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ABSTRACT

Monitoring an individual’s mobility with a modern smartphone can have a

profound impact on rehabilitation in the community.

The thesis objective was to develop and evaluate a third-generation Wearable Mobility
Monitoring System (WMMS) that uses features from inertial measurement units to
categorize activities and determine user changes-of-state in daily living environments. A
custom suite of MATLAB® software tools were developed to assess the previous
WMMS iteration and aid in third-generation WMMS algorithm construction and
evaluation.

A rotation matrix was developed to orient smartphone accelerometer components to any
three-dimensional reference, to improve accelerometer-based activity identification. A
quaternion-based rotation matrix was constructed from an axis-angle pair, produced via
algebraic manipulations of acceleration components in the device’s body-fixed reference

frame.

The third-generation WMMS (WMMS3) evaluation was performed on fifteen able-
bodied participants. A BlackBerry Z10 smartphone was placed at a participant’s pelvis,
and the device was corrected in orientation. Acceleration due to gravity and applied linear
acceleration signals on a BlackBerry Z10 were then used to calculate features that
classify activity states through a decision tree classifier. The software tools were then

used for offline data manipulation, feature generation, and activity state prediction.

Three prediction sets were conducted. The first set considered a “phone orientation
independent” mobility assessment of a person’s mobile state. The second set
differentiated immobility as sit, stand, or lie. The third prediction set added walking,
climbing stairs, and small standing movements classification. Sensitivities, specificities

and F,-Scores for activity categorization and changes-of-state were calculated.

The mobile versus immobile prediction set had a sensitivity of 93% and specificity of
97%, while the second prediction set had a sensitivity of 86% and specificity of 97%. For
the third prediction set, the sensitivity and specificity decreased to 84% and 95%



respectively, which still represented an increase from 56% and 88% found in the previous

WMMS.

The third-generation WMMS algorithm was shown to perform better than the previous
version in both categorization and change-of-state determination, and can be used for
rehabilitation purposes where mobility monitoring is required.
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Chapter 1
INTRODUCTION

Ubiquitous sensing has become an engaging area of research in the past decade
due to increasingly powerful, small size, and low cost computing and sensing
equipment [1]. Particularly, sensors that recognize human activity have become an

interest in the medical, military, and security fields.

In the medical field, people with mobility disabilities or illnesses such as heart disease or
diabetes might require mobility pattern monitoring, providing the healthcare professional
with an inventory of the person’s activity in a daily living environment, outside of a
clinical setting. Mobility is a requirement for activities of daily life, including movements
around the house and in the community. Disabilities that affect mobility may severely
impact an individual’s quality of life and can increase dependence on others for
completing common daily tasks, such as cooking or getting dressed [2]. Statistics Canada
reported that the percentage of elderly (65 years and over) in Canada is drastically
increasing, with this percentage doubling by 2061 [3]-[5]. Health monitoring in the home
could help deal with health issues for this increasing senior population. Ubiquitous
sensing could determine when medical or care intervention would be beneficial. In
addition, military-based applications could monitor soldier mobility in real-time, for
health status updates and training scenarios. Military sensing can include crawling,
kneeling, or situation assessments, which can be critical for military missions. Security
fields may use real-time mobility tracking for personnel on foot.

Information on a person’s activity level can account for energy expenditure and overall
physical activity. This leads to applications that promote physical exercise and can track
activity history to provide useful statistics [6]. Elderly individuals could benefit from
ubiquitous activity sensing where data is relayed to the physician or clinician for review.
This activity information could be an indicator of the person’s overall mobility status and

cognitive well-being [7].



1.1 Objectives

The thesis objective was to develop and evaluate a third generation Wearable
Mobility Monitoring System (WMMS), designed for a smartphone that includes a tri-axis
accelerometer, gyroscope, and magnetometer. The new mobility algorithm must include
calibration measures to account for differences in body proportions. This new algorithm
must also reduce the number of false positives for changes-of-state identification and
increase sensitivity in activity categorization. The algorithm must perform better overall

in sensitivity and specificity over its predecessor.

1.2 OQutline

This thesis is organized into six chapters. The first chapter includes the objectives,
outline, and contributions to Human Activity Recognition. The second chapter reviews
existing work in the field of mobility monitoring. Both wearable sensors and smartphone
use as a mobility monitor are covered. The third chapter describes the previous two
WMMS versions and includes an in-depth review of the WMMS2 algorithm. The fourth
chapter reports on a new evaluation of WMMS2, including a new rotation correction
applied to the accelerometer data. The fifth chapter describes the software developed to
evaluate the WMMS2 and WMMS3 algorithms. The sixth chapter introduces the
WMMS3 algorithm, which uses the Blackberry Z10 hardware and BlackBerry OS 10
(BB10) operating system, and discusses evaluation results. The seventh chapter includes
concluding remarks. A bibliography and appendices are then included.



1.3 Contributions

Several contributions in the field of smartphone-based Human Activity Recognition
(HAR) can be noted from this thesis research. First, a calibration correction using a
quaternion rotation matrix was shown to decrease device orientation variability between
users. The rotation may then be applied to different motion sensors, such as the
accelerometer, magnetometer, or gyroscope. This work is shown in Chapter 4.

A fully featured software tool was developed to efficiently process and display evaluation
outcomes for a Human Activity Recognizer, namely the WMMS. The tool can parse and
organize large motion data sets and provide graphics to assist the user when building
motion recognition algorithms. The tool assists the user when investigating quantitative
correlations between mathematic manipulations of raw sensor data and human
movement. The program’s modularity facilitates future development, hence increasing its
effectiveness for future work. The tool is described in Chapter 5.

A standardized WMMS evaluation method was used, that includes continuous activity
transitions in a realistic daily living environment. Testing with realistic but untargeted
activities decreased recognition sensitivity. Therefore, realistic testing circuits are
encouraged for valid evaluation of WMMS performance. The standardized evaluation
with the third generation WMMS algorithm is reviewed in Chapter 6.

Lastly, features extracted from the applied linear acceleration and acceleration due to
gravity signals were used to increase sensitivity and specificity in a WMMS. Modern
smartphone technology provides these signals to the developer in real-time, and the
recognition of human motion can take advantage of this innovation.



Chapter 2
LITERATURE REVIEW

2.1 Mobility monitoring

Mobility monitoring using wearable sensors has generated a great deal of interest
due to the development of consumer microelectronics capable of detecting motion
characteristics with a high degree of accuracy [1]. Human Activity Recognition (HAR)
using sensors is a fairly recent area of research, with preliminary studies in the 1980’s
and 1990’s [8]-[10]. Wearable hardware can sense and process human movements in
real-time and relay the information wirelessly over a variety of data networks.

Mobility monitoring systems use either sensing equipment fixed to stationary objects
(external sensing) or sensors fixed to the person (inertial sensing). For both monitoring
methods, wireless communication can be used for data transfer (i.e., Wi-Fi, Bluetooth,
Zigbee, cellular, etc.) [1], [6].

With the external approach, sensing equipment is attached to predetermined points of
interest. Sensing is based on the interaction between users and sensors. For example,
intelligent homes may use cameras, radio-frequency identification devices (RFIDs), reed
switches, pressure mats, passive infrared sensors (PIR), float sensors, or temperature
sensors to achieve a nodal-based sensing system [11]. Video-based HAR systems, where
humans are recognized by video analysis software, are also used extensively for security
applications [12], [13].

HAR with wearable inertial sensors is less costly than external sensing, since less
equipment is required. Wearable inertial sensors can be used to monitor mobility outside
the home or laboratory, allowing for a full range of activities in the typical environment.
Common HAR wearable sensors include accelerometers, but may also include
gyroscopes, magnetometers, altimeters, microphones, and video cameras. This chapter

will focus on inertial sensor methods.



2.2 Recognition methods

Many inertial sensor-based methodologies have been used for mobility recognition,
termed ‘inertial HAR” in this section. HAR systems employ three main subsystems: data
collection, model parameters, activity recognition [6]. Inertial HAR systems interpret raw
sensor data to classify a set of activities. An evaluation procedure, usually modeled as a
binary classifier, is used to validate the prediction outcome with a gold-standard data set.

Data collection includes all raw sensor data required for the prediction algorithms, which
is then manipulated by algorithm parameters. Algorithm parameters can include pre-
calculated training data and threshold values for activity recognition. Considerations in
the data sample rate, the amount of sensor drift, and overall signal quality play roles in
shaping the inertial HAR algorithm.

Tri-axis accelerometers are effective sensors for
activity recognition. The use of accelerometers
in data collection greatly increased with the
implementation of accelerometers in mobile
devices. Initially, accelerometers were used for

screen rotation detection and mobile gaming
Smartphone
Placement

control. Mobile operating systems such as iOS,

Android, or BlackBerry allow developers to access
accelerometer data through application
programming interfaces (APIs). Proximity and
light sensors, GPS, and cameras have also been
used in HAR applications [6]. Recently, some
mobile phone manufacturers have included
gyroscope, magnetometer, and altimeter sensors
in their devices; however, these sensors are not

yet used in mainstream HAR systems.

Figure 1: Common smartphone placements on the body.



Sensor placement (Figure 1) also plays a critical role in HAR. Most algorithms rely
heavily on sensor position, whereas other methods attempt an orientation and placement-
independent approach. However, raw data alone is not sufficient to detect mobility states.
Preprocessing, segmentation and feature extraction, in conjunction with supervised
learning procedures, can be used in a full HAR algorithm that detects human mobility
activities (Figure 2).

Raw Data Preprocessing Segmentation Feature Activity
h\a""\' bl i i 3 Extraction Categorization
i > —

e ol ! ! ! P
A Jr(xLy'z")

Figure 2: Common architecture of an inertial human activity recognizer.

Generally, the raw data is preprocessed to remove noise or artifacts. Then, segmentation
defines a data window, usually as a smaller subset of a continuous data stream. Subsets
may overlap in time, known as a sliding window. Features are then calculated from the
segmented sensor readings, usually by statistical or frequency analysis of the raw data
components. Examples of HAR features are shown in Table 1.

Table 1: HAR features [14].

Feature Type Examples

Simple moving average, peak-to-
Heuristic peak acceleration, mean rectified
value, root mean square

Mean, median, standard deviation,

Time-Domain .
skewness, kurtosis

Fast Fourier Transform (FFT) before

Frequency-Domain any time-domain feature

Hybrid of time and frequency

Wavelet Analysis .
analysis




Frequency-domain and wavelet analysis features are sometimes complex and processor
intensive. Most algorithms employ some or all of the features described in equations 2.1
to 2.6.

Arithmetic Mean y= % Yis (2.1)
=1
Root Mean Square RMS(Y) = Z yZ (2.2)
=1
. 1
Standard Deviation = |— —y)? 2.3
o, \/n_lile(y. y) (2:3)
1 n
Variance oy = nTZ (Y, —9)*, (2.4)
Mean Absolute Deviation MAD(Y) = 12 yi -9, (2.5)
i-1
Z R’
Energy Energy(Y) = : (2.6)
n

where n is the number of samples, and y,,y,,y,..y, isthesample set.

Learning procedures can then be applied to the extracted features, to classify movement
as specific activities. Machine learning tools are often used in HAR systems to describe,
analyze, and predict variations in features.

Supervised learning methods can be composed of training and classification phases, and
vary in their algorithms. The recognition algorithms can be tailored for the individual, or
be flexible enough to work with different users of varying age, gender, weight, etc.
Decision tree classifiers are the most commonly used learning procedure [2], [8], [15]-
[26]. Bayesian networks are also commonly used as a learning model [16], [17], [21],
[23], [24], [26] but, unlike a decision tree, probability factors and assumptions on feature
independence are required. Support vector machines, a type of neural network, have been
commonly used in modern HAR systems [16], [17], [23], [27]-[30], but at the expense of
high computational cost and large training data requirements. A simple machine learning
technique, k-Nearest Neighbours (KNN) [16], [17], [21], [23], [24], [31], [32] has also
been useful for HAR systems, but at the expense of large training sets. Other learning
methods include the multilayer perceptron [18], [26], fuzzy logic [24], [33]-[36], neural
network models [37]-[39], and linear regression models [18].



Learning procedures can also follow a subject-dependent or subject-independent
evaluation. In the former, classifiers are based on person-specific data; whereas, subject
independent training uses a database of human motion and cross validation statistics, but

usually leads to a decrease in accuracy.

HAR systems can attempt to categorize several activities (Table 2), depending on the
type of sensors used, sensor placement, processing power, and performance.

Table 2: Common activities that HAR systems may predict [1], [6].

Category Activity Examples
Still/Rest Standing, sitting, lying down, kneeling, crouching
Ambulation Walking, running, sprinting, crawling, small movements
Transportation Bicycling, in a vehicle, public transit

Exercise and sports Rowing, weight training, skating, soccer, push-ups

Smartphone specific | Texting, making a call, playing a game, browsing the web

Eating, drinking, on computer, watching TV, brushing teeth,

DENY EBOUIEE combing hair, preparing food, cleaning/vacuuming

Health and Following routines, using a wheelchair, using a walker, using a
rehabilitation cane

Performance measures vary between studies, but binary classification tests are typically
used. Binary classifiers outline two potential options, whether the user is performing a
specified activity or not performing the activity. Binary classification measures include:
accuracy, precision, recall, confusion matrices, and F-measure [6]. Binary classifiers are
comprised of true positives (TP), false positives (FP), true negatives (TN), and false
negatives (FN). A summary and overview of these measures can be found in 5.5.3.2

Sensitivity & specificity.




2.3 Wearable sensors for mobility monitoring

HAR studies have used single or multiple wearable sensors, placed on various body
locations, to detect human ambulation [40]. Methods for data recording, analysis, and
evaluation vary between studies, as shown below (Table 3).

Table 3: Wearable sensor type, placement and evaluation procedures in the literature.

Number of Accelerometer

Year Researcher(s) Accelerometers Placement Evaluation
- Sternum, shoulder, Protocol order with
1996 Veltink et al. [19] 6 x 1D IC sensors 5 g thigh, shank investigator logging

1 x 2D Unknown, 2 x 3D Protocol order with

1997 Kiani et al. [38] Chest, thighs

Unknown investigator logging
2002 Luinge [41] 3x 1D ADXL05 Upper back Vicon™
2003 | Mathie et al. [20] 2 x 2D Unknown Waist lzsdiglior gy
start/stop times
2003 Bao [21] 5 x 2D ADXL2010E Hip, wrlst,.arm, ankle, Subject Iogglng start/stop
thigh times
2004 Lyons et al. [22] 2 x 2D ADXL202 Thigh, sternum e el I_o gging
start/stop times
2005 Ravi et al. [23] 1x 3D CDXL04M3 Pelvis Investigator logging
start/stop times
2009 He et al. [30] 1 x 3D ADXL330 Trouser pocket Unknown
2009 Helmi et al. [35] 1 x 3D LIS3LV02DQ Waist Unknown
. . . Investigator logging
2010 Hong et al. [42] 3 x 3D MMA7260Q Thigh, waist, wrist start/stop times
AL 4 x 3D Nokia Wireless - Subject logging start/stop
2010 Pérkka et al. [25] Motion Bands Wrists, ankles times on PDA
2011 Lee et al. [39] 1 x 3D MMAT7260Q Sternum Subject voice annotations
2012 Chiang et al. [36] 2 x Unknown Right chest, thigh Unknown
2013 Zhang et al. [37] 1 x 3D LIS3LV02DQ Hand Unknown

Inertial HAR, where multiple sensors are placed on the body (Figure 3), can be quite
cumbersome and complex to design. Programmable interface controllers (PICs) are




required to achieve real-time monitoring, and could involve wireless networking
modules, along with complex interfacing, programming, calibrating, and testing

procedures.
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Figure 3: Sensor placement and accelerometer graphs (Bao) [21].

2.4 Smartphone adoption for research

Smartphones contain the necessary sensors and real-time computation capability
for mobility activity prediction. Real-time analysis on the device permits quick activity
classification and data upload without user or investigator intervention. Unlike wearable
sensor methods, a smartphone contains a variety of embedded sensors, including inertial
measurement units (IMUs) that can be costly and cumbersome to program and network
individually. A smartphone with mobility analysis software could provide fitness
tracking, health monitoring, fall detection, home or work automation, and/or, self-
managing exercise applications [43]. Mobility assessment on a smartphone is limited by
device specifications such as CPU power, sensor sample rate, video recording

capabilities, and battery life.

Current smartphone models have performance specifications that rival laptop computers,
such as the iPhone 5S A7 microprocessor or the 1.7 Ghz quad-core HTC One. The
BlackBerry Z10 (Figure 4) integrates software and hardware to allow its 1.5 Ghz dual-
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core CPU to perform at its highest potential, providing a large amount of computing
power in the user’s pocket. All 2013 smartphones include a large amount of RAM, 1 to 2
GB, which is sufficient for most computation, storage, and multitasking operations.
Furthermore, solid-state storage can reach 64 GB, suitable for video, audio, database, or
other large file types. Modern smartphone cameras are sufficient for research purposes,
with at least 720p resolution video and high megapixel counts for front and rear cameras;
however, photo and video quality vary between devices. Nonetheless, modern
smartphone cameras take clear and large images. Wireless connectivity over LTE is the
norm for 2013, with data transmission rates up to 150 Mbps. It is not expected that every
phone can reach these speeds everywhere, but LTE does allow for large data file

transmission over cellular networks.

Figure 4: BlackBerry Z10 smartphones.

These advancements in smartphone technologies are not without cost. Battery life has
been average if not sub-par in relation to increases in all other hardware specifications.
Smartphone lithium-ion batteries typically range from 1800 mAh to 3,100 mAh, and
require hours to charge. Long duration applications that use smartphones and involve
intensive CPU calculations or continuous video recording can be limited by battery
capacity. Future generation battery technologies that allow fast charging with higher

capacities will certainly allow long-term mobility research to be realized.
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2.5 Smartphone use for mobility monitoring

Several activity recognition studies have used a smartphone accelerometer to detect
activity states, as shown in Figure 5 and Table 4.

ll Real Time Signal

Simulator

Be active!, Day | Week

Today's activity statistics
Walking

Cycling

Running

Inactive time

-

Figure 5: Real-time Human Activity Recognition application on a smartphone [28], [32], [44].
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Table 4: Summary of Human Activity Recognition research studies.

Authors Device Placement Features Classifier Activities Accuracy
Brezmes . User- . Sitting, standing, walking, "
31] Nokia N95 dependant Unknown k-Nearest Neighbour upstairs, downstairs, falling 20-90%
Sitting, standing, lying,
Berchtold User- . FIS Mapping, Fuzzy walking, upstairs, cycling, o
[33] Likemmsis dependant REEC e Classification holding phone, talking on Sl
phone, typing message
Sun User- Mean, variance, correlation, Stationary, walking, running,
. Nokia N97 FFT Energy, frequency- Support Vector Machine upstairs, downstairs, cycling, |91-94%
[27] dependant . .
domain entropy vehicle
. Decision tree, Bayesian
Mean and standard deviation . . . .
Lau Nokia N95 | Right pocket |in time and frequency WIEETIES Zm_a.n s Lo m;::m“ simniiin, W dlzing, 92-99%
[16] domai Nearest Neighbour, Support upstairs, downstairs
omain .
Vector Machine
Mean, variance, mean Decision tree, Bayesian
Yang Nokia N95 User- crossing rate, spectral energy | Network, Naive Bayes, k- Stationary, walking, cycling, 73.929
[17] dependant |and peaks, spectral energy Nearest Neighbour, Support running, vehicle ?
ratio Vector Machine
Nexus One, Mean, standard deviation, s T Lt
Kwapisz HTC Hero, Front pocket average absolute m.:m.owm:nm. Regression, Multilayer Neural .m&:..mu mﬁmsa:.umu im_wEm,. 77-96%
[18] Motorola magnitude, peak time, Perceptron jogging, upstairs, downstairs,
Backflip binned distribution P
Maruno Accelerometer Wavelet transform with Broyden-Fletcher-Goldfarb- Standine. walkine. runnin
mounted to Unknown |Singular Value Shanno quasi Newton Neural nang, & & 185-93%
[45] . . train
mobile phone Decomposition Network
S SRTIROT, M, Quadric Discriminant Analysis, | Stationary, walking, runnin
Siirtola [32]| Nokia N8 Front pocket |minimum, maximum, sum, . YIS, onary, v & & 191-99%
k-Nearest Neighbour cycling, vehicle
square sum
. Walking, jogging, running,
Fahim [34] Samsung Front pocket Root fmean square, variance, Evolutionary Fuzzy Model upstairs, downstairs, cycling, |82-100%
Galaxy S correlation, energy .
hopping
Viet Vo HTC Nexus T o Mean, variance, peak time, m:vtc“: Vector Emn?:m with k- ém:ﬂ:m., Jogging, upstairs, 72-95%
[28] One energy Medoids Clustering downstairs, cycling
Average, mean, standard Sitting, lying, standing,
He Samsung Chest aa,:m:_.o:w mrmismm.ﬁ Fisher’s Discriminant Ratio ém:m_:m, .Eumﬁm.:mu n_oésm#m:w, 91-97%
[44] Nexus S kurtosis, interquartile range, running, jumping, falling,

decline

transitions
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Brezmes et al. [31] used a N95 Nokia smartphone with a real-time classification system
for pattern recognition algorithms to classify human movement. Euclidean distance and
kNN algorithms were used for activity classification. The accelerometer sample rate was
approximately 30 Hz, and required a training data set for activity recognition. Prediction

accuracy increased as training sets increased.

In 2010, Sun et al. [27] proposed activity recognition using a smartphone’s
accelerometer, independent of position and orientation. The user could use varying
pocket locations for the phone, including left and right sides of the body, trouser back
pockets, or the front jacket pocket. Sliding window frames were used for feature
extraction, which included mean, variance, energy, frequency-domain entropy, and
correlation. These features were normalized within each window and vector
classification, regression, and distribution estimation approaches were applied to convey
mobility states. Predicted mobility states included stationary, walking, running, bicycling,
ascending stairs, descending stairs, and driving. The results were presented as an F-Score,
which is a weighted combination of sensitivity and precision of a correct prediction. An
overall average F-Score of 93 % was achieved for unknown pocket positions. Much like

Brezmes, a training algorithm was required.
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Figure 6: EFM (Evolutionary Fuzzy Model) proposed architecture [34].
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Fahim et al. [34] applied a fuzzy logic approach to smartphone accelerometer readings.
Fuzzy classification techniques in mobility monitoring are not new, as seen in [35] in
2009, and [36] in 2012. The coined Evolutionary Fuzzy Model contains a fuzzy rule base
that acts as a main training set (Figure 6). Estimation through a fuzzy network of pre-
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determined training data was used to maximize the likelihood of predicting the expected
activity. Features were constructed from raw accelerometer signals and then inputted into
an activity learner. Each three-second window included root mean square (RMS),
variance, correlation, and energy. Recognized activities included walking, jogging,
running, cycling, downstairs, hopping, and upstairs. The overall F-Score result was 95%.

2.6 Mobility monitoring in mobile OS APIs

As an update to Google Play Services for Android devices, new APIs for
developers were released in 2013, including an activity recognition API. This allowed
developers to query the Android system for activity states; such as, bike, foot, car, still,
tilting, and unknown. The software returned a confidence level (0-100%) on each
mobility state predicted.

A quick experiment was conducted on the Carmesh blog to validate the Android activity
recognizer [45]. Walking was the most accurate, followed by driving, but bicycling had
large confidence levels of ‘tilt” and ‘unknown’.

On September 10, 2013, Apple Inc. announced the iPhone 5S, with a new microchip
called the M7. This coprocessor works alongside the A7 microprocessor to analyze
motion for sensor data collection and processing [46]. The A7 CPU does not need to be
powered for the M7 to perform motion calculations. This provides a more efficient
method for motion capture and analysis. Apple’s new CoreMotion API allows developers
to identify human movement to aid in contextual app design, where activities such as
being stationary, walking, running, or driving can be predicted. There is currently no
research that evaluates the M7 efficiency or efficacy for mobility prediction.
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Chapter 3
WMMS1 & WMMS?2 OVERVIEW

The Wearable Mobility Monitoring System (WMMS) is an ongoing project at The
Ottawa Hospital Rehabilitation Centre, in Ottawa, Ontario, Canada. This research started
in 2007 and led to a thesis by Gaétanne Haché in 2010 [2][47][48] and was continued by
Hui Hsien Wu’s thesis in 2012 [15][49][50].

A WMMS should categorize mobility and detect user changes-of-state. A mobility
categorization can be whether the user is currently standing or sitting, while a change-of-
state is the transition from one state to another, for example between standing to walking
or sitting to walking, as shown in Figure 7. Most systems achieve mobility categorization
by recording data at a moment in time and deducing a mobility state prediction. This
method can be regarded as a context-independent approach.

Over periods of continuous activity monitoring, detecting changes-of-state and
classifying activities become separate problems, since algorithms tailored for
classification alone may produce large amounts of false positives in changes-of-state. The
decision-based structure for current WMMS algorithms minimizes the sensitivity gap
between these two measures.

hCAIAA

Figure 7: Transition from sit to walk.

