and extract meaningful information from multiple arrays of 

sensors 

 

With the construction of loose form clothing, there is a potential for further study 

with the ASD patients. It is significant that that the sensors could be woven into their 

everyday clothes, fully transparent and unrecognizable to the children with autism. This 

is partially due to the fact that the spectrum of autism so wide that some patients cannot 

tolerate any form of tight coupling of an object to their body, while some enjoys the 

compression on the body. Such form of wearable sensing would open the horizon for new 

sensing and understanding of behavioral markers. However, while ASD patients may be 

an extreme case for the effects of clothing discomfort, it affects all humans in more subtle 

ways. Following the principles of universal design, solving the problem of wearability in 

activity monitoring can benefit everyone.  



- 135 - 

Bibliography 

 

[1]   Duda and Hart, “Pattern Classification”, Wiley-Interscience, 2000 

[2]  C. Bishop, “Pattern Recognition and Machine Learning”, Springer, 2007 

[3]  T. Mitchell, “Machine Learning”, McGraw-Hill, 1999 

[4]  D. Saha and A. Mukherjee, “Pervasive computing: A Paradigm for the 21st Century”, 

 Computer, vol. 36, no.3, pp. 25-31, Mar. 2003 

[5] T. Martin, E. Jovanov, D. Raskovic, “Issues in Wearable Computing for Medical 

Monitoring Applications: A Case Study of a Wearable ECG Monitoring Device”, Proc of 

The International Symposium on Wearable Computers ISWC Atlanta, 43-50, Georgia 

2000 

[6] Mendoza G.G., Tran B.Q., “In-home wireless monitoring of physiological data for heart 

failure patients”, Proceedings of second joint EMBS/BMES Congress Texas Houston 

USA, 2002 

[7] Montgomery K., Mundt C., Thonier G., Tellier A., Udoh U., Barker V., Ricks R., 

Giovangrandi L., Davies P., Cagle Y., Swain J., Hines J., Kovacs G., “Lifeguard- A 

Personal Physiological Monitor For Extreme Environments”, IEEE Engineering in 

Medicine and Biology Society, EMBC 2004. Conference Proceedings, page(s):2192 - 

2195 Vol.3, 2004 

[8] D. Gao, M. Greenspan, R. Welsh, A. Juang, and A. Alm , ”Vital Signs Monitoring and 

Patient Tracking Over a Wireless Network”, In Proceedings of the 27th Annual 

International Conference of the IEEE EMBS, Shanghai, September 2005 

[9] C. Bouten, K. Westerterp, M. Verduin and J. Janssen, “A Triaxial Accelerometer and 

Portable Data Processing Unit for the Assessment of Daily Physical Activity ”, IEEE 

Transactions on Biomedical Engineering, vol. 44, Issue 3, March page(s):136 – 147, 

1997 

[10] B. Najafi, K. Aminian, A. Paraschiv-Ionescu, F. Loew, C. Büla and P. Robert, 

“Ambulatory System for Human Motion Analysis Using a Kinematic Sensor: Monitoring 

of Daily Physical Activity in the Elderly “,IEEE Trans. on Biomed. Eng, vol. 50, no. 6, 

June 2003 

[11] S. Lee, K. Mase, "Activity and Location Recognition Using Wearable Sensors,"  IEEE 

Pervasive Computing, vol.1, no.3, pp. 24-32, Jul-Sept, 2002 

[12] Y. Jang, M. Jung, J. Kang, and H. Kim, “An Wearable Energy Expenditure Analysis 

System based on the 15-channel Whole-body Segment Acceleration Measurement”, 

Proceedings of the 2005 IEEE Engineering in Medicine and Biology 27th Annual 

Conference Shanghai, China, September 1-4, 2005 

[13] J. Parkka, M. Ermes, P. Korpipaa, J. Mantyjarvi, J. Peltola, and I. Korhonen, 

“Classification Using Realistic Data From Wearable Sensors”, IEEE Trans. on Info. Tech. 

in Biomed., vol. 10, no. 1, Jan. 2006 



- 136 - 

[14] D. Sherrill, M. Moy, J. Reilly and P. Bonato, “Using Hierarchical Clustering Methods to 

Classify Motor Activities of COPD Patients from Wearable Sensor Data”, Journal of 

NeuroEngineering and Rehabilitation, 2:16, 2005 

[15] K. Ouchi, T. Suzuki, and M. Doi, “LifeMinder: A Wearable Healthcare Support System 

Using User’s Context”, Proceedings of the 22 nd International Conference on Distributed 

Computing Systems Workshops (ICDCSW’02), 2002 

[16] K. Lorincz, D. Malan, T. Fulford-Jones, A. Nawoj, A. Clavel, V. Shnayder, G. Mainland, 

S. Moulton, and M. Welsh, “Sensor Networks for Emergency Response: Challenges and 

Opportunities”, In IEEE Pervasive Computing, Special Issue on Pervasive Computing for 

First Response, Oct-Dec 2004 

[17] E. Jovanov, A. Milenkovic, C. Otto and P. Groen, “A Wireless Body Area Network of 

Intelligent Motion Sensors for Computer Assisted Physical Rehabilitation, Journal of 

NeuroEngineering and Rehabilitation, 2:6, 2005 

[18] V. Shnayder, B. Chen, K. Lorincz, R. Thaddeus, F. Fulford Jones, and M. Welsh, “Sensor 

Networks for Medical Care”, Harvard University Technical Report TR-08-05, April 2005. 

[19] P. Veltink, H. Bussmann, W. Vries, W. Martens and R. Lummel, “Detection of Static and 

Dynamic Activities Using Uniaxial Accelerometers”, IEEE Trans. on Rehabil. Eng., vol. 

4, no. 4, Dec 1996 

[20] A. Makikawa, S. Asajima, K. Shibuya, R. Tokue, H. Shinohara, “Portable physical 

activity monitoring system for the evaluation of activity of the aged in daily life”, 24th 

Annual Conference of the Biomedical Engineering Society EMBS/BMES, 2002 

[21] S. Nawab, S.H. Roy, S.H. De Luca, C.J. “Functional Activity Monitoring from Wearable 

Sensor Data”, IEEE 26th EMBC Conference Proceedings, 2004 

[22] M. Madsen, R. el Kaliouby, M. Goodwin, R. W. Picard, “Technology for just-in-time in-

situ learning of facial affect for persons diagnosed with an autism spectrum disorder”, 

Proc. of the 10th ACM Conf. on Computers and Accessibility, Halifax, Canada, Oct. 13 -

15, 2008.  

[23] R. El Kaliouby, R. Picard, and S. Baron-Cohen, "Affective computing and autism," 

Progress in Convergence. Eds. W. S. Bainbridge and M. C. Roco, Annals of the New 

York Academy of Sciences 1093, pp. 228-248 

[24] A. Teeters, R. El Kaliouby, M. Goodwin, M. Shandell, and R. Picard, "Novel Wearable 

Apparatus for Quantifying and Reliably Measuring Social-Emotional Expression 

Recognition in Natural Face-to-Face Interaction," Poster at International Meeting for 

Autism Research (IMFAR), May 15-17, 2008, London, UK 

[25] R. W. Picard, “Affective Computing”, MIT Press, 1997 

[26] R. W. Picard, E. Vyzas, J. Healy, “Toward machine emotional intelligence: analysis of 

affective physiological state”, IEEE Transactions on Pattern Analysis and Machine 

Intelligence, vol. 23, no. 10, 2001, pp. 1175-1191. 

[27] C. Lee, R. Morris, M. Goodwin, and R. Picard, "Lessons Learned from a Pilot Study 

Quantifying Face Contact and Skin Conductance in Teens with Asperger Syndrome," 

Work-In- Progress in the Extended Abstract of CHI 2008, April 5-10, 2008, Florence, 

Italy 



- 137 - 

[28] B. Logan, J. Healy, M. Philipose, E. M. Tapia, S. Intille, “A Long-Term Evaluation of 

Sensing Modalities for Activity Recognition”, Lecture Notes in Computer Science: 

UbiComp 2007: Ubiquitous Computing, vol. 4721, 2007, pp. 483-500. 

[29] J. Lester, T. Choudhury, G. Borrieloo, and S. Consolvo, “Sensing and modeling activities 

to support physical fitness”, Ubiquitous Computing 2005 (UbiComp ’05) Workshop, 

position paper, Sep. 11th, 2005, Tokyo, Japan. 

[30] D. M. Karantonis, M. R. Narayanan, M. Mathie, N. H. Lovell, B. G. Celler, , 

"Implementation of a real-time human movement classifier using a triaxial accelerometer 

for ambulatory monitoring," , IEEE Trans. on Information Technology in Biomedicine, 

vol.10, no.1, pp.156-167, Jan. 2006 

[31] N. F. Ince, C.-H. Min and A. H. Tewfik, “Integration of wearable wireless sensors and 

static home sensors to monitor the activities of daily living”, IEEE EMB MDBS 

Symposium, 2006, MIT, Boston, MA. 

[32] C.-H. Min, N. F. Ince and A. H. Tewfik, “Generalization capability of wearable early 

morning activity detection system”, 15th European Signal Processing Conference, 2007, 

Sep. 3-7. Poznan, Poland 

[33] C.-H. Min, N. F. Ince and A. H. Tewfik, “Early morning activity detection using 

acoustics and wearable wireless sensors”, 16th European Signal Processing Conference, 

EUSIPCO 2008, Lausanne, Switzerland, Aug. 25-29, 2008 

[34] C.-H. Min, N. F. Ince, A. H. Tewfik, "Classification of continuously executed early 

morning activities using wearable wireless sensors," Engineering in Medicine and 

Biology Society, 2008. EMBS 2008. 30th Annual International Conference of the IEEE , 

vol., no., pp.5192-5195, Aug. 20-25, 2008 

[35] T. Westeyn, K. Vadas, X. Bian, T. Starner and G. Abowd, “Recognizing Mimicked 

Autistic Self-Stimulatory Behaviors Using HMMs. Proceedings of the 2005 9th IEEE Int’l 

Symposium on Wearable Computers, 2005. 

[36] M. S. Goodwin, S. S. Intille, W. F. Velicer and J. Groden, “Sensor enabled detection of 

stereotypical motor movements in persons with autism spectrum disorder”, Proc. of the 

7th Int’l conference on Interaction Design and Children, Chicago, IL, USA, June 11-13, 

2008, pp. 109-112. 

[37] M. Bartlette, G. Littlewort, I. Fasel, and J. Movellan, “Real time face detection and facial 

expression recognition: development and applications to human computer interaction’, 

Computer Vision and Pattern Recognition Workshop, 2003, Madison, WI 

[38] C. Liu, K. Conn, N. Sarkar, and W. Stone, “Physiology-based affect recognition for 

computer-assisted intervention of children with autism spectrum disorder,”, Int. Journal. 

Human-Computer Studies, vol. 66, 2008, pp. 662-677. 

[39] C. Liu, P. Rani, and N. Sakar, “Human-robot interaction using affective cues”, Int. 

Symposium on Robot and Human Interactive Communication, Hatfield, UK, 2006. 

[40] C. Y. Trepagnier, M. M. Sebrechts, A. Finkelmeyer, W. Stewart, J. Woodford, and M. 

Coleman, “Stimulating social interaction to address deficits of autistic spectrum disorder 

in children”, Cyberpsychology and Behavior, vol 9. No. 2, 2006, pp. 213-217. 

[41] F. Albinali, M. Goodwin, and S. Intille, “Recognizing Stereotypical Motor Movements in 

the Laboratory and Classroom: A case Study With Children on the Autism Spectrum”, 

Proceedings of the 11th International Conference on Ubiquitous Computing, Orlando, 

FL,USA, Sep. 30 – Oct. 3, 2009, pp. 71-80.  



- 138 - 

[42] Center for Disease Control, http://www.cdc.gov/bcbddd/autism. 

[43] Autism Society of America, http://www.autism-society.org. 

[44] M. Sung, C. Marci and A. Pentland, “Wearable feedback systems for rehabilitation”, 

Journal of Neuro Engineering and Rehabilitation, 2:17, 2005 

[45] L. Bao, and S. Intille, "Activity recognition from user-annotated acceleration data," in 

Proceedings of Pervasive 2004, vol. LNCS 3001, A. Ferscha and F. Mattern, Eds. Berlin 

Heidelberg: Springer-Verlag, 2004, pp. 1-17 

[46] J. Stein J “Wearable sensor technology for functional assessment after stroke”. IEEE Eng. 

in Med. Biol. Mag., 22(3):26-27, 2003 

[47] D. Sherill, P. Bonato, M. May and J. Reily, “Accelerometer-based Measurement of 

Exercise and Mobility for Pulmonary Rehabilitation”, Proceedings of the IEEE 30th 

Annual Northeast Bioengineering Conference, Page(s):237 – 238,17-18 April, 2004 

[48] P. Bonato, D. Sherrill, D. Standaert, S. Salles and M. Akay, “Data Mining Techniques to 

Detect Motor Fluctuations in Parkinson's Disease”, 26th Annual International Conference 

of the IEEE Engineering in Medicine and Biology, vol. 2, 4766 – 4769, 2004 

[49] T. Hester, R. Hughes, D. Sherrill, B. Knorr, M. Akay M., J. Stein and P. Bonato, “Using 

Wearable Sensors to Measure Motor Abilities following Stroke”, Proceedings of the 

Intern. Workshop on Wearable and Implantable Body Sensor Networks, Boston, 2006 

[50] T. Tamura, T. Togawa, M. Ogawa and M. Yoda, “Fully automated health monitoring 

system in the home,” Med. Eng. Phys., vol. 20, no. 8, pp. 573-579, 1998 

[51] M. Ogawa and T. Togawa, “Monitoring Daily Activities and Behaviors at Home by 

Using Brief Sensors”, 1" Annual International IEEE-EMBS Special Topic Conference on 

Microtechnologies in Medicine & Biology, Lyon, France, October 12-14, 2000 

[52] B. Celler, W. Earnshaw, E. Ilsar, L. Betbeder-Matibet, M. Harris, R. Clark, T. Hesketh 

and N. Lovell, “Remote monitoring of health status of the elderly at home. A 

multidisciplinary project on aging at the University of New SouthWales,”Int. J. Bio-Med. 

Comp., vol. 40, pp. 147-155, 1995 

[53] T. Hori, Y. Nishida, H. Aizawa and N. Yamasi, “Networked Sensors for Monitoring 

Human Behavior”, Proceedings of IEEE International Symposium on Computational 

Intelligence in Robotics and Automation, Kobe, Japan, July 16-20, 2003 

[54] National Center for Injury Control and Prevention, 2006, 

http://www.cdc.gov/ncipc/tbi/TBI.htm. 

[55] Defense and Veterans Brain Injury Center (DVBIC) 

http://www.dvbic.org/cms.php?p=Blast_injury 

[56] E.  Finkelstein, P.  Corso, T.  Miller and Associates. The Incidence and Economic Burden 

of Injuries in the United States. New York (NY): Oxford University Press: 2006 

[57] J. A. Kientz, et al., “Abaris: Evaluating automated capture applied to structured autism 

interventions”, Proceedings of 7th International Conference on Ubiquitous Computing 

(Ubicomp ’05), Springer, 2005, pp. 323-339.            

[58] J. A. Kientz et. al., “From the war room to the living room: decision support for home-

based therapy teams,” Proc. 20th Anniversary Conf. Computer Supported Cooperative 

Work (CSCW 06), ACM Press, 2006, pp. 209-218. 

http://www.cdc.gov/bcbddd/autism
http://www.autism-society.org/
http://www.cdc.gov/ncipc/tbi/TBI.htm
http://www.dvbic.org/cms.php?p=Blast_injury


- 139 - 

[59] G. R. Hayes, et. al., “Experience Buffers: A socially appropriate, selective archiving tool 

for evidence-based care”, CHI 05 Extended Abstracts on Human Factors in Computing 

Systems, ACM Press, 2005, pp. 1435-1438. 

[60] G. R. Hayes et. al, “CareLog: A selective archiving tool for behavioral management in 

schools”, Tech. Report GIT-GVU-06-20, Georgia Inst. of Technology, 2006, pp. 1-10. 

[61] R. Levinson, “The Planning and Execution Assistant and Trainer”. Journal of Head 

Trauma Rehabilitation, April, Aspen Press, 1997 

[62] M. Pollack, “Planning technology for intelligent cognitive orthotics”. In Proc. of the 6th 

International Conference on Automated Planning and Scheduling, 2002 

[63] G. Baltus, D. Fox, F. Gemperle, J. Goetz, T. Hirsch, D. Margaritis, M. Montemerlo, J. 

Pineau, N. Roy, J. Schulte and S. Thrun, “Towards personal service robots for the 

elderly”. In Workshop on Interactive Robots and Entertainment, 2000 

[64] E. Mynatt, I. Essa, and W. Rogers, “Increasing the Opportunities for Aging in Place”, 

Proceedings Of ACM Conference on Universal Usability, 2000 

[65] Y. Huang, K. Englehart, B. Hudgins and A. Chan, “A Gaussian mixture model based 

classification scheme for myoelectric control of powered upper limb prostheses; IEEE 

Trans. on Biomed. Eng. ,vol. 52, Issue 11, Nov. 2005 

[66] D. Reynolds, “Robust text-independent speaker identification using Gaussian mixture 

speaker models,” IEEE Trans. Speech and Audio Processing., vol. 3, no. 1, Jan. 1995. 

[67] N. F. Ince, C.-H. Min, and A. Tewfik, “In-Home Assistive System for Traumatic Brain 

Injury Patients”, 32nd IEEE International Conference on Acoustics, Speech, and Signal 

Processing (ICASSP), April 15 - 20, Honolulu, Hawaii, USA, 2007 

[68] J. Lester, T. Choudhury, N. Kern, G. Borriello and B. Hannaford, “A Hybrid 

Discrimitive/Generative Approach for Modeling Human Activities”, International Joint 

Conference on Artificial Intelligence , pages 766–772, 2005 

[69] S. Rogers, “Interventions that Facilitate Socialization in Children with Autism”, Journal 

of Autism Developmental Disorders, vol. 30, no. 5, pp. 399-409. 2000 

[70]  H. Krim, S. Mallat, D. Donoho, and A. Wilsky, “Best Basis Algorithm for Signal 

Enhancement”, Proc. IEEE Conf on Acoustics, Speech and Signal Processing, ICASSP, 

Detroit, 1995, pp. 1561-1564 

[71]  S. Mallat and Z. Zhang, “Matching Pursuits with Time-Frequency Dictionaries”, IEEE 

Transactions on Signal Processing vol 41 1993 

[72]   L. Rabiner and B. Juang, “Fundamentals of Speech Recognition”, Prentice-Hall, 1993 

[73]  M. Wang, L. Lu, H. Zhang, “Repeating Pattern Discovery from Acoustic Musical 

Signals”, Proc. ICME 2004 

[74]    W. Sethares, “Repetition and Pseudo Periodicity”, “Tatra Mountains Mathematical 

Publications, vol 23, pp. 1-16, 2001 

[75]  J. R. Deller, J. H. L. Hansen and J. G. Proakis, “Discrete-Time Processing of Speech 

Signals, Wiley Interscience, pp. 471-484, 1999 

[76] M. Markos and S. Singh, “Novelty Detection: A Review – Part 1: Statistical Approaches”, 

Signal Processing, 83, 2003, pp. 2481-2497 



- 140 - 

[77] M. Markos and S. Singh, “Novelty Detection: A Review – Part 2: Neural Network Based 

Approaches”, Signal Processing, 83, 2003, pp. 2499-2521 

[78] Y. Zhang, J. Callan, and T. Minka, “Novelty and Redundancy Detection in Adaptive 

Filtering”, ACM SIGIR’02, August. 11-15, 2002, Tampere, Finland, pp. 81-88 

[79] M. Eugene, J. Darling Jr. and J. Raudseps, “Non-parametric unsupervised learning with 

applications to image classification”, Pattern Recognition, vol. 2, no. 4, Dec. 1970, pp. 

313-325 

[80]  M. Figueiredo, and A. Jain, “Unsupervised Learning of Finite Mixture Models”, IEEE Tr. 

On Pattern Analysis and Machine Intelligence, vol. 24, no. 3. March 2002, p. 381-396 

[81] C. Stauffer, W Eric and L. Grimson, “Learning Patterns of Activity Using Real-Time 

Tracking”, IEEE Transactions on Patterns Analysis and Machine Intelligence, vol. 22, no. 

8, Aug. 2000, pp. 747-757. 

[82]  L. Ernsperger, “Developing Proactive Strategies for Managing Problem Behaviors”, 

Autism Asperger’s Digest, 4, pp.1-6, 2003 

[83] E. Nemer, R. Goubran and S. Mahmoud, “Robust Voice Activity Detection Using 

Higher-Order Statistics in the LPC Residual Domain”, IEEE Transactions on Speech and 

Audio Processing, vol. 9, no. 3, March 2001 

[84] J. Mendel, “Tutorial on Higher-Order Statistics (Spectra) in Signal Processing and 

System Theory: Theoretical Results and Some Applications”, Proceedings of the IEEE, 

vol. 79, no. 3, March 1991, pp.278-305. 

[85] J. Kientz, G. Hayes, T. Westeyn, T. Starner and G. Abowd, “Pervasive Computing and 

Autism: Assisting Caregivers of Children with Special Needs”, IEEE Pervasive 

Computing Magazine, Jan. 2007 

[86] M. Ahron, M. Elad and A. Bruckstein, “The K-SVD: An Algorithm for Designing of 

Overcomplete Dictionaries for Sparse Representation”, IEEE Transaction on Signal 

Processing, vol. 54, no. 11, pp. 4311-4322, Nov. 2006 

[87] S. Chen, S. Billings and W. Luo, “Orthogonal Least Squares Methods and Their 

Application to Non-Linear System Identification, Intl’ J Contr, vol. 50, no. 5, pp. 1873-96, 

1989 

[88] L. Guo, L. Berglin, Y. J. Li, H. Mattila, A. K. Mehrjerdi, and M. Skrifvars, 

"'Disappearing Sensor'-Textile Based Sensor for Monitoring Breathing," in Proceedings 

of the International Conference on Control, Automation and Systems Engineering,  pp. 1-

4, 2011 

[89] C. Rovira, S. Coyle, B. Corcoran, D. Diamond, F. Stroiescu, and K. Daly, "Integration of 

textile-based sensors and Shimmer for breathing rate and volume measurement," in 

Proceedings of the International Conference on Pervasive Computing Technologies for 

Healthcare, pp. 238 -241, 2011 

[90] L. Dunne, S. Brady, B. Smyth, and D. Diamond, "Initial development and testing of a 

novel foam-based pressure sensor for wearable sensing," Journal of Neuroengineering 

and Rehabilitation, vol. 2, p. 4, Mar. 2005 

[91] D. De Rossi, F. Carpi, F. Lorussi, A. Mazzoldi, R. Paradiso, E. P. Scilingo, and A. 

Tognetti, "Electroactive fabrics and wearable biomonitoring devices," ALITEX Research 

Journal, vol. 3, no. 4, pp. 180-185, 2003 



- 141 - 

[92] G. Alici, G. M. Spinks, J. D. Madden, Y. Wu, and G. G. Wallace, "Response 

Characterization of Electroactive Polymers as Mechanical Sensors," Mechatronics, 

IEEE/ASME Transactions on, vol. 13, no. 2, pp. 187 -196, Apr. 2008 

[93] S. Brady, L. E. Dunne, R. Tynan, D. Diamond, B. Smyth, and G. M. P. O'Hare, 

"Garment-based monitoring of respiration rate using a foam pressure sensor," in 

Proceedings of the IEEE International Symposium on Wearable Computers, 2005, pp. 

214-215 

[94] G. Gioberto and L. Dunne, “Theory and Characterization of a Top-Thread Coverstitched 

Stretch Sensor”, 2012 IEEE International Conference on Systems, Man, and Cybernetics, 

Oct. 14-17, 2012, COEX, Seoul, Korea, pp.3275-3280. 

[95] R. Wijesiriwardana, T. Dias, and S. Mukhopadhyay, "Resistive Fibre-Meshed 

Transducers," in Proceedings of the 7th IEEE International Symposium on Wearable 

Computers, Washington, DC, USA, 2003, pp.200-203 

[96] M. Catrysse, R. Puers, C. Hertleer, L. Van Langenhove, H. van Egmond, and D. Matthys, 

"Fabric sensors for the measurement of physiological parameters," in Proceedings of the 

I2m International Conference on Transducers, Solid-State Sensors, Actuators and 

Microsystems, 2003, vol. 2, pp. 1758 - 1761  

[97] J. Farringdon, A. J. Moore, N. Tilbury, J. Church, and P. D. Biemond, "Wearable sensor 

badge & sensor jacket for context awareness," in Proceedings of the Third International 

Symposium on Wearable Computers, 1999, pp. 107-113.  

[98]  M. Bickerton, "Effects of fibre interactions on conductivity, within a knitted fabric stretch 

sensor," 2003, vol. 2003, pp. 67-72 

[99] "Vista Medical - Stretch FSA Sensors." [Online]. Available: httmllvista-

medical.com/subsite/stretch.php 

[100] L. Dunne, G. Gioberto, V. Ramesh, and H. Koo, “Measuring Movement of Denim 

Trousers for Garment-Integrated Sensing Applications”, 33rd Annual International 

Conference of the IEEE EMBS, Boston, MA, USA, Aug. 30 – Sep. 3, 2011 

[101] L. Dunne, G. Gioberto, H. Koo, “A Method of Measuring Garment Movement for 

Wearable Sensing”, 15th Annual International Symposium on Wearable Computers, 2011, 

pp. 11-14 

[102] G. Gioberto and L. Dunne, “Garment Positioning and Drift in Garment-Integrated 

Wearable Sensing”, 16th Annual International Symposium on Wearable Computers, 2012, 

pp. 64-71 

[103] F. Lorussi, W. Rocchia, E. Scilingo, A. Togueni, and D.D. Rossi, "Wearable, redundant 

fabric-based sensor arrays for recongtuction of body segment posture," IEEE Sensors 

Journal, vol. 4, 2004, pp. 807- 818 

[104] News Release, “Nonfatal Occupational Injuries and Illnesses Requiring Days Away From 

Work, 2012”, Bureau of Labor Statistics, U.S. Department of Labor, USDL-13-2257. 

Nov. 26, 2013 

 


