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Abstract 

Portable navigation is increasingly becoming an essential part of our lives. Knowing a person’s position 

and velocity using a portable device, such as a smartphone, tablet, smartwatch, or smartglasses, has 

become a basic part for many people’s lives. However, portable navigation is still facing many 

challenges: mainly navigation in urban canyons or indoors where Global Navigation Satellite System 

(GNSS) signals are weak or unavailable, and the need to compromise the accuracy and precision of 

inertial sensors in return for limiting their cost and size to place in portable consumer devices. 

As a result, portable navigation needs to employ different algorithms for each mode of motion, to assure 

optimal results in each case.  

This thesis’ contribution is to provide a motion mode recognition module that aims to detect a wide range 

of motion modes using micro-electro-mechanical sensors (MEMS) within a portable navigation device, 

which is robust to the device usage, and device orientation. The proposed motion mode recognition 

module works with good accuracy in the absence of absolute navigational signals (such as GNSS or 

WiFi). The motion modes detected are: stationary, walking, running, cycling, in a land-based vessel, 

walking in a land-based vessel, standing on a moving walkway, walking on a moving walkway, moving 

on stairs, taking elevator, standing on an escalator, and walking on an escalator. 

The motion mode recognition module involves the following steps: data input reading, pre-processing, 

feature extraction, classification, and post-classification refining techniques. 

During the data input reading step, signal readings from a group of sensors, are simply obtained. In the 

second step, pre-processing, such raw signals are processed and fused to obtain more meaningful 

variables. Feature extraction involves grouping the variables into a window, and extracting a group of 

features from that window. Classification is the final step where the feature vector is fed to predict the 

motion mode.  
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To train and evaluate the classifier models, more than 2400 tests were conducted using various portable 

navigation devices, such as smartphones, tablets, smartwatches, and head mounted systems.  The training 

tests involved more than 35 users of various genders, weights, heights, and ages, and covering various 

device usages and orientations.  
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Chapter 1 

Introduction 

1.1 Overview 

The term “navigation” is used in this research to refer to the techniques of determining the 

position, velocity, and attitude of a moving person, vehicle, plane, etc. [1]. Navigation is usually 

implemented using navigation devices which consist of one or more sensors, receivers, and 

processors.  

The current best practice, to provide navigation or positioning information to the public sector, is 

the use of Global Navigation Satellite Systems (GNSS). The most widely known GNSS system is 

the US-based Global Positioning System (GPS), while less known GNSS systems include 

Russia’s GLONASS (Globalnaya Navigatsionnaya Sputnikovaya Sistema), and China’s Beidou 

navigation system, while the European Union’s Galileo system is still in its initial deployment 

stage. However, GNSS signals are not available indoors or in urban canyons, and therefore other 

sensors or receivers are used, such as inertial sensors, but these suffer from high error rates and 

face other challenges.  

The term “portable navigation” refers to the modified navigation techniques for a person moving 

using a portable navigation device, which may be a smartphone, tablet, smartwatch, or 

smartglasses.  Portable navigation faces many challenges, especially due to using small-size and 

low-cost sensors and receivers. This thesis concentrates on one approach which can enhance 

positioning performance in portable navigation: to detect the motion mode of the user or platform 

carrying the portable navigation device.  
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1.2 Motivation 

Portable navigation is becoming increasingly popular in several applications: 

 smartphone or tablet navigation for trips and journeys which can be on foot, by car, train, 

etc.; 

 smartphone or tablet localization indoors for advertising, gaming, social networking, etc.; 

 smartphone localization for Enhanced 911 (E-911);  

 smartglasses or smart goggles used by skiing athletes to display speed and altitude at real-

time;  

 real-time location and tracking systems (RTLS) such as tracking assets within a factory 

or warehouse, or finding medical equipment in a hospital; 

 dismounted soldier and first responder localization indoors whereby the person can 

detach and interact with their device; and 

 handheld portable surveying systems in urban environments. 

Portable navigation is a quickly growing market that is shown through the adoption of navigation 

capable devices such as smartphones, tablets, smartwatches, and smartglasses. Most smartphones 

and tablets currently use GNSS and other wireless infrastructures to provide 5 to 10 meter 

accuracies in open outdoor environments. However such accuracies degrade drastically to 100-

500 meter accuracies in urban canyons such as downtown areas. Moreover, a GNSS positioning 

solution becomes unavailable indoors. The positioning unavailability and degraded accuracy are a 

nuisance for users and cannot be trusted for safety of essential applications such as E-911. 

In addition to that, GNSS positioning has high energy consumption. The battery life of a 

smartphone can reduce from several days to 10 hours if GNSS receiver is turned on. One method 
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to save energy consumption is GNSS duty-cycling, where GNSS is turned on and off every few 

seconds [2]. 

In a situation where position is required in a GNSS denied environment, or during GNSS duty-

cycling, other approaches need to be used. Using inertial sensors, such as accelerometers and 

gyroscopes, is the most common alternative, but they face several challenges, including high error 

rates, and therefore only provide accurate positioning solutions for a short time.  

1.3 Problem Statement 

There are four factors that are limiting current portable positioning technology: 

 Cost: To make portable devices affordable to consumers, low cost GNSS receivers and 

sensors are used, but these suffer from high error and noise rates. The most popular 

inertial sensors for portable devices are micro-electro-mechanical systems (MEMS) 

sensors. They have high noise characteristics and therefore are challenging to use for 

navigation.  

 Infrastructure: Some approaches to GNSS positioning for indoor locations such as WiFi 

positioning [3] and Radio Frequency Identification (RFID)  tags [4] require extensive 

infrastructure and customization and are therefore only found in limited indoor sites (e.g., 

some shopping malls or some university campuses). 

 Accuracy: For the most popular positioning approach, GNSS positioning, the accuracy is 

a function of direct line of sight of multiple strong signals from GNSS satellites. 

Accuracy for other signal based systems is usually lower: cell-tower positioning [5] 

accuracy is in the order of tens of meters; WiFi and RFID positioning may be better but 

require extensive infrastructure. Navigation grade inertial sensors may have high 
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accuracy but are too expensive (their cost is in the order of $100,000 USD) to be 

deployed in the consumer or mainstream enterprise markets. 

 Functionality: The functional requirement of a completely portable navigation system is 

the availability of a positioning solution despite the environment, device usage, motion 

mode or mode of transit. Some available navigation solutions are capable of working for 

one motion mode or device usage, e.g., navigation solutions which work only in-vehicle, 

or when attached to the foot. Portable navigation for consumer use needs to be able to 

work in an untethered manner (i.e. not required to be attached to a specific part of the 

body) rather than a tethered manner. Navigation systems that operate for tethered 

applications are inadequate for many consumers. 

Therefore, a portable navigation device for consumer use should be: 

 using low cost MEMS sensors, 

 self-contained (i.e. can work whether or not GNSS signals are available and whether or 

not Wi-Fi positioning infrastructure exists), 

 provide acceptable positioning accuracy (usually 3-10 meters depending on the 

application), and  

 untethered and work in arbitrary motion mode, device usage, and device orientation. 

The above requirements for portable navigation impose many challenges: 

 High error rates: Low-cost MEMS sensors used in portable navigation result in 

measurements with high error and noise rates. This means that the main inertial 

navigation approach, strap down mechanization [6], results in very low positioning 

accuracy. 
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 Unknown misalignment: For portable navigation, especially smartphone navigation, to 

be more feasible, it needs to be flexible and robust to arbitrary misalignment of the device 

with respect to the user’s or platform’s motion. This imposes another challenge for 

navigation algorithms which usually require the axes of the navigation device to be 

aligned to the axes of the user’s or platform’s motion. 

Since we have high sensor error rates, the standard strap down mechanization algorithm cannot 

be used on its own in portable navigation. Algorithms and constraints to help improve navigation 

results in certain motion modes have been reported in literature.  For example, if walking is 

detected, pedestrian dead reckoning (PDR), works by detecting footsteps and estimating the 

distance between them. Therefore, for a robust portable navigation system, the detection of the 

correct motion mode is required in order to apply the specific algorithm or constraints to help 

optimize the navigation results. 

The delay in detecting the transition from one motion mode to another should not take more than 

several seconds.  Any delay greater than that may result in significant errors in positioning; e.g., 

failing to discover a transition from walking to driving a car for 10 seconds may result in a large 

positioning error since the navigation device shall remain using PDR, which depends on the 

number of footsteps detected, while the person is actually moving at a higher speed in the car. 

In this research, the term “motion mode” shall be used to refer to the type of motion (e.g., 

walking, running, upstairs, downstairs, driving, cycling, etc.) or mode of conveyance (e.g., in car, 

in train, in elevator, on moving walkway, etc.), while the term “device usage” shall be used to 

refer to the way the device is held or carried (e.g., in pocket, on ear, on belt, dangling, etc.). 
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1.4 Research Objectives 

Our main research objective can be stated as: 

“Automatically detect at real-time the motion mode of an 

arbitrary human or platform carrying a portable device (which 

can be a smartphone, tablet, smartwatch, or smartglasses) 

containing self-contained low-cost sensors with arbitrary 

alignment of the device and arbitrary device usage.” 

The resulting motion mode recognition module should also be: 

 Low Cost: it should use low cost sensors used in most consumer devices, namely MEMS 

sensors, and not need separate memory chips or separate processor units to be built-in: it 

should be implemented seamlessly into consumer devices sold to the public. 

 Infrastructure Independent: it should be able to detect motion mode even when there is 

no access to GNSS signals or Wi-Fi positioning infrastructure. 

 Accurate: it should provide predictions of motion mode which are correct for a large 

proportion of the time during a trajectory, despite the use of low cost erroneous MEMS 

sensors. Incorrect recognition of motion mode for significant time may degrade 

positioning solutions drastically. 

 Functional: the motion mode recognition module should be in an unobtrusive device 

which is flexible to carry by a user. It should be implemented on an arbitrary device as 

long as it contains the minimum set of sensors required. 

1.5 List of Contributions 

The contribution of the work presented in this thesis is a motion mode recognition module 

capable of classifying amongst the following motion modes or modes of conveyance, as shown in 

Figure  1-1, in real-time: 
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 stationary (i.e., sitting, standing, or placing device on stationary surface), 

 walking, 

 running,  

 cycling, 

 sitting, standing or placing device in a moving land-based vessel, 

 walking in a land-based vessel, 

 walking on stairs, 

 riding an elevator, 

 standing on an escalator, 

 walking on an escalator, 

 standing on a moving walkway, and 

 walking on a moving walkway. 
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Figure  1-1: Illustration of the scope of the work presented in the thesis. 

The detailed contributions are: 

 Unlike some motion mode recognition solutions in the literature which depend on GNSS 

velocity measurements, the motion mode recognition module has been proven to perform 

well in the absence of GNSS signal availability.  

4 

Detect the motion mode… 

… of a user/platform carrying a 
portable device… 

… consisting of self-contained low-
cost inertial sensors… 

… for arbitrary user,… 

… arbitrary device orientation, … 

… and arbitrary device usage… 
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 In this thesis, sensor fusion has been introduced for the first time in motion mode 

recognition in order to provide the optimal estimate of variables, to help discriminate one 

motion mode from another, without depending on GNSS (see Section  4.2.1). 

 In terms of features extracted, this thesis introduced new features for the first time which 

helped to detect some motion modes, such as the ratio of the number of peaks to the 

change of height (see Section  4.3.5.2), as well as introducing the use of Fast Orthogonal 

Search to determine the most dominant frequencies during a motion period (see 

Section  4.3.4.2). 

 To enable the recognition of this large number of motion modes, the work in this thesis 

divided the motion modes into different sets and developed a separate classifier for each 

set of motion modes, rather than having one large classifier which would have higher 

misclassification between some motion modes (see Sections  4.4.4,  5.4, and  6.4). During 

the real-time execution of motion mode recognition, specific conditions were developed 

to determine when to invoke each classifier.  

 The motion mode recognition module has been implemented in real-time in several 

brands of consumer portable devices, including different types of smartphones, tablets, 

smartwatches, and smartglasses. In order to enable real-time implementation with small 

computation requirements, the decision tree algorithm has been used – along with 

pruning - as the classification technique in this thesis (see Section  3.9). Extensive pruning 

analysis has been used to greatly optimize the size of the decision trees while maintaining 

good performance. 

 Unlike many motion mode recognition solutions in the literature which only work when 

the portable device is tethered to a specific part of the body with a specific orientation, 
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the motion mode recognition module is robust to any device orientation and device usage. 

It has been evaluated on many device usages including - but not restricted to - handheld, 

on ear, in pocket, dangling, in belt holder, in arm band, in chest strap, in backpack, laptop 

bag, or purse. Extensive data collection for many device usages for each motion mode 

was made to train and test the motion mode recognition module to be device usage 

independent. In this thesis, more than 2400 trajectory experiments were made, by more 

than 35 users, with total effective time of more than 225 hours, which is way more than 

the data collected by any previous work (see Section  3.11 for a comparison of data 

collection sizes from other research work). 

1.6 Thesis Outline 

 Chapter 2 provides a background on navigation: its basic concepts, and a review of the different 

approaches and techniques of navigation. First, the different reference co-ordinate systems in 

navigation are explained, followed by the main variables which define the navigation state of a 

moving or stationary body or platform. Then, the main navigation techniques which are classified 

into reference-based and dead reckoning techniques are explained, followed by the integration of 

various techniques and approaches. The concepts and challenges of portable navigation are then 

explained followed by a discussion of the need for motion mode detection in portable navigation. 

 Chapter 3 provides a literature review on motion mode recognition. It starts with a set of terms to 

be defined and used across the thesis. A survey of which motion modes have been detected by 

which researchers is made, followed by a discussion of the robustness and flexibility of several 

previous attempts of motion mode recognition. The different types of portable devices used, and 

the different sensors utilized in motion recognition are then discussed, followed by a survey of 

different signal processing techniques and classification methods used. 
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 Chapter 4 provides the description of  the motion mode recognition module developed by the 

author of the thesis. It starts with the set of sensors used and the signals they provide, followed by 

the pre-processing performed upon them: sensor fusion and windowing, resulting in a group of 

variables. The large group of features extracted from such variables is then explained in detail. 

The classification method which predicts the motion mode using the extracted features is then 

illustrated. Finally, some post-classification refining techniques to improve the motion mode 

prediction are explained. 

 Chapter 5 explains the motion mode detection of stationary, walking, running, cycling, land-

based vessel, and walking in land-based vessel motion modes. For each motion mode, a 

description of the mode is provided, as well as the significance and importance of detecting the 

mode on navigation performance, and an analysis of the signals outputted from the sensors. This 

is followed by a discussion of when each of the motion mode recognition classifiers is invoked 

during a typical navigation solution. An explanation of the extensive data collection made for 

each motion mode is provided. The extensive list of features used to detect the mentioned set of 

motion modes is provided. After that, classification results detecting different subsets of motion 

modes are provided and analyzed. Finally, example trajectories are discussed showing the 

positive implication of motion mode recognition on improving positioning results in portable 

navigation. 

 Chapter 6 is similar to  Chapter 5 but covers a different set of motion modes: stationary, standing 

on moving walkway, walking, walking on moving walkway, elevator, escalator standing, and 

escalator walking. 

Finally, in  Chapter 7, conclusions are drawn and recommendations for future work are discussed. 
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Chapter 2 

Positioning and Navigation Systems 

This chapter shall provide a brief overview of navigation and portable navigation, and ends with 

an explanation of how the work provided in this thesis shall contribute to improving portable 

navigation performance. Section  2.1 provides an overview of navigation concepts and the main 

approaches used in navigation. Section  2.2 provides an overview of portable navigation, i.e., 

navigation using portable devices, and the challenges it faces, and why motion mode recognition 

is crucial to portable navigation. 

2.1 Principles of Navigation 

In this section, the main techniques and approaches of navigation, which are categorized as 

reference-based systems, dead reckoning, and integrated navigation, are explained briefly. In 

order to explain the approaches of navigation, the variables used to describe the navigation of a 

moving platform or body are explained following the explanation of the co-ordinate reference 

systems with respect to which such variables are measured. 

2.1.1 Coordinate Reference Frames 

In navigation, there are several reference frames in which position or velocity of a moving 

platform may be expressed with respect to [1]. 

2.1.1.1 Inertial Frame 

An inertial frame of reference is a reference frame, which is either stationary or moving with 

constant velocity, where Newton’s laws of motion apply.  A possible choice of inertial frame for 

bodies or platforms navigating near the Earth’s surface is the Earth-Centered Inertial (ECI) 
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frame.  We shall refer to ECI frame as the 𝑖-frame. The origin of the 𝑖-frame is at the center of 

mass of the Earth. As shown in Figure  2-1, the axes of the 𝑖-frame are as follows: 

 𝑧-axis is along the axis of rotation of the Earth, 

 𝑥-axis lies in the equatorial plane and it points towards the vernal equinox, which is the 

direction from the center of the Earth to the point of intersection of the equatorial plane of 

the Earth with the plane of Earth’s orbit around sun, and 

 𝑦-axis is in the equatorial plane and defined such that it completes a right-handed system. 

2.1.1.2 Earth-Centered Earth-Fixed Frame 

Earth-Centered Earth-Fixed (ECEF) frame is called Earth-fixed because it rotates with the 

Earth. It has the same origin and same 𝑧-axis as the ECI frame. We shall refer to ECEF frame as 

the 𝑒-frame. The origin of the 𝑒-frame is at the center of mass of the Earth. As shown in 

Figure  2-1, the axes of the 𝑒-frame are as follows: 

 𝑧-axis is along the axis of rotation of the Earth, 

 𝑥-axis of ECEF passes through the intersection of the equatorial plane and the Greenwich 

Meridian (also called Prime Meridian), and 

 𝑦-axis is again in the equatorial plane and defined such as to complete a right hand 

coordinate system. 

In Figure  2-1, 𝑡 − 𝑡0 is the elapsed time since reference epoch 𝑡0, and 𝑡0 is the time when the 𝑒-

frame was coincident with the 𝑖-frame.  𝜔𝑖𝑒 is the rate of rotation of the Earth about its axis and is 

equivalent to 15.04 deg/hr. 
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Figure  2-1: i-frame and e-frame. Reprinted with permission from [6]. 

 

The 𝑒-frame has two common coordinate systems: 

 𝑒-frame rectangular coordinates: These coordinates represent the position of a point 

with its 𝑥, 𝑦, and 𝑧 components in the ECEF frame axis. They are also known as 

Cartesian coordinates. 

 𝑒-frame geodetic coordinates: These coordinates are more commonly used for 

positioning on or near the Earth’s surface.  They are also known as curvilinear 

coordinates. As shown in Figure  2-2, these coordinates are: 

o Latitude, 𝜑, is the angle (in the meridian plane) from the equatorial plane to the 

Earth’s ellipsoid normal at the point of interest. Extending the normal inwards 

will not necessarily pass through the Earth’s center. 

o Longitude, 𝜆, is the angle in the equatorial plane from the Greenwich Meridian 

(Prime Meridian) to the line joining the origin and the projection of the point of 

interest on the equatorial plane. 
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o Altitude, ℎ, is the distance along the normal to the Earth’s ellipsoid between the 

ellipsoid’s surface and the point of interest. 

 

Figure  2-2: Rectangular and geodetic co-ordinates. Reprinted with permission from [6]. 

2.1.1.3 Local-Level Frame 

A local level frame (also called the navigation frame) is used to represent the moving 

platform’s attitude and velocity when navigating on or near the Earth’s surface. We shall refer to 

local level frame as the 𝑙-frame. The origin of the 𝑙-frame usually coincides with the center of 

mass of the moving body or platform. The axes of the 𝑙-frame are as follows: 

 𝑥-axis points East. It may be referred to as the East axis. 

 𝑦-axis points North. It may be referred to as the North axis. 

 𝑧-axis points upward, normal to the Earth’s reference ellipsoid. It may be referred to as 

the Up axis. 



 

 

 

16 

 

 

Figure  2-3: Local level frame. Reprinted with permission from [6]. 

2.1.1.4 Platform Frame 

The platform frame or body frame is the frame of the moving body. We shall refer to the 

platform frame as the 𝑏-frame.  The origin of the 𝑏-frame usually coincides with the center of 

mass of the moving body. The axes of the 𝑏-frame are as follows: 

 𝑦-axis points towards the forward direction of the body. 

 𝑧-axis points towards the upward vertical direction of the body. 

 𝑥-axis points towards the transverse direction. 

 

Figure  2-4: Platform frame. Reprinted with permission from [6]. 

2.1.1.5 Device Frame 

The device frame or sensor frame is the frame of sensors in the device. We shall refer to the 

device frame as the 𝑠-frame.  In vehicle navigation, a sensor is usually fixed in a certain position 
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in the vehicle and therefore it may be assumed that the sensor frame is coincident with the body 

frame. However, in portable or pedestrian navigation, a sensor may be untethered. An untethered 

sensor (e.g., within a cell phone) has an unknown and unfixed location in the body as well as an 

unknown and unfixed orientation, and hence the sensor frame has a variable and unknown 

misalignment with respect to the body frame. 

 

Figure  2-5: Device frame. 

Figure  2-6 shows how 𝑏-frame and 𝑠-frame can be misaligned in untethered portable navigation. 

Such difference in alignment may vary during motion. This adds an additional challenge to 

navigation: the need to calculate the misalignment between the sensor or device frame with the 

body or platform frame.   
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Figure  2-6: Difference in alignment between 𝒃-frame and 𝒔-frame. 

2.1.2 Navigation State 

The objective of navigation is to obtain the navigation state of a moving body or platform at 

different points in time. The navigation state is defined by the following information [7]: 

 Position:  which is the location of the body with respect to a predefined coordinate 

system. The position may be: 

o absolute, which is usually described in geodetic coordinates of the 𝑒-frame 

(latitude, longitude, and altitude) with respect to the Earth’s origin and surface, or 

o relative, which is usually described in rectangular coordinates of the 𝑙-frame 

(North, East, and Up) with respect to an arbitrarily chosen origin in a nearby 

location. 

 Velocity: which is the rate of change of position and is usually expressed in the 𝑙–frame 

(Velocity East, Velocity North, and Velocity Up). 

 Attitude: which is the angular rotation of the 𝑏-frame along the 3 axes with respect to the 

𝑙-frame, measured in the 𝑙-frame: 
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o Yaw: is the anti-clockwise rotation around the Up axis.  Its reference is the 

geographic North. The azimuth or heading is the negative of yaw. 

o Pitch: is the rotation around the East axis. Its reference is the tangent plane of the 

ellipsoid at the current point. 

o Roll: is the rotation around the North axis. Its reference is the plane 

perpendicular to the tangent of the ellipsoid at that point. 

2.1.3 Techniques Using Absolute Measurements 

Techniques that depend on absolute measurements are known as absolute positioning systems or 

reference-based systems. These are systems which provide position or angular distances with 

respect to a local or global frame. They usually need an infrastructure to be built to cover the 

whole globe, or to cover certain locations within a city or within a building. 

2.1.3.1 Global Navigation Satellite Systems 

Global Navigation Satellite Systems (GNSS) refers to a group of satellite systems which cover 

the whole globe or parts of the globe to help receivers on Earth obtain their positions using a 

method known as trilateration [8]. The Global Positioning System (GPS) [9] is the most well-

known GNSS, but there are systems which are either less well known, cover less of the globe, or 

are still in their development phases, such as: Russia’s GLONASS, the European Union’s 

Galileo, and China’s Beidou.  

As shown in Figure  2-7, GPS consists of a constellation of 24 satellites orbiting the Earth. The 

constellation is designed such that at any open-sky point on Earth will have a direct line of sight 

to at least 4 GPS satellites.  
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Figure  2-7: The GPS satellite constellation with permission from [6]. 

In GNSS, the distance between a satellite and a receiver can be calculated using one of two 

methods: 

 pseudo-range measurement: calculated by multiplying the speed of light by the 

difference between the transmission time of the signal from the satellite to the reception 

time at the receiver, after applying some corrections due to atmospheric delays 

(ionospheric delay and tropospheric delay) and clock offsets at the satellite and receiver 

[10], and 

 carrier phase measurement: is a more accurate measurement and is calculated by 

estimating the number of electromagnetic wave cycles (known as integer ambiguity) 

and the remaining fractional phase of the last cycle [11]. 

Moreover, in GNSS the velocity of a moving object may be calculated directly using Doppler 

measurements [6]. 
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GNSS systems have the advantage of being available in any open-sky location on the globe on 

the condition of the presence of a suitable receiver. GPS may reach a precision of 3-10 meters in 

the open sky, and enhanced GPS systems (e.g., differential GPS [12] and Wide Area 

Augmentation System (WAAS) [13]) may reach a precision of less than 2 meters in open sky. 

However the disadvantages of GNSS positioning are: 

 the absence of GNSS signals indoors and some urban canyons, and therefore the absence 

of a positioning solution in such areas, 

 the multi-path effects [14] on GNSS signals in urban areas lead to degradation in 

positioning accuracies, and 

 the relatively high power consumption [15] of GNSS receivers may not allow consumers 

to use GNSS positioning for a long time on their portable devices. 

2.1.3.2 Cellular Networks 

Cell phones may use the signals from radio towers to calculate their positions using trilateration 

[16].  This method’s accuracy is much less than that of GNSS; the best accuracy may be around 

50 meters when there is a high density of cell towers in a region. However cell service is 

abundant indoors and in urban canyons when GNSS signals are weak and cell phones consume 

less power than GNSS receivers. It is therefore only useful in applications where the city or 

district of the user is required rather than his/her exact location.  

2.1.3.3 Wi-Fi Positioning 

Wi-Fi-based positioning system (WPS or WiPS/WFPS) involves setting up wireless local area 

network (WLAN) in an indoor site (e.g., a shopping center, or university campus) and a portable 
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device receives wireless signals from several wireless beacons or access points to calculate its 

position with respect to a local reference. There are several approaches used for WPS: 

 Triangulation: by measuring the angle of the direction of incoming signals from the 

different beacons with pre-determined locations, the position of the portable device can 

be calculated. The angle of the direction of incoming signal can be measured using a 

technique known as Angle of Arrival (AOA) [17].  

 Cell Identity (CI): knowing that each beacon can cover a specified area, this method 

estimates the area in which a device is by determining which beacons are detected. This 

method has low accuracy as it does not attempt to estimate the point position of the 

device [17].  

 Trilateration: measures the round-trip time (RTT) of a signal from the device to a 

beacon. The distance between the device and the beacon is considered half of the RTT. 

Measuring the distance between the beacon and at least three beacons, trilateration 

method can be used to estimate the position of the device. RTT can be measured using 

Time of Arrival (TOA) or Time Difference of Arrival (TDOA) techniques [17]. 

 Fingerprinting: this method involves surveying an indoor site to form a database of 

signal strength “finger prints” of each beacon for many points in the indoor site. This 

method is time consuming and is inflexible to any changes of furniture or obstructions 

within the indoor site. 

 Power loss model: uses the Reduced Signal Strength Indication (RSSI) [18] technique 

to estimate the distance between a device and a beacon by measuring the drop in the 

strength of the signal coming from the beacon [17]. 
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Although WPS aims to exploit the widespread use of wireless networks in many indoor sites, it is 

not the satisfactory replacement to GNSS. The drawbacks of WPS are: 

 the need for a specific configuration and infrastructure of wireless beacons to enable 

wireless positioning, make this method expensive and available in limited indoor sites, 

 the inexistence of a single standard for Wi-Fi positioning beacons and receivers limits the 

spread of this positioning technique in the consumer market, and 

 lower accuracy of positioning than that of GNSS positioning. 

2.1.3.4 Radio Frequency Identification 

Radio Frequency Identification (RFID) is a technology which allows detection of persons or 

objects by embedding or attaching tags to them which can be detected by fixed radio frequency 

(RF) receivers [19]. It can be used for localization in a site by placing RF receivers in different 

pre-determined locations in a building or site [20]. RFID tags may be detected even if there is 

no direct line of sight with a RF device. RFID can be convenient in some applications, such as 

tracking goods in a warehouse, but it is not convenient for general purpose consumer 

applications, such as smartphones, especially as its use with humans raises privacy concerns.  

2.1.3.5 Barometer 

Barometer, a.k.a pressure sensor, is a device which measures air pressure.  Using empirical 

equations relating altitude with air pressure and temperature, a barometer may be used to measure 

altitude. This sensor only provides one component of position and therefore needs to be 

integrated with other sensors to obtain a full description of position. It also suffers from high drift 

errors [21]. 
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2.1.3.6 Magnetometer 

A magnetometer, a.k.a magnetic sensor or electronic compass, is a device which measures the 

magnetic field intensity along its axis. There are approaches, given the current position on Earth, 

to obtain the absolute azimuth using one-, two-, and three-axis magnetometers. This type of 

sensor only provides one component of attitude, i.e., heading, and is vulnerable to high error rate 

and noise if any magnetic material exists near it [22]. Tri-axial (i.e. three-axis) magnetometers 

can also detect variations in Earth’s magnetic field, and therefore when combined with a 

magnetic field map, it can aid in positioning [23]. 

2.1.4 Techniques Using Relative Measurements 

Techniques that depend on relative measurements are known as relative positioning systems or 

dead reckoning. Such navigation methods depend on devices that provide rate of change of 

position or rate of change of orientation, and integrate such inputs to get the final position and 

orientation.  In order to calculate an absolute position, the initial position needs to be obtained 

using one of the absolute positioning methods. 

2.1.4.1 Inertial Measurement Unit 

An inertial measurement unit (IMU) usually refers to a unit which consists of a triad of 

accelerometers (a.k.a tri-axial accelerometer, or 3-axis accelerometer) and a triad of gyroscopes 

(a.k.a tria-axial gyroscope, or 3-axis gyroscope), each along one of the orthogonal axes of the 

body: 𝑥-axis, 𝑦-axis, and 𝑧-axis. An accelerometer is a device which measures the acceleration, 

a.k.a specific force, of the moving body along its axis. A gyroscope is a device which measures 

the angular rate of rotation about its axis. A complex process known as strap down 

mechanization [24] is needed to continuously rotate the IMU readings, which are in the platform 

frame, 𝑏-frame, to the local-level frame, 𝑙-frame, and then integrate to update the position and 
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attitude of a moving body. Navigation using IMU sensors is also known as inertial navigation 

system (INS). 

IMUs can be categorized according to their accuracies into [1], [6]: 

 strategic grade: are usually mechanical accelerometers and gyroscopes, have an 

accelerometer bias error of 0.1-1 µg (where g=9.81 m/s
2
) and gyroscope drift of 0.0001-

0.001 º/hour, its cost is in the order of 1 million US$, and is used in submarines and 

intercontinental ballistic missiles, 

 navigation grade: have an accelerometer bias error of less than 100 µg and gyroscope 

drift of less than 0.001 º/hour, its cost is in the order of 100,000 US$, and is used in 

general navigation high precision georeferencing mapping,  

 tactical grade: are usually solid-state accelerometers and fiber optic gyroscopes (FOGs), 

have an accelerometer bias error of 1-5 mg and gyroscope drift of 1-10 º/hour, its cost 

ranges from 5,000 US$ to 20,000 US$, and is used in guided weapons and unmanned air 

vehicles (UAVs), and 

 commercial grade: are usually MEMS type, have an accelerometer bias error of 100-

1000 µg and gyroscope drift of 0.1 º/second, its cost is in the order of several US$, and is 

used in portable navigation, smartphones, low cost navigation pedometers, antilock 

braking active suspension, and airbags. 

2.1.4.1.1 MEMS Sensors 

Micro-electro-mechanical systems (MEMS) sensors are consumer grade inertial sensors (see 

Section  2.1.4.1) which are used frequently in portable navigation for their low cost, size, and 

weight. MEMS devices generally range in size from 20 micrometers (20 millionths of a meter) to 
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a millimeter (i.e. 0.02 to 1.0 mm) and are manufactured using semiconductor technology. MEMS 

sensors can be accelerometers, gyroscopes, barometers, magnetometers, and audio sensors. 

 

Figure  2-8: Image of MotionFit™ development kit from InvenSense containing the 

following MEMS sensors: tri-axial accelerometer, tri-axial gyroscope, tri-axial 

magnetometer, and a barometer. 

MEMS sensors were initially introduced into smartphones for optical image stabilization (OIS): a 

technique to detect the vibration or motion of a camera while taking a photograph in order to 

remove any resulting blurring effect [25]. Their use to provide a navigation solution in the 

absence of GNSS or Wi-Fi positioning, or improve the navigation solution in their presence, is 

becoming more widespread in electronic consumer devices such as smartphones, tablets, 

smartwatches, and smartglasses. 

The work presented in this thesis has been developed and tested using off-the-shelf portable 

consumer devices, including smartphones, tablets, smartwatches, and smartglasses, based on 

MEMS sensors. Developing applications using MEMS sensors is challenging as they suffer from 

many different types of errors – as explained in the following subsection. However, an 

application which proves to work using MEMS sensors, shall most likely work using higher 

grade sensors which are more accurate. 
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2.1.4.1.1.1 Types of MEMS Sensors Errors 

Figure  2-9 shows the different types of errors in MEMS inertial sensor measurements and their 

categorization. The explanation of each error type shall follow. In the following explanation, the 

term “input” refers to actual true quantity (e.g., acceleration for accelerometer and rotation for 

gyroscope), and the term “output” refers to the measurement reading of the sensor. 

 

Figure  2-9: Types of MEMS sensor errors. 

 Deterministic Errors: These errors can be estimated and therefore compensated through 

laboratory calibration [6], [7], [26]. 

o Bias: As shown in Figure  2-10, it is the value of the constant nonzero output 

when the input is zero. 
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Figure  2-10: Bias error. Reprinted with permission from [26]. 

o Scale factor error: As shown in Figure  2-11, this error is when the input-output 

gradient is different from unity. It is usually due to aging or imperfection in 

manufacturing. 

 

Figure  2-11: Scale factor error. Reprinted with permission from [26]. 

o Nonlinearity: As shown in Figure  2-12, this error is present when the relation of 

the input and output is not linear as it should be. 
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Figure  2-12: Non-linearity error. Reprinted with permission from [26]. 

o Scale factor sign asymmetry: As shown in Figure  2-13, this error can be caused 

by mismatched push pull amplifiers in the electronic circuit enclosing the sensor. 

 

Figure  2-13: Scale factor sign asymmetry error. Reprinted with permission from [26]. 

o Dead zone: As shown in Figure  2-14, this is a range where there is input but no 

output 
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Figure  2-14: Dead zone error. Reprinted with permission from [26]. 

o Quantization: As shown in Figure  2-15, this type of error exists in digital 

systems and is caused by the conversion from analog to digital values.  

 

Figure  2-15: Quantization error. Reprinted with permission from [26]. 

o Cross coupling Error: This error is due to manufacturing limitations. It is 

caused by the error in the misalignment of the axes of the sensors with respect to 

the ideal orthogonal axes of the body frame. 

 Stochastic Errors: These are random and more difficult to estimate. They can only be 

modeled stochastically [6], [7], [26]. 

o Bias drift: This is instability in bias where random changes in bias with respect 

to time occur. It can be caused by temperature changes. 

o Scale factor instability: This is a random change in scale factor. 
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o White sensor noise: a.k.a electronic noise. This type of error is uniformly 

distributed across all frequencies, and is caused by intrinsic noise of 

semiconductor devices, digitization errors, or power supplies. 

o Run-to-run bias offset: refers to the change of bias error from one run or 

trajectory to another. 

o Exponentially correlated noise: is a time-varying additive noise affecting 

sensor bias, and is due to internal or external temperature and heat distribution 

variations. 

o Random walk sensor error: random walk, a.k.a. Brownian motion, is a model 

used to represent many processes in many domains [27] . It is generated by 

integrating white noise, and is characterized by linearly increasing variances. 

o Pink noise: a.k.a ‘1/f’ noise or flicker noise, is a noise whose amplitude is 

inversely proportional to the frequency. It is considered a combination of white 

noise and random walk. 

2.1.4.2 Odometer 

An odometer is a sensor attached to the wheel of a car to measure the angular rotation rate of the 

wheel and therefore deduce the linear velocity of the car [28]. Its output needs to be integrated 

with other sensors since it only provides the velocity of the vehicle in the forward direction [29]. 

It has some disadvantages including providing erroneous results if the wheels skid. 
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2.1.5 Integrated Navigation 

The two main methods for navigation are: 

 GNSS positioning: provides an accurate absolute position on the condition of the 

existence of direct line of sights to at least 4 GNSS satellites, and 

 INS or strap down mechanization: calculates relative position by integrating signals from 

a triad of accelerometers and a triad of gyroscopes. To provide an absolute position, it 

requires an initial position, usually provided by GNSS. 

GNSS positioning is accurate but only works outdoors when there is no obstruction to GNSS 

signals. INS can work anywhere – indoors or outdoors – but provides inaccurate positioning. 

Integrated navigation is the set of approaches to fuse both methods to get “the best of the two 

worlds” and provide a more accurate positioning solution whether or not GNSS signals are 

available. The main algorithms are Kalman filter [30], Particle filter [31], and artificial 

intelligence-based techniques (artificial neural networks [32], fuzzy logic [33], neuro-fuzzy 

modules [34]). Despite the fact that such techniques can be applied to integrate readings from 

many different combinations of sensors and navigation systems, most techniques in literature 

concentrate on merging GNSS with INS. 
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Figure  2-16: Overview of integrated navigation solution using sensor fusion or estimation 

algorithms. 

Such sensor fusion or estimation algorithms can also be used to: 

 smooth height measured by barometer with vertical acceleration obtained from 

accelerometers [35], and 

 smooth heading measured by magnetometers with gyroscope measurements [36], and 

 smooth velocity of a vehicle measured by an odometer with accelerometer and gyroscope 

measurements, in an algorithm known as Reduced Inertial Sensor System (RISS) [37]. 

2.2 Portable Navigation 

Portable navigation utilizes mobile computing devices, whose sizes and weights allow them to be 

carried by a user while moving. Portable navigation is becoming increasingly popular amongst 

consumers. Demand for mobile computing devices that can help a person navigate in an airport, 

university, or large shopping center using a smartphone, tablet, and more recently, smartwatch or 

smartglasses, is expanding. It is essential in some fields like, firefighting, first-time responders, or 

in military applications.  
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2.2.1 Challenges of Portable Navigation 

The ability to enable portable navigation indoors and in urban canyons, where there is no signal 

availability from GNSS, is one of the main challenges facing researchers in the navigation field. 

There is a growing demand in the consumer market for smartphone navigation in indoor areas 

such as shopping malls. Other critical applications, such as first-time responder and firefighting, 

need a positioning solution when encountering an indoor location. 

Portable navigation devices usually contain low-cost MEMS sensors, for affordability and 

feasibility requirements. However those sensors have large errors. Sensor fusion or estimation 

algorithms on portable devices need to be able to model such errors in order to remove them 

using signal processing techniques. 

Furthermore, such portable devices can be freely used in an untethered manner by the consumer 

in any device usage and any orientation with respect to the user, while INS algorithms usually 

assume that the axes of the inertial sensors are fixed and aligned with the axes of the user or 

moving platform. A navigation solution should be able to solve the difference in alignment 

between the body or platform frame and the sensor or device frame, as shown in Figure  2-6. The 

most difficult and most important misalignment to calculate is the misalignment between the 

heading of the device and the heading of the moving body, while the differences in yaw and pitch 

are usually easy to calculate. In portable navigation, the term “misalignment” usually refers to the 

difference between the heading of the 𝑏-frame and the heading of the 𝑠-frame. 

Another challenge imposed in portable devices is the real-time computational constraints – 

namely limited memory size, limited energy, and limited processor speed – on any navigation 

algorithm employed [38]. 

Therefore, the challenges of portable navigation can be listed as: 



 

 

 

35 

 

 the common use of portable devices indoors and urban canyons raises the need for a  

positioning solution in areas where GNSS signals are unavailable,  

 high error rate of MEMS sensors used, 

 the need to use portable devices in an untethered and unrestricted manner, means that the 

misalignment between the portable device heading and user or platform heading is 

unknown and variable, and  

 restrictions of limited memory size, energy, and processor speed. 

2.2.2 Need for Motion Mode Detection in Portable Navigation 

Using mobile computing devices with MEMS sensors in indoor portable navigation results in 

insufficient accuracies, even when integrated with Wi-Fi positioning. One way to try to improve 

such accuracies is to use specific algorithms or impose specific constraints based upon the motion 

mode detected. Examples of such specific algorithms or constraints are: 

 PDR algorithm with walking parameters can be used if walking motion mode is detected 

[39].  

 PDR algorithm with running parameters can be used if running motion mode is detected 

[40]. 

 Driving algorithms are also used if driving motion mode is detected. 

 Constraints can be imposed to ignore any acceleration or gyroscope erroneous readings 

when the user is detected to be sitting or standing in stationary mode, and therefore avoid 

any incorrect estimation of position displacement [41]. 
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 Zero-Update Velocity (ZUPT) can be applied if stationary mode is detected to update 

error modelling parameters of sensors [41]. 

 If map matching [42] is used, the detection of a specific motion mode may cause the 

positioning solution to be altered to a specific location applicable to such motion mode. 

For example, if standing on a moving walkway is detected, an indoor map matching 

module may correct the positioning solution to a location where the moving walkway 

exists in the map [43]. 

 Separate models for misalignment (i.e. difference in heading between the user or platform 

heading from the portable device heading) estimation exist for each motion mode [44]. 

Therefore, detecting the correct motion mode shall result in invoking the correct 

misalignment estimation model, which in turn improves the positioning solution. 

The failure to detect the correct motion mode may lead to undesirably high miscalculation in 

position. For example, if a person stands on a moving walkway, the acceleration measured by 

accelerometers will be almost zero. As the walkway moves with a constant velocity, the motion 

mode may be misclassified as standing, and therefore zero displacement shall be estimated while 

the true displacement may be dozens of meters. Also, if a person walking on stairs is incorrectly 

detected as walking on the ground, the horizontal displacement shall be overestimated as the 

distance along the stairs – calculated by PDR – is not projected onto the horizontal plane. 

Figure  2-17 illustrates the different cases of misclassification of motion modes, and the 

implications of such misclassifications on the navigation results. 
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Figure  2-17: Cases of misclassification of motion modes and their implications on 

navigation results. 

2.3 Summary 

In  Chapter 2, an overview of both navigation and portable navigation was provided. Navigation 

can be simply defined as the techniques and approaches to calculate the navigation state variables 

(explained in Section  2.1.2), which are namely: position, velocity, and attitude.  

The coordinate reference frames in which such state variables are measured have been explained 

in Section  2.1.1. The main coordinate reference frame which most users need to navigate in their 

daily lives is the Earth-Centered Earth Fixed frame (𝑒-frame), using geodetic or curvilinear 
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coordinates. However, navigation usually requires transforming the platform frame (𝑏-frame), to 

the local-level frame (𝑙-frame), to the 𝑒-frame. Portable navigation needs one more step at the 

beginning: to transform from the device frame (𝑠-frame) to the 𝑏-frame. 

The main techniques used in navigation to calculate navigation state were explained. Navigation 

techniques can be categorized into reference-based systems (explained in Section  2.1.3) which are 

based on absolute measurements, and dead reckoning (explained in Section  2.1.4), and integrated 

navigation (explained in Section  2.1.5). Reference-based systems are usually more accurate but 

are not abundant everywhere, dead reckoning is abundant but is less accurate, while integrated 

navigation aims to get the best of both worlds. 

Section  2.2 explains portable navigation. The aim of making portable navigation ubiquitous, 

pervasive, and flexible, imposes many challenges and therefore more algorithms, optimizations, 

and constraints, are employed in addition to the navigation techniques discussed in Section  2.1. 

Section  2.2.2 explained why the motion mode recognition module developed in this thesis is 

necessary to improve portable navigation results: different motion modes have different 

optimization algorithms and constraints, and therefore detecting the correct motion mode shall 

guide a portable navigation solution to run and apply the most suitable algorithms and constraints.    
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Chapter 3 

Literature Review 

This chapter shall start with an overview of some terminology used in motion mode recognition 

and similar domains. After that, a survey of motion mode recognition modules shall be provided 

based on the following criteria: 

 Recognized activities or motion modes, explained in Section  3.2 Motion Modes 

Coverage. 

 Level of obtrusiveness, level of energy consumption, and flexibility level, explained in 

Section  3.3 Robustness and Feasibility. 

 Device types: the way to set them up, and the method of acquiring, storage, or 

transmitting the measurements, explained in Section  3.4 Device Types. 

 Type of sensors and measurements used, explained in Section  3.5 Sensors Used. 

 Type of data collection protocol to train and evaluate the recognition module, explained 

in Section  3.6 Data Collection Methods. 

 Processing of signal measurements and the calculation of other variables and attributes in 

preparation for feature extraction, explained in Section  3.7 Signal Processing Methods. 

 Features extracted as well as methods of feature selection and feature transformation, 

explained in Section  3.8. 

 Learning and classification techniques, in Section  3.9, as well as different methods of 

combining them, explained in Section  3.9.13. 
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 Performance measures used to evaluate a motion mode recognition module, provided in 

Section  3.10 Performance Measures. 

 Overall accuracy for all activities, provided in Section  3.11 Comparison of Overall 

Accuracies. 

3.1 Terminology 

In this thesis, the following terms shall be used: 

 Motion Mode to refer to the way the user or platform, carrying a portable device, moves 

from one location to another. The term motion mode shall be interchangeably used with 

mode of conveyance or mode of transit when referring to some motion modes 

associated with transportation or transit methods, such as train, plane, and elevator. 

o Examples of motion mode include: stationary, walking, driving, cycling, standing 

in an elevator, flying in a plane, etc. 

 Device Usage or Use Case to refer to the way the portable device is held or carried.  

o Examples include handheld, on ear, in pocket, in phone car cradle, etc. 

 Orientation to refer to the alignment of the axes of the device frame (see Section  2.1.1.5) 

with respect to the platform frame (see Section  2.1.1.4) or local-level frame (see 

Section  2.1.1.3). 

In this literature review, it is useful to distinguish between different terms used by researchers: 

 Motion Mode Recognition refers to the recognition or detection of the motion mode 

(which is what this thesis covers), and its objective is usually to help in navigation. 
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 Activity Recognition refers to the recognition or detection of the motion mode and/or the 

device usage as well as other activities which are not related to motion (such as brushing 

teeth or sleeping), and it usually has objectives other than navigation, such as monitoring 

patients and smart homes. 

 Context Awareness [45] refers to the recognition or detection of the context surrounding 

a portable device, which includes the motion of the user or platform carrying it, as well as 

the environment the user or platform is in (such as whether the device is an indoor 

location, outdoor location, underground, in the sea, high in the air, etc.).  

Although in literature, many authors use the term “context awareness” interchangeably with the 

term “activity recognition”, we shall consider here activity recognition to be a subset of context 

awareness. 

Although much research work in the fields of activity recognition and context awareness may 

have a different scope to the scope of this work, many of their techniques and approaches may be 

similar to or useful in motion mode recognition, and therefore such research work shall be 

addressed in this literature review. Figure  3-1 illustrates the differences between motion mode 

recognition, activity recognition, and context awareness. 
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Figure  3-1: Venn diagram illustrating the differences between motion mode recognition, 

activity recognition, and context awareness. 

3.2 Motion Modes Coverage 

Motion mode recognition is an interest in various domains in addition to navigation, such as: 

 biomedical applications [46]:  

o for fitness monitoring: to monitor patients with diabetes, obesity, or heat disease, 

to check whether they follow the exercise routine as directed by their doctors 

[47][48],  
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o eldercare support, long-term preventive and chronic care: to remotely monitor 

patients who are aging or who suffer from diseases such as heart disease [49], 

dementia, and other mental pathologies, to detect dangerous or abnormal 

activities, such as falling on the floor [50], [51], and provide necessary 

emergency response care, 

 military applications: to monitor soldiers remotely in bomb disposal missions 

[52][53][54],  

 robotics [35], [55], [56]: to monitor robots remotely, and 

 smart environments: to enable, disable, or modify the working of some devices and 

machines in a smart home or smart office [57], which usually uses cameras and sensors 

on site rather than wearable sensors on the user himself/herself. 

Therefore, different domains may be interested in different motion modes or activities. 

Different sets of motion modes were covered by different research work. Frank et al. detected a 

group of motion modes including walking, running, sitting, and jumping [58]. Driving a vehicle 

was included in [59]–[61]. Foerster et al. [62] as well as Altun and Barshan [63] included cycling 

in their work. Detecting stationary mode was made by [41], [64]. 

Yang, Chen, and Lee [65] detected sitting, standing, walking, and running, while Brezmes and 

Gorricho [66] worked on detecting walking, stairs, sitting, standing, and falling. Lester, 

Choudhary, and Borriello [67] also included elevators in their detection. Riding an escalator was 

included in [68]. To the best of the knowledge of the author of this thesis, no previous work has 

been done on detecting standing or walking on a moving walkway, nor on walking on an 

escalator, which is one of the novel contributions of the work presented in this thesis. 
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3.3 Robustness and Feasibility 

The following criteria are considered to evaluate the robustness and feasibility of a motion mode 

recognition module: 

 unobtrusiveness, 

 flexibility, and 

 energy consumption. 

3.3.1 Unobtrusiveness 

For a motion mode recognition solution to become popular and feasible, it needs to be less 

obtrusive. It needs to be less bulky and need less interaction from the user.  

Some solutions used multi-sensor units that need to be attached to various parts of the body [69], 

[70], which is inconvenient for consumer use. Some work required a heavy rucksack with 

measuring devices [71]. Such solutions can be uncomfortable and expensive. 

Other solutions required small boards or devices attached to one part of the body, such as the 

wrist [72] or chest [73]. Even more feasible solutions involved motion mode recognition module 

implemented as a software on a cell phone [74]–[76]. 

The work presented in this thesis only requires a single portable device, which can be a 

smartphone, tablet, smartwatch or smartglasses, which most users carry or wear anyway, making 

consumer use more feasible. 

3.3.2 Flexibility 

Some research work used tethered portable devices [77], [78], while other work used untethered 

[47], [79]. When using tethered portable devices, the portable device is tethered to a specific part 

of the body, e.g., to the foot [53], restricting the motion mode recognition. An untethered portable 



 

 

 

45 

 

device is more flexible and allows the device to be on more than one part of the body, e.g., being 

held on the ear, in a pocket, or handheld. To produce a robust motion mode recognition module, 

the work presented in this thesis handles untethered portable navigation devices and covers a 

large number of device placements. 

3.3.3 Energy Consumption 

No analysis on energy consumption has been provided by any researcher on his/her motion mode 

recognition [80]. However, we can conclude that using MEMS sensors shall consume less energy 

than higher grade sensors. Moreover, smaller sensors usually mean less energy consumption: for 

example, smaller sensors in smartphones consume less energy than relatively larger standalone 

sensors attached to a part of the body. 

Moreover, the acquisition method of the measurements is an indication of energy consumption 

(see Section  3.4.2). Communicating measurements to another processing device using Bluetooth 

usually consumes less energy than Wi-Fi or ZigBee, while storing measurements in an on-board 

memory chip or even sending it directly to an on-board processor shall consume less energy than 

communicating with another processing device. 

3.4 Device Types 

This section discusses the different devices used in motion mode recognition: both the 

measurement equipment as well as the equipment for acquiring – either by communication or 

storage - the measurements. As shown in Figure  3-2, motion mode recognition modules may 

consist of standalone and self-contained integration devices where measurements, processing, and 

storage take place in one place; or consist of systems of wearable sensors and processing devices 

in different places with communication between them. 
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Internet

Sensors Integration Devices Communication Storage and Inference

Motion Sensors: accelerometer, gyroscope, 
barometer, magnetometer
Environmental Sensors: audio, humidity, light, 
temperature
Physiological Sensors: heart rate, respiration rate, 
skin temperature, skin conductivity
Location Receivers: GNSS receiver, Wi-Fi receiver, 
cell signal receiver

Printed circuit board, breadboard, cell phone, 
smartphone, laptop

Wired connection, Wi-Fi, Zigbee, internet, cellular 
network

SD card, local on the integration device, or remote 
on another device

 

Figure  3-2: Different components and/or hierarchy of motion mode recognition modules. 

3.4.1 Setup and Mounting 

Most researchers measured data using sensors attached to different parts of their bodies. Some 

placed single sensors tethered to one place on the body, e.g., [81], and others placed multiple 

sensors in more than one place on the body at the same time, e.g., [68], [82]. 

Small boxes or boards containing several types of sensors, which were manually designed or 

readily purchased, and placed along the belt [68], on the shoulder, waist, or wrist [78], or on the 

foot [83] were used. Mobile phones such as Nokia [59], [84], [85] or phones with Android 

operating system [76] were also used. 

3.4.2 Data Acquisition 

Acquiring data is done in various ways. In some researches a laptop and group of batteries, to 

power the sensors, were placed in a backpack and connected to the sensors on the person’s body 

via cables [58], [79], [86]–[88]. Lester and Choudhury [78] used a device to transfer data 

collected on a sensor board to a laptop wirelessly via Bluetooth. Yin and Yang [89] attached 

wireless interfaces to sensors to transmit data via RF signals to a laptop or desktop, as shown in 

Figure  3-3. Karantonis et al. [81] used a microcontroller board set up to transfer data read from 

the sensors to a laptop or desktop via ZigBee technology. 
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While some research which used cell phones stored the data on the cell phone’s storage, Zhao et 

al. [90] used an SD card to store the data read by a custom-built microcontroller board. 

 

Figure  3-3: Acquiring motion data from sensors via wireless connection. 

Some researchers made the data they collected available for public on the Internet. Researchers 

from German Aerospace Center have placed some of their data collection online [58]. 

Researchers from Fordham University have started the WISDM (Wireless Sensor Data Mining) 

Project and are willing to make their data collected available to the public in the future [91]. 

3.5 Sensors Used 

3.5.1 Motion Sensors 

The main input source used in most research is inertial sensors, and mainly accelerometers. Fewer 

have used gyroscopes, and some researchers used a wide range of sensors which included 

barometers and magnetometers [80]. 

3.5.1.1 Accelerometer 

Accelerometers have been used in almost all research work in motion mode recognition. 

Sometimes single-axis accelerometers are used [64], [66] and other times 3-axis accelerometers 

are used [65]. 
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The effect of the sampling rate of an accelerometer on recognition accuracy was evaluated by 

Maurer et al. [72] and it was found that there is no significant gain for having sampling frequency 

higher than 20 Hz. 

Most motion modes can work with accelerometers which have measuring ranges of ±2𝑔 (where 

𝑔 = 9.81 m/s2). However motion modes such as fast running may need measuring ranges of 

±4𝑔. 

3.5.1.2 Gyroscope 

Measuring the angular rotation of parts of the body is very useful to detect motion mode. Some 

research work used angular rotation rates measured by gyroscopes [92], [93]. Most of the time, a 

tri-axial gyroscope was used, but some researchers used a single-axis gyroscope [77].  

The main drawback of gyroscopes is that they tend to have high error rates: they usually have 

higher drift errors and higher run-to-run bias errors than accelerometers. 

3.5.1.3 Barometer 

Barometers, a.k.a. pressure sensors, are useful in detecting height change motion modes such as 

going up or down elevator, or walking upstairs or downstairs [94]. However, barometers suffer 

from high drift errors and they might need some denoising and other pre-processing techniques 

[21]. 

3.5.1.4 Magnetometer 

Magnetometers, a.k.a. electronic compasses, or magnetic sensors, can be used to improve the 

estimation of the heading along with gyroscopes. However, they cannot be used alone all the time 

to calculate heading as they need re-calibration regularly, and suffer from anomalies when they 
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get close to iron structures. Magnetometers were mentioned to be part of portable devices used by 

researchers in [63], [89] but without making use of their measurements. 

3.5.2 Environmental Sensors 

Some work has used non-motion sensors, such as light sensors, humidity sensors, temperature 

sensors, and audio sensors [67], [69], [78]. The drawback of such sensors is that their signals 

represent the environment in which a person moves rather than represent the person’s motion 

[78]. Such sensors can be more useful for context awareness rather than for motion mode 

recognition. 

3.5.2.1 Audio Sensor 

Audio sensor, a.k.a. sound sensor or microphone, are sensors that measure the level of noise or 

detect certain acoustics. If there is a low level of noise detected by an audio sensor, a context 

awareness module or motion mode recognition module may be biased to predicting sleeping 

mode or stationary. However, this can be misleading as the same motion mode, such as sleeping, 

can happen in quiet or noisy locations. Audio sensors have been used by Pan [89] and Choudhury 

et al. [67]. 

3.5.2.2 Humidity Sensor 

Humidity sensors have been used by [67], [69], [78]. None of such research work pointed out that 

humidity sensors had a positive impact on motion mode recognition. In fact, Lester and 

Choudhury [78] mentioned that they discarded the readings of the humidity sensor for activity 

recognition, although the sensor was logging measurements. It was also used in a solution named 

UbiFit along with other sensors for activity inference in outdoor areas to encourage physical 

activity [95]. 
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3.5.2.3 Light Sensor 

Diraco et al. [51] used a light sensor to detect falling mode. However its drawback was that it was 

vulnerable to interference effects. Grokop et al. [96] used light or proximity sensor to detect the 

device usage or device location on the body. Riboni and Bettini [97] used a light sensor in its 

portable device but did not mention whether its signals were processed.  

3.5.2.4 Temperature Sensor 

Subramanya et al. [98] and Lukowicz et al. [69] used temperature sensors to detect the 

environment in a context awareness system. Choudhury et al. [67] used temperature sensors in 

their module but did not mention whether its signals were processed or not. In [78], Lester and 

Choudhury pointed out that temperature measurements proved to be misleading in providing false 

alarms to certain motion modes and therefore decided to discard them when training the 

classification model. 

3.5.3 Physiological Sensors 

3.5.3.1 Heart Rate Sensor 

Other research work [68] proposed using heart rate sensors, a.k.a biometric sensors. Hear rate 

sensors can indicate the activity level of the motion mode no matter where the device is placed. 

However, they can be misleading since a user’s heart rate may be high while sitting or sleeping 

after running [99]. Moreover, a user’s heart rate may change due to psychological or 

physiological reasons not due to performing different activities or motion modes. In addition to 

that, heart rate sensors are bulky and can introduce obtrusiveness. 
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3.5.3.2 Respiration Rate Sensor 

Respiration rate sensors have been used by Parkka et al. [71]. It is also used in a product named 

Zephyr [100] used for monitoring athletes. Again, they have similar advantages and 

disadvantages to heart rate sensors. 

3.5.3.3 Skin Temperature Sensor 

Skin temperature sensors have been used by Brusey at al. [52] for monitoring postural activity of 

soldiers in bomb disposal missions. Also some commercial solutions, such as BodyMedia [101] 

use skin temperature sensors to monitor physical activity levels of sports users. 

3.5.3.4 Skin Conductivity Sensor 

A human’s skin has electrical resistance which can fluctuate according to physical activity, as 

well as according to mental and emotional change. Trivino and Heide [102] used a skin 

conductivity sensor along with a tri-axial accelerometer to detect one of 4 motion modes: idle, 

working, walking, and relaxing.  

3.5.4 Location Receivers 

3.5.4.1 GNSS Receiver 

Some research work used position and velocity measurements by GNSS receivers [45] as features 

to improve the detection estimation.  

GNSS velocity measurements can be a significant feature to distinguish one motion mode from 

another, as many motion modes are characterized with low velocities (e.g., walking) and other 

motion modes are characterized with high velocities (e.g., driving or cycling). The stationary 

mode can be easily detected when the GNSS velocity is measured as almost 0 m/s. 
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GNSS position, along with map information, can be used to narrow down the possible motion 

modes which can exist in a certain position. For example, if the co-ordinates of the path of a 

railway are stored in an electronic map in a portable device, and if the GNSS position 

measurements over a significant period of time are coincident or very close to such co-ordinates, 

then it can be detected that the mode of conveyance is train. 

This may make recognition easier, but at the same time results in a recognition module which 

shall not work indoors or in urban canyons when GNSS signals are unavailable.  

3.5.4.2 Wi-Fi Receiver 

Pei et al. [84] used Wi-Fi positioning to fuse with features extracted to improve the estimation of 

the position indoors, and used it for motion mode detection. Again, this results in a motion mode 

recognition module which is restricted to sites which support Wi-Fi positioning, rather than a 

general-purpose ubiquitous motion mode recognition module. 

3.5.4.3 Cell Phone Signal Receiver 

Anderson et al. [48] analyzed GSM cell signal strength, fluctuation, and visibility measured by 

cell phones to estimate user’s motions. However the authors tested their module in a controlled 

environment and concluded that their solution shall have a lower accuracy when used in a natural 

uncontrolled environment. 

3.6 Data Collection Methods 

In this section, we shall discuss the different methods found in literature to collect data for motion 

mode detection. 
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3.6.1 Test Cases 

Most researchers used themselves, or their colleagues to perform the tests. However this has the 

disadvantage that the data may be biased since the testers constrain themselves - at least sub- 

consciously - to repeat motions in a specific manner, and therefore the performance of 

recognition systems loses credibility.  Better research work asked for volunteering students of 

various ages to perform the tests [78]. 

Korbinian et al. [58] considered several factors to obtain semi-naturalistic data:  test cases were of 

different genders, heights, weights and ages ranging from 23 to 50, and they were asked to 

perform a set of tasks in whatever order they wanted in the style they preferred. To gain more 

credibility, some researchers asked testers to record their normal activities within a whole day or 

even a whole week [59]. One point of concern is that a tester in semi-naturalistic cases still needs 

to label his activities (by writing in a notebook for example).  This may add some unavoidable 

attitudinization, and the time consumed in labeling needs to be omitted during classification by 

adding a time margin [85]. 

3.6.2 Classification Protocol 

User specific training [68] is a classification protocol in which each user’s data is separated into 

training data and testing data:  recognition algorithm’s parameters are performed on the training 

data and evaluated on the testing data. This is then repeated for all users tested. 

In Leave-one-subject-out [68], all users’ data except one are used for training and the last user’s 

data is used for testing. Then this is repeated for all users. 

Other researchers used data collected from a set of users as training data and data from another 

set of users as testing data [85]. 
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3.7 Signal Processing Methods 

A wide range of methods have been used to pre-process sensor signals in different ways, such as 

de-noising, in order to obtain more meaningful or less noisy data for feature extraction and 

classification. Other work combined signal readings from various sensors to estimate variables, 

such as velocity [92]. 

3.7.1 Windowing 

Motion mode cannot be deduced by looking at sensor signals or variables for a single time epoch. 

Motion is a dynamic property and therefore we need to look at how a signal or variable changes 

over a specific period of time to analyze the motion and try to estimate the motion mode. 

Therefore, windowing needs to be done. 

Windowing is the most basic step and is used by almost all researches.  At each time epoch, the 

signals or variables involving the current epoch and the previous 𝑁 − 1 epochs, where 𝑁 is an 

arbitrarily chosen positive integer representing the length of the window, are grouped into a block 

or window. Then, features are extracted from that window of data for further analysis.   

The wider the block or window, the more descriptive the features extracted from it can be, but the 

more rough the classification result may be since the window may contain a transition between 

two or more motion modes, and the more computation power is needed as longer arrays of data 

need to be processed at each epoch. The shorter the block, the less information the window 

contains to represent the motion. Different window lengths have been used in the literature [80]: 

0.08s [103], 1s [75], 1.5s [104], 3s [54], 5s [63], 7s [105], 12s [73], or up to 30s [99], where the 

time length of the window is equivalent to the number of samples within the window multiplied 

by the sampling frequency of the signals or variables involved. 
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Some researchers used non-overlapping or disjoint windows [54], [63], [75], [104] and others 

used overlapping windows [68], [73], [99], [106]. The advantages of the latter are the higher 

precision in detecting motion mode transitions as well as availability of more input feature 

vectors to training classifier models due to the increase of the number of windows. However, its 

disadvantage is that it consumes more processing power as it executes the motion mode 

recognition functions more frequently. 

3.7.2 Rounding 

Rounding the floating values of the data readings can be used to cope with real-time constraints 

(e.g., limited storage, limited communication bandwidth, or limited processor power).  It has been 

used by [59] to reduce noise. 

3.7.3 De-noising 

Low pass filtering can be used to remove high frequency noise. This can be done using several 

methods: 

 Digital low pass filter:  i.e., using a conventional  low pass filter with a pre-defined cut-

off frequency [52], [82], 

 Mean filtering: using a moving average window replacing each data element with the 

mean of the group of data elements before and after it [46], [79], 

 Median filtering: a moving average window but returning the median rather than the 

mean [81], and 

 Wavelet transform:  wavelet transform (see Section  4.3.4.5) may be used to return an 

approximate form of the signal with high frequency data removed [87]. 
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The disadvantage of low pass filtering is that it may remove high frequency dynamics which may 

be descriptive part of the motion. 

3.7.4 Variable Calculation 

Other work involved calculating other navigation variables such as levelled vertical acceleration 

[79], while others went even further to implement sensor fusion algorithms, which combine 

signal readings from various sensors to estimate variables such as vertical velocity [92]. 

Since in portable navigation, a portable device can be in any orientation, there arises a need to 

level the accelerometer readings in order to obtain the acceleration along the vertical axis and 

along the horizontal plane. David Mizell [107] deduced that, in pedestrian activities, or for low-

acceleration activities, the low frequency component of acceleration measurements can be an 

estimate of the gravity vector. Therefore, the low frequency component can be calculated as the 

average of the acceleration vector: 

 �⃗�𝑎𝑣𝑒 = mean(�⃗�) ≈ �⃗� 

[

𝑎𝑎𝑣𝑒𝑥

𝑎𝑎𝑣𝑒𝑦

𝑎𝑎𝑣𝑒𝑧

] = [

mean(𝑎𝑥)

mean(𝑎𝑦)

mean(𝑎𝑧)

] ≈ [

𝑔𝑥

𝑔𝑦

𝑔𝑧

] 
( 3.1) 

According to David Mizell [107], the acceleration along the vertical axis can be estimated as: 

 
�⃗�𝑢𝑝 ≈

(�⃗� − �⃗�𝑎𝑣𝑒) ∙ �⃗�𝑎𝑣𝑒

�⃗�𝑎𝑣𝑒 ∙ �⃗�𝑎𝑣𝑒
�⃗�𝑎𝑣𝑒 ( 3.2) 

Therefore, the acceleration along the horizontal plane can be estimated as: 

 �⃗�ℎ = �⃗� − �⃗�𝑢𝑝 ( 3.3) 

It is difficult to analyze �⃗�ℎ along the forward and perpendicular axes as this needs the estimation 

of the heading, which is more difficult to calculate correctly. However, the magnitude of the 

levelled horizontal acceleration, 𝑎ℎ = |�⃗�ℎ|, can be used as a variable to extract features from. 
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3.8 Features Used 

Most research attempts in motion mode recognition, extract features from sensor signals or 

processed variables, rather than using them directly. Features need to be chosen such as to 

increase the inter-set distance, i.e. be significantly different from one motion mode to another, 

with minimum overlapping. One or two features are usually not enough to distinguish one motion 

mode from another, and it is a combination of features which help to discriminate motion modes 

from each other. 

Table  3-1 shows a summary of a survey of features used in literature for motion mode 

recognition. Features used in literature can be categorized into: 

 statistical features, 

 time-domain features, 

 energy, power, and magnitude features,  

 frequency domain features, and 

 other features. 
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Table  3-1: Summary and categorization of features used by researchers in motion mode 

recognition. 

Statistical features are features which identify the statistical distribution of a signal within a 

window or across a specific timespan. It includes central tendency measures, such as arithmetic 

mean, geometric mean, median, and root mean square, which estimate an average value which 

can represent the values of a signal. It also includes dispersion metrics, such as standard 

deviation, variance, inter-quartile range, and mean absolute deviation, which represent whether 

the values are close to each other or widely dispersed.  

Category Features 

Statistical Arithmetic Mean 

[64][108][92][109] 

Median[47] 

Geometric Mean 

Root Mean Square [110] 

Variance [52] 

Standard Deviation [85] 

Skewness 

Kurtosis 

75
th
 Percentile [59] 

Interquartile Range (IQR) [58] 

Mean Absolute Deviation (MAD) 

[46]  

Binned Distribution [76] 

Time-Domain Zero-Crossing Rate [45] 

Time Between Peaks [76] 

Energy, Power, and 

Magnitude 

Energy [68] 

Sub-band Energies [58] 

Sub-band Energy Ratios [79] 

Signal Magnitude Area [81] 

Frequency-Domain Fourier Transform (FT) [68][110]  

Short-Time Fourier Transform [111][112][79] 

Discrete Cosine Transform (DCT) [63] 

Power Spectral Centroid [59] 

Continuous Wavelet Transform [113][112] 

Discrete Wavelet Transform [114]  

Energy of the DWT at Each Level [114] 

Wigner Distribution [112] 

Frequency Domain Entropy [109] 

Others Cross-correlation [64][79][115][49][59][109] 
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Energy, power, and magnitude features are features which look at the sum of squares or sum of 

norms of the signal values.  

Time-domain features are features which diagnose the way a signal changes with time. Examples 

include the time between peaks feature, which indicate the density of peaks within a waveform, 

and the zero-crossing rate, which indicate how much a signal or variable crosses the zero-value 

barrier.  

Frequency-domain features are features which analyze the frequency components of a signal. The 

Fourier transform simply returns a vector of values representing the amplitude or power of each 

frequency component. Frequency domain entropy represent how distributed or concentrated are 

the amplitudes of the frequency components, while the power spectral centroid attempts to 

represent the most dominant frequency component in a signal. 

Other features include the cross-correlation between vertical and horizontal acceleration 

components, which may indicate whether a person is walking in a horizontal plane or going up or 

down stairs, as the cross-correlation in the former is expected to be close to zero, and is expected 

to be positive or negative in the latter. 

One or more features within a feature set or feature vector can be misleading and cause a 

classifier to produce less accurate results than if such features were not there or were slightly 

modified. Some research work in motion mode recognition, or pattern recognition in general, use 

feature selection methods or feature transformation methods to obtain a better feature vector for 

classification. 

3.8.1 Feature Selection 

Feature selection aims to choose the most suitable subset of features which shall result in the 

best recognition accuracy [116].  Feature selection methods can be multi-linear regression or non-
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linear analysis, which can be used to generate a model mapping feature extraction vector 

elements to motion mode output, and the most contributing elements in the model are selected. 

Non-linear or multi-linear regression methods may be fast orthogonal search (FOS) – originally 

developed by Michael Korenberg [117] and explained in Section  3.9.10.2 - with polynomial 

candidates [117], [118], or parallel cascade identification (PCI) [119].  

Classifiers themselves can be used for feature selection. The most significant features chosen by 

the training algorithm of a classifier, such as a support vector machine [120] or decision tree 

[121], can be the features selected to be fed into another classifier. 

3.8.2 Feature Transformation 

Feature transformation aims to obtain a mathematical transformation of the feature vector to 

create a new feature vector which is more representable of the motion modes and help to produce 

better classification results [122]. Feature transformation methods can be linear discriminant 

analysis [123][72], principal component analysis (PCA) [124][63], factor analysis, and non-

negative matrix factorization. 

3.8.2.1 Linear Discriminant Analysis 

Linear Discriminant Analysis (LDA) is a classification method which aims to provide a 

decision region resulting in higher class separability by transforming the input data, in order to 

maximize the ratio of between-class covariance to the within-class variance. In addition to 

classification, LDA can be used to decide on a linear combination of features which best 

distinguish between classes. Nijsen et al. [112] used a version of LDA named Fisher’s Linear 

Discriminant Analysis. 
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3.9 Classification Techniques 

Most researchers used classification techniques from pattern recognition [125], machine learning, 

or data mining [126] domains. Few researchers used other techniques such as curve matching and 

ontological reasoning. Others used a knowledge-oriented paradigm, rather than the data-driven 

paradigm of machine learning approaches, to deduce manually the conditions and thresholds to 

discriminate one motion mode from another. 

In machine learning or pattern recognition classification techniques, the feature vector is fed into 

a previously generated classification model whose output is one of the classes or labels, where 

classes in our cases are the list of motion modes or categories of motion modes. Such 

classification model is generated by using supervised learning: features of training data labeled 

with their motion modes are fed into a training algorithm. The classification model detects the 

most likely motion mode which has been performed by the user of the device. Some classification 

models can also output the probability of each motion mode. 
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Table  3-2: Summary of classifiers used in motion mode recognition modules in literature. 

Category Classifiers 

Threshold Analysis ROC [49], [63], [64], [112], [127] 

Bayesian Classifiers Naïve Bayesian [128][72][68][99][73] and Bayesian 

Networks [72] 

Instance Based Classifiers [68] k-nearest neighbor [128][72], KStar [61], LWL [61]  

Decision Tree [129] C4.5 [72][68][99][73][130], ID3 [128]  

Random Forest [61]  

Artificial Neural Networks 

[131]  

Multilayer Perceptron [132][73], ANFIS [128]  

Fuzzy Logic Fuzzy Basis Function [123][110], Fuzzy Inference System 

[80]  

Domain Transform Support Vector Machines [124][108][133] 

Regression Methods MLR [97], ALR [73]  

Markov Models Hidden Markov Models, Conditional Random Fields [134] 

Meta-Classifiers Boosting [54], Bagging [73], Plurality Voting, Cascading, 

Stacking 

3.9.1 Threshold Analysis 

This is the most basic method and has been used by [79][58]. This method simply compares a 

feature value with a threshold value: if it is larger or smaller than it, then a certain motion mode is 

detected [64][135][77].  

A method named Receiver Operating Characteristic (ROC) can be used to obtain the best 

threshold value to discriminate two classes or motion modes from each other [112].  

Threshold analysis method can distinguish between static and dynamic motion modes but is 

vulnerable to inter-individual differences and placement of sensors in different parts of the body. 
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3.9.2 Bayesian Classifiers 

Bayesian classifiers employ Bayesian theorem, which relates the statistical and probability 

distribution of feature vector values to classes in order to obtain the probability of each class 

given a certain feature vector as input [94]. 

Bayesian theorem in probability is mathematically expressed as: 

 
𝑃(𝐶|𝑓1, 𝑓2, … , 𝑓𝑛) =

𝑃(𝑓1, 𝑓2, … , 𝑓𝑛|𝐶)𝑃(𝐶)

𝑃(𝑓1, 𝑓2, … , 𝑓𝑛)
 ( 3.4) 

where: 

 𝑃(𝐶) is the probability of a sample or event belonging to class 𝐶, 

 𝑃(𝑓1, 𝑓2, … , 𝑓𝑛) is the probability of data having feature values equivalent to 𝑓1, 𝑓2, … , 𝑓𝑛, 

 𝑃(𝐶|𝑓1, 𝑓2, … , 𝑓𝑛): is the probability of event or sample belonging to class C given 

features having values 𝑓1, 𝑓2, … , 𝑓𝑛, and 

 𝑃(𝑓1, 𝑓2, … , 𝑓𝑛|𝐶) is the probability of features to have values 𝑓1, 𝑓2, … , 𝑓𝑛 given that the 

event or sample belongs to class 𝐶. 

It can be expressed in English terms as: 

 
posterior =

prior × likelihood

evidence
 ( 3.5) 

Naive Bayesian classifier employs the Bayesian theorem in a naive way to find the probability of 

an event belonging to a certain class, 𝐶, given the input features 𝑓1, 𝑓2, … , 𝑓𝑛. It assumes that all 

features are independent and contribute independently to the probability that a sample or event 

belongs to a certain class. Therefore using these naive assumptions, we may derive this 

expression: 
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𝑃(𝐶|𝑓1, 𝑓2, … , 𝑓𝑛) =

1

𝑍
𝑃(𝐶) ∏ 𝑃(𝑓𝑖|𝐶)

𝑛

𝑖=1

 ( 3.6) 

where 𝑍 = 𝑃(𝑓1, 𝑓2, … , 𝑓𝑛), which is constant when comparing the value of the expression for 

different classes given the same feature values. The values of the different components of the 

expressions may be obtained statistically from the collective results. For a feature value vector, 

the class which returns the highest 𝑃(𝐶|𝑓1, 𝑓2, … , 𝑓𝑛) is chosen. 

Naive Bayesian has obtained accuracy rates ranging from 68% and 72% for upstairs and 

downstairs motion modes to 89% and 93% for walking and running [79]. It was also used by 

[128] and [68]. 

3.9.3 Instance Based Classifiers 

Instance based learning (IBL) a.k.a. memory-based learning, are classifiers which are based 

on comparing each sample of data with all the samples of training data. IBL methods usually 

require large runtime memory storage, and are also described as lazy learning techniques. IBL 

techniques include k-nearest neighbor (kNN) algorithm, kernel machines, RBF networks, local 

weighted learning (LWL) [61], and KStar [136]. However, the most common used technique is 

kNN. 

3.9.3.1 k-Nearest Neighbor 

In k-nearest neighbor (kNN) classification, feature vectors are grouped into clusters, during the 

training phase, each corresponding to a class [126]. kNN is categorized as an instance based 

classifier. Given an input feature vector, the cluster which is closest to this vector is considered to 

belong to that class. During training, a parameter, 𝑘, is arbitrarily set. The higher the value of 𝑘, 

the more sensitive the classifier is to noise, but the more separated are the clusters. 
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Susi et al. [79] used a value of 1 for 𝑘, and has reached accuracy rates ranging from 80% and 

84% for upstairs and downstairs motion modes to 93% and 91% for walking and running, but 

proposed to make further analysis to find a better value for better results. kNN has also been used 

by [85][76][87] and others.  

Although the concept of kNN is simple, its implementation needs large amounts of memory to 

store all of the training date to compare each evaluation sample against, and is therefore usually 

inapplicable for real-time implementation in portable devices. 

3.9.4 Decision Trees 

A decision tree is a series of questions, with “yes” or “no” answers, which narrow down the 

possible classes until the most probable class is reached [137].  It is represented graphically using 

a tree structure where each internal node is a test on a feature comparing to a value of a specific 

threshold, and the leaves refer to the decided classes.  

An example of a decision tree is shown in Figure  3-4. The first node is known as the root node. 

The root node along with the other internal nodes each consist of a condition test on a feature 

compared against a specific threshold: if the condition is true the right child node is evaluated, 

else the left child node is evaluated. Evaluation involves going through the nodes until reaching a 

leaf node, where there is no longer any condition testing and the most likely class specifying all 

the conditions passed is returned as the predicted result. The same class is very likely to be 

recognized by evaluating different combinations of conditions, and therefore the same class is 

likely to appear more than once as different leaf nodes in the same decision tree. 
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Feature1 ≥  Thr1 ?

Feature2 ≥  Thr2 ? Feature3 ≥  Thr3 ?

Walking Running

YesNo

YesNo
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Vessel

YesNo
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Land-based 
Vessel

Feature5 ≥  Thr5 ?

Bicycle Walking

No Yes

No Yes
leaf node
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root node

parent node

child nodes

of

of

 

Figure  3-4: Example of a decision tree highlighting the different types of nodes. 

There are many algorithms to generate decision trees during the training stage: Iterative 

Dichotomiser 3 (ID3), C4.5 (successor of ID3), Classification And Regression Tree (CART), 

CHi-squared Automatic Interaction Detector (CHAID) [138], MARS, and Conditional Inference 

Trees [139]. Each algorithm uses a different metric to choose the feature and threshold for the 

condition at each decision node. The different metrics which can be used include: 

 Gini impurity: used by CART, and is computed by the probability of each class being 

chosen multiplied by the probability of mistake in classifying that class. 

 Information gain: used by ID3 and C4.5, and is based on the concept of entropy from 

information theory. 

 Variance reduction: introduced by CART, estimates the reduction of the variance of a 

specific feature if used to split a specific node. 
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In generating a decision tree, several options may be given to modify its performance, such as 

providing a cost matrix, which specifies the cost of misclassifying one class as another class, or 

providing a weight vector, which gives different weights to different training samples. 

A process known as pruning can be used to reduce the size of a decision tree by removing 

sections of the tree that cover smaller portions of the training set [140]. Pruning may in fact lead 

to an enhancement in overall accuracy as it can reduce overfitting or overtraining by removing 

nodes based on noisy or outlier training data.  

Decision trees have been used widely by researchers; many of whom agree that they provide the 

most accurate results [79][84][59][85][52]. Chien and Pottie have obtained accuracy results of up 

to 98.6% for running, 86.5% for downstairs, and 67.3% for upstairs [141]. 

3.9.5 Random Forest 

Random forest [142] is actually an ensemble or meta-level classifier (see Section  3.9.13), but it 

has proven to be one of the most accurate classification algorithms. It consists of a large group of 

decision trees, each decision tree classifying a subset of the data, and each node of each decision 

tree evaluates a randomly chosen subset of the features.  In evaluating a new data sample, all the 

decision trees attempt to classify the new data sample and the chosen class is the class with 

highest votes amongst the results of each decision tree. 

It is useful in handling data sets with a large number of features, or unbalanced data sets, or data 

sets with missing data. It works better on categorical rather than continuous features. However, it 

may sometimes suffer from over-fitting if dealing with noisy data. Its resulting trees are difficult 

to interpret by humans, unlike decision trees. Random forests tend to bias towards categorical 

features with more levels over categorical features with fewer levels. 
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3.9.6 Artificial Neural Networks 

Artificial neural network (ANN) is a massively parallel distributed processor that allows pattern 

recognition and modeling of highly complex and non-linear problems with stochastic nature that 

cannot be solved using conventional algorithmic approaches [143]. ANNs are composed of 

simple elements operating in parallel. Being inspired by the biological nervous system, these 

elements are called neurons. ANN functionality is determined by the connections between the 

neurons. It can be trained to perform a particular function by tuning the values of the weights 

(connections) between the neurons. 

There are different types of neural networks. Probabilistic neural networks have been used by 

[87][52] and multilayer neural networks were used by [76].  

3.9.7 Fuzzy Logic 

Fuzzy logic is a many-valued logic, where a fuzzy variable has a truth value which ranges from 0 

to 1. It tries to model human approximate reasoning, unlike traditional logic theory.  It has been 

used by [46][77]. 

3.9.7.1 Fuzzy Inference System 

Fuzzy inference system tries to define fuzzy membership functions to feature vector variables 

and classes and deduce fuzzy rules to relate feature vector inputs to classes. The steps of fuzzy 

classification are shown in Figure  3-5: 

1. Input/Output Variable Definition: the set of features are defined to be the inputs and the 

set of motion modes are defined to be the outputs. 

2. Membership Function Determination: for each feature input and for each classification 

output, a set of membership functions are defined to associate an input feature value to 

sets such as: “High”, “Medium”, and “Low”. 
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3. Fuzzy Rules Generation: fuzzy IF-THEN rules are defined to relate inputs to outputs 

using statistical data obtained from the experiments, e.g.,  

“IF |a|
2
 is High AND var(|a|) is Low THEN Walking is Medium.” 

4. Infer Output: the degree of fulfillment (DOF) is obtained for each input and then the 

membership degree of each output is inferred from the fuzzy rules. 

5. Defuzzification: the most probable output is obtained from the membership degrees of 

each output. 

 

Figure  3-5: Steps of fuzzy classification. 

A neuro-fuzzy system, which attempts to use artificial neural networks to obtain fuzzy 

membership functions and fuzzy rules, can be also used for motion mode recognition [65]. 

3.9.8 Markov Models 

Markov models are stochastic models used to model processes with the Markov property, 

which states that future states depend only on the present state and not on the sequence of events 
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that preceded the present state. Several types of Markov models were used in literature for motion 

mode recognition, including hidden Markov model and conditional random field. 

3.9.8.1 Hidden Markov Models 

A hidden Markov model (HMM) is a Markov model for which the state, which is in our case the 

motion mode, is unknown. In other words, observations are related to the state of the system, but 

they are typically insufficient to precisely determine the state.  HMM aims to predict the class at 

an epoch by looking at both the feature vectors and at previously detected epochs by deducing 

conditional probabilities relating classes to feature vectors and transition probabilities relating a 

class at one epoch to a class at a previous epoch. 

As shown in Figure  3-6, it is represented by: 

 States: are drawn as circles, labeled X1, X2, X3, . . . , XN in the figure below, and in our 

case they represent the motion mode, 

 Observations: are drawn as squares, labeled y1, y2, y3, . . . , yM in the figure below, and 

in our case they represent the values of the features extracted, 

 State Transition Probabilities: are labeled on arcs as a12, a13, . . .  in the figure below, 

each expressing the probability of the system changing from one state to another, and in 

our case is the probability that the motion mode changes from one type to another, and 

 Output Probabilities: are labeled on arcs as b11, b12, . . . , bNM in the figure below, each 

expressing the probability of a state given an observation, and in our case is the 

probability that a motion mode is true given the values of the features extracted. 
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Figure  3-6: Hidden Markov model. 

There are several methods to obtain the values of the state transition probabilities and observation 

probabilities given the readings, including the Viterbi algorithm, the forward algorithm, and 

Baum-Welch algorithm. 

HMM has been used by [58] as a classifier. 

3.9.9 Support Vector Machine 

The idea of support vector machine (SVM) is to find a “sphere” that contains most of the data 

or features, xi, corresponding to a class, such that the sphere’s radius, 𝑅, can be minimized: 

 
min 𝑅2 + 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1

, 

s.t.   (‖c-xi‖)2 ≤ 𝑅2 + 𝜉𝑖, 

𝜉𝑖 ≥ 0. 

( 3.7) 

where 𝜉𝑖 is a slack variable to allow some data points to exist outside the sphere, 𝐶 is a parameter 

to control the trade off between the sphere volume and number of errors. It can be proven that the 

equation is equivalent to: 

 
max ∑ 𝛼𝑖〈xi ∙ xi〉

𝑛

𝑖=1

− ∑ 𝛼𝑖𝛼𝑗〈xi ∙ xj〉

𝑛

𝑖,𝑗=1

 

s.t.   0 ≤ 𝛼𝑖 ≤ 𝐶, ∑ 𝛼𝑖

𝑛

𝑖=1

= 1 

( 3.8) 
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where 〈xi ∙ xj〉 is the inner product of feature vectors, xi and xj, and 𝛼𝑖 is a Lagrange multiplier. 

Since training data may not be spherically distributed, the inner product can be replaced with a 

kernel function 𝑘(∙,∙): 

 
max ∑ 𝛼𝑖𝑘(xi ∙ xi)

𝑛

𝑖=1

− ∑ 𝛼𝑖𝛼𝑗𝑘(xi ∙ xi)

𝑛

𝑖,𝑗=1

 ( 3.9) 

The main kernel functions used in literature are the linear kernel, the polynomial kernel, and the 

radial basis function (RBF) kernel. 

SVM has been used in motion mode recognition by [85], [89]. 

3.9.10 Regression Methods 

Regression analysis refers to the set of many techniques to find the relationship between input 

and output signals or variables. Logistic regression refers to regression analysis where output is 

categorical (i.e., can only take a set of values). Regression analysis can be, but not confined to, 

the following methods: 

 Logistic Regression 

 Fast Orthogonal Search 

 Principal Component Analysis 

3.9.10.1 Logistic Regression 

Logistic regression refers to regression analysis where output is categorical (i.e., can only take a 

set of values).  It has been used for motion mode recognition by [76]. It uses a certain criterion to 

update a model and then iteratively checks the accuracy of the model to update the criterion until 

an optimal solution is obtained. 
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3.9.10.2 Fast Orthogonal Search 

Fast orthogonal search (FOS) is a method to identify the relationship between the input, 𝑥[𝑛], 

and the output, 𝑦[𝑛], of a non-linear system as a summation of cross-product terms of current and 

previous input and output values [144]: 

 
𝑦[𝑛] = ∑ 𝑎𝑚𝑝𝑚[𝑛] + 𝑒[𝑛]

𝑀

𝑚=0

 ( 3.10) 

where 𝑝0[𝑛] = 1 and 

 𝑝𝑚[𝑛] = 𝑦[𝑛 − 𝑘1] ⋯ 𝑦[𝑛 − 𝑘𝑖]𝑥[𝑛 − 𝑙1] ⋯ 𝑥[𝑛 − 𝑙𝑗] ( 3.11) 

for 𝑚 ≥  1, such that 𝑖 ≥  0, 𝑗 ≥  0, 1 ≤  𝑘𝑖 ≤  𝐾   ∀𝑖, 0 ≤  𝑙𝑗 ≤  𝐿   ∀𝑗, where 𝐾 is the 

maximum lag for the output and 𝐿 is the maximum lag for input. 

FOS can be used as a binary classifier where, during training, the input, 𝑥[𝑛], is the feature values 

and the output, 𝑦[𝑛], is a binary value (e.g., +1 corresponding to a class and −1 corresponding to 

another class). During evaluation, the feature of the tested sample is inputted to the derived FOS 

model, and the output of the model, 𝑧[𝑛], is clipped to -1 if 𝑧[𝑛] < 0, and therefore categorized 

as one class, and clipped to +1 if 𝑧[𝑛] > 0 and therefore categorized as another class. 

It can be used as a multi-state classifier by either assigning different values to different classes, or 

by arranging a group of such binary classifiers [145]. However, the latter method of using a group 

of binary classifiers has shown to have better results. In this method, the classes are grouped into 

pairs referred to as main classes, and it is recommended that the classes of each pair are chosen to 

be more distinct in their properties. For each pair of main classes, a FOS model is generated to 

distinguish between them using the training data set, using the technique mentioned in the 

previous paragraph. To detect a new data sample, its output is evaluated using each FOS model 
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generated. The FOS model whose output is closest to either −1 or +1 is chosen, and the output of 

the corresponding FOS model is the detected or recognized class. 

3.9.10.3 Parallel Cascade Identification 

Parallel cascade identification (PCI) is also a method to identify the relationship between the 

input and output of a non-linear system as a summation of dynamic linear time-invariant (LTI) 

systems cascaded with polynomial operators [146] as shown in Figure  3-7. Similar to FOS, PCI 

can be used as a multi-state classifier where the input is the feature values and the output is a 

categorical value. 

 

Figure  3-7: Parallel cascade identification. 

3.9.11 Curve Matching Techniques 

Curve matching techniques involve comparing the waveforms of signals measured by the sensors 

with pre-measured labelled waveforms associated with specific motion modes: the closest match 

to a certain labelled waveform results in the predicted motion mode. The main method for curve 

matching is dynamic time warping. It can provide good results to detect motion modes for pre-

known or fixed device usages, but it might produce bad results if the device usage at evaluation is 

different to the device usage during training. 
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3.9.11.1 Dynamic Time Warping 

Dynamic Time Warping (DTW) is used in several applications especially speech recognition 

[147]. It has been used by Altun and Barshan [63], as well as McGlynn and Madden [105] for 

activity recognition.  

3.9.12 Ontological Reasoning 

All the previous techniques are considered data-driven reasoning: machine learning techniques 

which analyze training data to generate a classification model. On the other hand, ontological 

reasoning is considered a knowledge-based paradigm where experts’ knowledge of the domain is 

used to come up with rules to differentiate one class from another [148]. 

Ontological reasoning has been used by context awareness solutions in literature: SOUPA [149], 

CONON [150], and CARE [151], which depended on context attributes – such as location – and 

not just on motion sensors. It has been combined with machine learning in COSAR [97]. Saeedi 

et al. [92] used knowledge based reasoning to create a fuzzy-based inference system for a motion 

mode recognition module. 

3.9.13 Meta-Level Classifiers 

Meta-classifiers or ensemble classifiers are methods where several classifiers, of the same type 

or of different types, are trained over the same training data set, or trained on different subsets of 

the training data set, or trained using other classifier outputs treated as additional features, then 

evaluated, and their results then combined in various ways. A combination of the output of more 

than one classifier can be done using the following meta-classifiers: 

 Voting: the result of each classifier is considered as a vote. The result with most votes 

wins. There are different modifications of voting meta-classifiers that can be used: 
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o Boosting: involves obtaining a weighted sum of the outputs of different 

classifiers to be the final output, 

o Bagging (acronym for Bootstrap AGGregatING): the same classifier is trained 

over subsets of the original data, each subset is created as a random selection 

with replacement of the original data, and  

o Plurality Voting: different classifiers are applied to the data and the output with 

highest vote is chosen. 

 Stacking: a learning algorithm is used to obtain the best way to combine the results of the 

different classifiers. Different methods that can be used are: 

o stacking with ordinary-decision trees (ODTs): deduces a decision tree which 

decides the output class according to the outputs of the various classifiers, 

o stacking with meta-decision trees (MDTs): deduces a decision tree which 

decides which classifier to be used according to the input, 

o stacking using multi-response linear regression, and 

 Cascading: the output of a classifier is added as a feature to the input feature set of 

another classifier. 

3.9.14 Post-Classification Methods 

The results of classification may be further processed to enhance the probability of their 

correctness.  This can be either done by smoothing the output - by averaging - or using Hidden 

Markov Model. 
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3.9.14.1 Output Averaging 

Sudden and short transition from one class to another and back again to the same class, found in 

the classification output, may be reduced or removed by averaging, or choosing the mode of, the 

class output at each epoch with the class outputs of previous epochs. 

3.9.14.2 Hidden Markov Model 

Hidden Markov Model (previously explained in Section  3.9.8.1) can be used to smooth the output 

of a classifier [132].  The observations of the HMM in this case are the outputs of the classifier 

rather than the feature inputs.  The state-transition matrix is either customized manually or 

obtained from training data of a group of people over a whole week, while the emission matrix is 

set to be equal to the confusion matrix of the classifier. 

3.10 Performance Measures 

Literature has many agreed upon performance measures for 2-label classification (i.e.  classifying 

between 2 classes only). However, there are fewer performance measures for multi-label 

classification, which is the interest of this research, which have not yet been agreed upon by 

researchers. 

3.10.1 Confusion Matrix 

The confusion matrix is the main method to evaluate the performance of a recognition or 

classification system, and it is useful for both dual class (a.k.a. 2-label) and multi-class (a.k.a. 

multi-label) classification. The rows represent the actual classes of test cases and the columns 

represent the predicted classes of test cases. Each entry in row 𝑖 and column 𝑗, 𝑛𝑖𝑗, represents the 

number (or sometimes the fraction) of test cases of a class 𝑖 recognized as class 𝑗. The total 

number of test cases is 𝑛 and the number of test cases which actually belong to class 𝑖 is 𝑛𝑖. 
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The nearer the confusion matrix is to a diagonal matrix, the better the recognition system is. 

Table  3-3 shows a template of a confusion matrix for a 4-class classifier. 

Table  3-3: Template of a confusion matrix for a 4-class classifier 

Most of the performance measures explained in the following subsections can be derived from a 

confusion matrix and can be expressed for a two-label or dual class classification, or expressed 

for a class in a multi-label or multi-class classification [152]. 

3.10.2 True Positive 

True positive (TP) is the number of correct hits. It is the number of cases of a class which have 

been correctly classified: 

 𝑇𝑃𝑖 = 𝑛𝑖𝑖 ( 3.12) 

3.10.3 True Negative 

True negative (TN) is the number of correct rejections. It is the number of cases of other classes 

which have been correctly classified: 

 𝑇𝑁𝑖 = ∑ ∑ 𝑛𝑗𝑘

∀𝑘≠𝑖∀𝑗≠𝑖

 ( 3.13) 

3.10.4 False Positive 

False positive (FP), also known as Type I error, is the number of false alarms. It is the number 

of cases not belonging to a class which have been incorrectly classified as belonging to it: 

 Predicted 
Class 1 Class 2 Class 3 Class 4 

Actual  

Class 1 𝑛11 𝑛12 𝑛13 𝑛14 

Class 2 𝑛21 𝑛22 𝑛23 𝑛24 

Class 3 𝑛31 𝑛32 𝑛33 𝑛34 

Class 4 𝑛41 𝑛42 𝑛43 𝑛44 
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 𝐹𝑃𝑖 = ∑ 𝑛𝑘𝑖

∀𝑘≠𝑖

 ( 3.14) 

3.10.5 False Negative 

False negative (FN), also known as Type II error, is the number of misses. It is the number of 

cases belonging to a class which have been incorrectly classified as belonging to other classes: 

 𝐹𝑁𝑖 = ∑ 𝑛𝑖𝑘

∀𝑘≠𝑖

 ( 3.15) 

 

3.10.6 Sensitivity 

Sensitivity is also known as true positive rate (TPR), recall, or hit rate. It is the proportion of 

cases of a class which have been correctly classified: 

 
𝑇𝑃𝑅𝑖 =

𝑇𝑃𝑖

𝑃𝑖
=

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
 ( 3.16) 

3.10.7 False Positive Rate 

False positive rate (FPR) is also known as the false alarm rate. It is the proportion of negative 

cases which have been incorrectly classified: 

 
𝐹𝑃𝑅𝑖 =

𝐹𝑃𝑖

𝑁𝑖
=

𝐹𝑃𝑖

𝐹𝑃𝑖 + 𝑇𝑁𝑖
 ( 3.17) 

3.10.8 Accuracy 

Accuracy is the proportion of all cases which have been correctly classified. It can be expressed 

for a dual-class classifier or for a specific class in a multi-class classifier as: 

 
𝐴𝐶𝐶𝑖 =

𝑇𝑃𝑖 + 𝑇𝑁𝑖

𝑇𝑃𝑖 + 𝑇𝑁𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
=

𝑇𝑃𝑖 + 𝑇𝑁𝑖

𝑛
 ( 3.18) 

and can be expressed for a multi-class classifier in general as: 
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𝐴𝐶𝐶 =

∑ 𝑛𝑖𝑖∀𝑖

𝑛
 ( 3.19) 

where 𝑛 is the total number of cases or samples. However, it can lead to misleading results in an 

unbalanced data set.  For example, saying that a medical test has an accuracy of 95% in detecting 

cancer amongst patients is a misleading measure given that 95% of the testing agents did not have 

cancer in the first place. 

3.10.9 Specificity 

Specificity (SPEC) or true negative rate (TNR) is the proportion of negative cases which have 

been correctly classified to be negative: 

 
𝑆𝑃𝐸𝐶𝑖 =

𝑇𝑁𝑖

𝑁𝑖
=

𝑇𝑁𝑖

𝐹𝑃𝑖 + 𝑇𝑁𝑖
= 1 − 𝐹𝑃𝑅𝑖 ( 3.20) 

3.10.10 Positive Predictive Value 

Positive predictive value (PPV) is also known as the precision of the classifier. It is the 

proportion of cases predicted to belong to a class which are correct: 

 
𝑃𝑃𝑉𝑖 =

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
 ( 3.21) 

3.10.11 Negative Predictive Value 

Negative predictive value (NPV) is the proportion of cases predicted not to belong to a class 

which are correct: 

 
𝑁𝑃𝑉𝑖 =

𝑇𝑁𝑖

𝑇𝑁𝑖 + 𝐹𝑁𝑖
 ( 3.22) 

3.10.12 False Discovery Rate 

False discovery rate (FDR) is the proportion of cases predicted to belong to a class which are 

incorrect: 
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𝐹𝐷𝑅𝑖 =

𝐹𝑃𝑖

𝐹𝑃𝑖 + 𝑇𝑃𝑖
 ( 3.23) 

3.10.13 Matthews Correlation Coefficient 

Matthews correlation coefficient (MCC) is a correlation coefficient between the actual and 

predicted classifications and takes into account unbalanced data sets: 

 
𝑀𝐶𝐶𝑖 =

𝑇𝑃𝑖 ∙ 𝑇𝑁𝑖 − 𝐹𝑃𝑖 ∙ 𝐹𝑁𝑖

√(𝑇𝑃𝑖 + 𝐹𝑃𝑖)(𝑇𝑃𝑖 + 𝐹𝑁𝑖)(𝑇𝑁𝑖 + 𝐹𝑃𝑖)(𝑇𝑁𝑖 + 𝐹𝑁𝑖)
 ( 3.24) 

 

The optimal value is +1, while 0 represents a classifier which is no better than a random 

predictor, and −1 represents a classifier which totally disagrees with the truth. 

3.10.14 F-measure 

F-measure can be considered the weighted average of the precision (proportion of class 

detections which are correct) and recall (proportion of class cases which have been detected) 

[153]. The traditional 𝐹-measure or 𝐹1-measure can be expressed as the harmonic mean
1
 of 

precision and recall: 

 
𝐹1 =

2
1

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 + 

1
𝑟𝑒𝑐𝑎𝑙𝑙

= 2 ∙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
= 2 ∙

𝑃𝑃𝑉 ∙ 𝑇𝑃𝑅

𝑃𝑃𝑉 + 𝑇𝑃𝑅
 ( 3.25) 

Its optimal value is 1 and worst value is 0. 

In general case for any positive real 𝛽, 𝐹𝛽  can be expressed as: 

 
𝐹𝛽 = (1 + 𝛽2) ∙

𝑃𝑃𝑉 ∙ 𝑇𝑃𝑅

(𝛽2𝑃𝑃𝑉) + 𝑇𝑃𝑅
 ( 3.26) 

Substituting in the definitions of 𝑃𝑃𝑉 and 𝑇𝑃𝑅 we get: 

                                                      

 

1
 The harmonic mean of two numbers, 𝑥1 and 𝑥2, is 2𝑥1𝑥2

𝑥1+𝑥2
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𝐹𝛽 = (1 + 𝛽2) ∙

𝑇𝑃

(1 + 𝛽2)𝑇𝑃 + 𝛽2𝐹𝑁 + 𝐹𝑃
 ( 3.27) 

Commonly used 𝐹-measures are 𝐹2, which gives higher emphasis to precision, and 𝐹0.5 which 

gives higher emphasis to recall. 

𝐹𝛽 is based on van Rijsbergen’s effectiveness measure: 

 
𝐸 = 1 − (

𝛼

𝑃𝑃𝑉
+

1 − 𝛼

𝑇𝑃𝑅
)

−1

 ( 3.28) 

where 𝛼 = 1

1+𝛽2 and 𝐹𝛽 = 1 − 𝐸 [153]. 𝐹𝛽 has been defined by van Rijsbergen that it “measures 

the effectiveness of retrieval with respect to a user who attaches 𝛽 times as much importance to 

recall as precision.” 

3.10.15 Average Recall 

Average recall, also known as unweighted accuracy, is the average true positive rate across the 

different classes [154]: 

 
𝐴𝑅 =

1

𝑘
∑ 𝑇𝑃𝑅𝑖

∀𝑖

=
1

𝑘
∑

𝑇𝑃𝑖

𝑃𝑖
∀𝑖

=
1

𝑘
∑

𝑛𝑖𝑖

∑ 𝑛𝑖𝑗∀𝑗
∀𝑖

 ( 3.29) 

3.10.16 Balanced Error Rate 

The balanced error rate (BER) is equivalent to one minus the average recall [155]. 

 
𝐵𝐸𝑅 = 1 − 𝐴𝑅 = 1 −

1

𝑘
∑

𝑛𝑖𝑖

∑ 𝑛𝑖𝑗∀𝑗
∀𝑖

 ( 3.30) 

3.10.17 Combined Error Rate 

Combined error rate is the average of the total false positive rates and false negative rates taken 

across each class [156]: 

 
𝐶𝐸𝑅 =

∑ 𝐹𝑃𝑖
𝑛∀𝑖 + ∑ 𝐹𝑁𝑖

𝑛∀𝑖

2
 ( 3.31) 
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3.11 Comparison of Overall Accuracies 

Table  3-4 shows a summary of different motion mode recognition solutions, showing their 

accuracies, as well as the motion modes detected and the robustness to different device usages.  

It is necessary to realize that comparing the performance of different motion mode recognition 

solutions is not a straight forward task. A solution might show very high accuracies – maybe 

close to 100% - but is only applicable to a specific device usage and orientation, and may have 

been tested on only a small number of users and trajectories. Moreover, the detection of one 

motion mode in one research work may be almost 100% when compared against motion modes 

which are totally different, but may drop to a much lower accuracy when compared to another set 

of motion modes. For example, the detection rate of driving may be very high when classified 

against walking only, but may drop considerably when classified against walking and cycling. 
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Table  3-4: Summary of performances of motion mode recognition in literature. 
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Table  3-4 (cont.): Summary of performances of motion mode recognition in literature. 
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Table  3-4 (cont.): Summary of performances of motion mode recognition in literature. 
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3.12 Summary 

 Chapter 3 provided a survey of the different motion mode recognition, and the related activity 

recognition and context awareness, solutions in the literature. Section  3.2 discusses the different 

sets of motion modes covered by different solutions in literature. Some of the motion modes 

covered in this thesis, namely standing or walking on a moving walkway, have never been 

detected by other researchers. Many solutions provided by researchers only covered a small range 

of motion modes, while this research provided a solution to discriminate a broad range of motion 

modes. 

Section  3.3 evaluated different motion mode recognition solutions in terms of unobtrusiveness, 

flexibility, and energy consumption. Section  3.4 illustrated the different device and systems used 

in literature: some used sensors wired on different parts of the body, others were more self-

contained. The solution provided in this thesis was using self-contained off-the-shelf consumer 

portable devices and is therefore as unobtrusive as possible, and is flexible in terms that the user 

can carry the device in any place on his/her body and in any orientation. Section  3.5 summarized 

the different sensors used: accelerometers are the most popular sensors, gyroscopes and 

barometers are less common, and fewer researchers used environmental, physiological, and 

location sensors. 

Sections  3.7 to  3.9 provided a survey of the different approaches used in motion mode 

recognition. Section  3.7 provided an overview of the different signal processing operations 

applied on sensor measurements. Section  3.8 summarized the different features extracted to help 

discriminate motion modes, while Section  3.9 explained the classification techniques which 

attempt to predict the motion mode given the features extracted.  
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Section  3.10 provided a survey of different performance measures used in the field of motion 

mode recognition and in pattern recognition in general. Finally, Section  3.11 provided summary 

tables evaluating different motion modes in terms of their performances, robustness to device 

usage, and the motion modes covered. 
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Chapter 4 

Methodology 

This chapter provides a detailed description of work to recognize motion modes using portable 

devices. Figure  4-1 explains the process used in the work presented in this thesis to tackle the 

problem of motion mode detection. In the next sections we shall provide a description of the 

worked used for each step of the methodology shown.  

The first step is data inputs (explained in Section  4.1) where raw signals or measurements from 

sensors in the portable devices are obtained.  

In the second step, pre-processing (explained in Section  4.2) with sensor fusion is done on the 

raw signals or measurements to obtain more meaningful variables, which are independent as 

much as possible of orientation and device usage, to help discriminate between the motion modes.  

The main two successive steps are feature extraction and classification. In feature extraction 

step (explained in Section  4.3), features or properties are extracted from the variables outputted 

from the pre-processing stage to discriminate different motion modes. It results in representing 

each sample or case by a feature vector: a group of features values representing the sample or 

case.  

Classification (explained in Section  4.4) is the process of determining the motion mode at a 

certain time epoch given the feature values using a certain machine learning or pattern 

recognition algorithm.  

Post-classification refining (explained in Section  4.5) is applied to the output of classification to 

correct it or increase the probability of its correctness. 
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The following terminology shall be used in this thesis: 

 “signal” to refer to a raw measurement provided by one of the sensors,  

 “variable” to refer to an output of the pre-processing stage, 

 “feature” to refer to an output of the feature extraction stage,  

 “classification output” to refer to the prediction of the motion mode made by the 

classification stage, and 

 “prediction” to refer to the final output after the post-classification refining stage. 
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Figure  4-1: Overview of motion mode recognition process. 

4.1 Data Inputs 

This section shall explain the portable devices used to obtain the data inputs as well as the sensors 

used in such devices and the measurements employed in the motion mode recognition process. 



 

 

 

92 

 

4.1.1 Portable Devices 

A low-cost prototype unit was used for collecting the sensors readings to build the classifier 

model for the motion mode recognition module. Although the present method and apparatus does 

not need all the sensors and systems in this prototype unit (as discussed earlier), they are 

mentioned just to explain the prototype used. The low-cost prototype unit used consisted of: 

 MPU-6050: a six degrees of freedom IMU (i.e. tri-axial gyroscopes and tri-axial 

accelerometer) from InvenSense [159],  

 HMC5883L: tri-axial magnetometers from Honeywell [160], 

 MS5803: a barometer from Measurement Specialties [161], and  

 LEA-5T: a GPS receiver from u-blox . 

The motion mode recognition module developed in this thesis is intended to work on any portable 

device, no matter what the sensor characteristics of the device are, as long as the device contains 

a minimum set of sensors as discussed in Section  0 4.1.2. In order to meet such objective, more 

data was collected using various brands of smartphones, tablets, smartwatches, and smartglasses, 

as shown in Table  4-1, to evaluate the motion mode recognition module. The sensors listed for 

each device are just part of the device’s specification and does not mean that measurements by all 

of the sensors were logged or used in the motion mode recognition module. 

Table  4-1: Model names of portable devices used in data collection and the sensors they 

contain. Only a subset of the sensors listed for each device was used. 

Device Type Model Name Sensors 

Smartphone Samsung SGH-I747 SIII  

 

 

InvenSense MPU-6050 6-Axis IMU [159]: 

- Tri-axial Accelerometer 

- Tri-axial Gyroscope 

AsahiKasei AKM8975 3-Axis Electronic Compass [162] 

Bosch BMP180 Pressure sensor [163] 



 

 

 

93 

 

Sharp GP2A Light Sensor 

Sharp GP2A Proximity Sensor 

 

Qualcomm GNSS Receiver  

Samsung SM-N900 Galaxy Note 3 InvenSense MPU-6500 6-Axis IMU [164]: 

- Tri-axial Accelerometer 

- Tri-axial Gyroscope 

Yamaha YAS532 Tri-axial Magnetometer [165] 

Bosch Barometer 

Maxim MAX88921 RGB Light Sensor 

Samsung Orientation Sensor 

Maxim MAX88921 Proximity Sensor 

Sensirion SHTC1 Ambient Temperature Sensor 

 

GPS Receiver 

Google Nexus Phone InvenSense MPU 9150 9-axis IMU [166]:  

- Tri-axial Accelerometer  

- Tri-axial Gyroscope  

- Tri-axial Magnetometer 

Bosch BMP180 Pressure sensor [163] 

Sharp GP2A Light sensor 

Sharp GP2A Proximity sensor 

 

SiRF SiRFstarIV GSD4t GPS Receiver 

Tablet Google Nexus 7 Tablet InvenSense MPU-6050 6-Axis IMU [159]: 

- Tri-axial Accelerometer  

- Tri-axial Gyroscope 

AKM Tri-axial Magnetometer 

LSC Lite-On Ambient Light Sensor 

 

Broadcom BCM4751 GPS Receiver 

Google Nexus 10 Tablet InvenSense MPU-6500 6-Axis IMU [164]: 

- Tri-axial Accelerometer 

- Tri-axial Gyroscope 

InvenSense Tri-axial Magnetometer 

Bosch BMP182 Barometer  

Rohm BH1721fvc Light sensor 

 

GPS Receiver 

Smartwatch Samsung SM-V700 Galaxy Gear 

Digital Smartwatch 

InvenSense MPU-6500 6-Axis IMU [164]: 

- Tri-axial Accelerometer 

- Tri-axial Gyroscope 
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Samsung Gear Live Watch InvenSense MPU 9250 9-axis IMU [167]:  

- Tri-axial Accelerometer  

- Tri-axial Gyroscope  

- Tri-axial Magnetometer 

InvenSense ICS-43430 Microphone 

Heart Rate Sensor 

Smartglasses VUZIX M100 Smartglasses InvenSense MPU-6500 6-Axis IMU [164]: 

- Tri-axial Accelerometer 

- Tri-axial Gyroscope 

Tri-axial Magnetometer 

Light Sensor 

Proximity Sensor 

Gesture Sensor 

Rotation Vector Sensor 

 

Gravity Sensor 

RECON Snow Goggle STMicroelectronics Tri-axial Gyroscope 

STMicroelectronics Tri-axial Accelerometer 

STMicroelectronics Tri-axial Magnetometer 

 

GPS Receiver 

The motion mode recognition module was trained and evaluated on data collected from such 

various devices. Not all the sensors listed in each portable device in Table  4-1 are used by the 

motion mode recognition module.  
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Figure  4-2: Different portable devices used in data collection for evaluation of motion mode 

recognition module: (a) Samsung SIII phone, (b) Samsung SIII Note phone, (c) Google 

Nexus 7 tablet, (d) Samsung SM-V700 Galaxy Gear watch, (e) Google Nexus 10 tablet, (f) 

VUZIX M100 smartglasses, (g) RECON Snow goggles, (h) Samsung Live Gear watch, and 

(i) Google Nexus phone. 

 

4.1.2 Sensors and Measurements 

The work presented is based on using the following sensors: 

 An accelerometer triad: measuring accelerations or specific forces, 𝑓𝑥, 𝑓𝑦, and 𝑓𝑧, along 

each of the three orthogonal axes at a sampling rate of 20 Hz. 

(a) 

(b) 

(c) 

(d) (e) 

(f) 

(g) (h) (i) 
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 A gyroscope triad: measuring angular rotation rates, 𝜔𝑥, 𝜔𝑦, and 𝜔𝑧, along each of the 

three orthogonal axes at a sampling rate of 20 Hz. 

 A barometer: measuring atmospheric pressure, 𝑃, and estimating barometric height, ℎ̃, at 

a rate of 10 Hz. 

It is to note that the barometer is only needed to detect height changing motion modes, i.e. 

Elevator, Stairs, Escalator Standing, and Escalator Walking, and hence the motion mode 

recognition module can detect the other motion modes without the barometer, 

The portable device can contain the following sensors or receivers to help improve its 

performance, but they are not mandatory to provide a motion mode recognition solution: 

 A magnetometer triad: measuring magnetic field densities, 𝑀𝑥, 𝑀𝑦, and 𝑀𝑧, along each 

of the three orthogonal axes at a sampling rate of 1 sample every 0.15 seconds. 

 A GNSS receiver: estimating position and velocity using pseudo ranges and Doppler 

measurements when direct lines of sight to at least 4 GNSS satellites are available, at a 

rate of 1 Hz. 

The portable device can contain sensors with any signal characteristics. It is the role of the next 

stage, pre-processing and sensor fusion, as explained in the following section, to remove errors 

and noises in sensor signals as much as possible. 
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Figure  4-3: Data inputs stage in motion mode recognition module: sensors and 

measurement signals used in the module. The dashed lines refer to measurements or signals 

which are not necessary for the motion mode recognition module to work. 

The motion mode recognition module is built upon features extracted from variables produced at 

a frequency of 20 Hz, and changing the frequency - whether by increasing or decreasing it - will 

change the values of features upon which the classifiers have been built upon. Therefore, the 

sampling frequency of accelerometers and gyroscopes must be 20 Hz for the motion mode 

recognition module developed in this thesis to provide the expected accuracy results. However, 

the sampling frequency of the barometer and magnetometers may change, as the sensor fusion 
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can produce the variables (explained in Section  4.2.1) at the required frequency of 20 Hz even if 

the barometer’s and magnetometers’ sampling rates change from the values mentioned above. 

4.2 Pre-Processing 

The signals measured by the sensors are inputted into a navigation solution developed by TPI 

(Trusted Positioning Inc.). The navigation solution consisted of a Kalman filter, along with some 

denoising techniques discussed in Section  3.7.3.  

The navigation solution works at a frequency rate of 20 Hz, which means that the variables 

explained below are calculated at each 1/20 s = 0.05 s, and a prediction of the motion mode is 

provided at the same rate. 

4.2.1 Sensor Fusion 

As mentioned before, the signals representing the raw measurements of the sensors are not 

sufficient to describe motion in order to detect or estimate the motion mode, especially since they 

tend to be highly fluctuating and oscillatory. Also, raw accelerometer and gyroscope signals 

represent specific force and rotation measurements along different axes, and will therefore vary 

greatly for different orientations of the portable device for the same motion mode.  There arises a 

need to estimate or calculate variables to help distinguish a motion mode. Such variables should 

be as invariant as possible to device usage and device orientation in order for the motion mode 

recognition process to be robust to any orientation of the device.  

At the same time such variables should be feasible to calculate and their estimation should – as 

much as possible - not change with the motion mode predicted. For example, it is not 

recommended to use velocity as a variable to detect motion mode, because the calculation of 

velocity depends on the navigation solution, which in turn depends on the motion mode predicted 

to calculate. Moreover, the calculation or estimation of velocity can have a very high error 
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especially indoors where there is no GNSS signal available, and therefore a ubiquitous motion 

mode recognition module should not depend on velocity estimation. 

It is to note that if GNSS signals are available, the estimation of the below variables shall be 

slightly more accurate, and therefore the absence of GNSS signals indoors – as is the case for the 

motion modes covered in this paper – imposes a further challenge in dealing with variables whose 

estimation are less accurate. 

4.2.1.1 Levelled Vertical Acceleration 

Levelled vertical acceleration, 𝑎𝑢𝑝, is the net acceleration component of the portable device along 

the axis normal to the surface of the Earth. For low speed or low acceleration activities, Equation  

( 3.2) can be used, but the sensor fusion process can improve its estimation through the Kalman 

filter. Given the pitch and roll calculated by the Kalman filter, the levelling of the accelerometer 

measurements can be calculated by rotating the accelerometer readings from the sensor frame (or 

𝑠-frame), 𝑓𝑠⃗⃗⃗⃗⃗ = [𝑓𝑥 𝑓𝑦 𝑓𝑧]𝑇, to the local-level frame (or 𝑙-frame), 𝑓𝑙⃗⃗ ⃗⃗ = [𝑓𝑥
𝑙 𝑓𝑦

𝑙 𝑓𝑧
𝑙]

𝑇
, and 

removing the gravity component. Rotating the accelerometer readings can be made by 

multiplying the vector of accelerometer measurements with the rotation matrix, 𝑅𝑏
𝑙 , as follows 

[6]: 

𝑓𝑙⃗⃗ ⃗⃗ = 𝑅𝑏
𝑙 𝑓𝑠⃗⃗⃗⃗⃗ 

[

𝑓𝑥
𝑙

𝑓𝑦
𝑙

𝑓𝑧
𝑙

] = [

cos 𝑦 cos 𝑟 − sin 𝑦 sin 𝑝 sin 𝑟 − sin 𝑦 cos 𝑝 cos 𝑦 sin 𝑟 + sin 𝑦 sin 𝑝 cos 𝑟
sin 𝑦 cos 𝑟 + cos 𝑦 sin 𝑝 sin 𝑟 cos 𝑦 cos 𝑝 sin 𝑦 sin 𝑟 − cos 𝑦 sin 𝑝 cos 𝑟

− cos 𝑝 sin 𝑟 sin 𝑝 cos 𝑝 cos 𝑟
] [

𝑓𝑥

𝑓𝑦

𝑓𝑧

] 

( 4.1) 

where 𝑦 is the yaw, 𝑟 is the roll, and 𝑝 is the pitch. From the matrix multiplication, the vertical 

component of the levelled vertical acceleration, 𝑓𝑧
𝑙, can be calculated as: 

𝑓𝑧
𝑙 = −𝑓𝑥 cos 𝑝 sin 𝑟 + 𝑓𝑦 sin 𝑝 + 𝑓𝑧 cos 𝑝 cos 𝑟 ( 4.2) 
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The required variable, 𝑎𝑢𝑝, is then calculated by removing the gravity component measured by 

the accelerometer: 

 𝑎𝑢𝑝 = 𝑓𝑧
𝑙 − 𝑔 ( 4.3) 

The approximate value of the gravitational acceleration near the surface of the Earth is 9.81 m/s
2
. 

However, a more accurate calculation of gravity can be calculated using the following formula 

[6]: 

 𝑔 = 𝑎1(1 + 𝑎2 sin2 𝜑 + 𝑎3 sin4 𝜑) + (𝑎4 + 𝑎5 sin2 𝜑)ℎ + 𝑎6ℎ2 ( 4.4) 

where 𝜑 is the latitude, and can be obtained from the location calculated when GNSS was last 

available, ℎ is the estimated height as explained in Section  4.2.1.4, and the coefficients 𝑎1 

through 𝑎6 for Geographic Reference System (GRS) 1980 are defined as follows: 

𝑎1 = 9.7803267714 m/s
2
 

𝑎2 = 0.0052790414  

𝑎3 = 0.0000232718 

𝑎4 = −0.000003087691089 1/s
2
 

𝑎5 = 0.000000004397731 1/s
2
 

𝑎6  = 0.000000000000721 1/ms
2
 

Levelled vertical acceleration is crucial to detect footsteps, which is characteristic of many 

motion modes such as Walking and Running. 

4.2.1.2 Magnitude of Levelled Horizontal Acceleration 

Since yaw is difficult to estimate, it was decided not to deal with the forward or transverse 

horizontal acceleration components as variables, and it was decided to deal with their norm or 

magnitude instead. Magnitude of the levelled horizontal plane acceleration, 𝑎ℎ, is the magnitude 

of the acceleration component along the plane parallel to the surface of the Earth is equivalent to, 

and is equivalent to the norm of the transverse and forward components of the levelled 

acceleration: 
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𝑎ℎ = 𝑓ℎ

𝑙 = √(𝑓𝑥
𝑙)

2
+ (𝑓𝑦

𝑙)
2
 

( 4.5) 

Combining equations ( 4.1) and ( 4.5): 

 𝑓𝑥
𝑙 = 𝑓𝑥(cos 𝑦 cos 𝑟 − sin 𝑦 sin 𝑝 sin 𝑟) − 𝑓𝑦 sin 𝑦 cos 𝑝

+ 𝑓𝑧(cos 𝑦 sin 𝑟 + sin 𝑦 sin 𝑝 cos 𝑟) 

( 4.6) 

 (𝑓𝑥
𝑙)2 = 𝑓𝑥

2(cos2 𝑦 cos2 𝑟 − 2 sin 𝑝 sin 𝑦 cos 𝑦 sin 𝑟 cos 𝑟 + sin2 𝑦 sin2 𝑝 sin2 𝑟)

+ 𝑓𝑦
2 sin2 𝑦 cos2 𝑝

+ 𝑓𝑧
2(cos2 𝑦 sin2 𝑟 + 2 sin 𝑝 sin 𝑦 cos 𝑦 sin 𝑟 cos 𝑟 + sin2 𝑦 sin2 𝑝 cos2 𝑟)

− 2𝑓𝑥𝑓𝑦(cos 𝑦 cos 𝑟 − sin 𝑦 sin 𝑝 sin 𝑟)(sin 𝑦 cos 𝑝)

+ 2𝑓𝑥𝑓𝑧(cos 𝑦 cos 𝑟 − sin 𝑦 sin 𝑝 sin 𝑟)(cos 𝑦 sin 𝑟 + sin 𝑦 sin 𝑝 cos 𝑟)

− 2𝑓𝑦𝑓𝑧(sin 𝑦 cos 𝑝)(cos 𝑦 sin 𝑟 + sin 𝑦 sin 𝑝 cos 𝑟) 

( 4.7) 

 𝑓𝑦
𝑙 = 𝑓𝑥(sin 𝑦 cos 𝑟 + cos 𝑦 sin 𝑝 sin 𝑟) + 𝑓𝑦 cos 𝑦 cos 𝑝

+ 𝑓𝑧(sin 𝑦 sin 𝑟 − cos 𝑦 sin 𝑝 cos 𝑟) 

( 4.8) 

 (𝑓𝑦
𝑙)

2
= 𝑓𝑥

2(sin2 𝑦 cos2 𝑟 + 2 sin 𝑝 sin 𝑦 cos 𝑦 sin 𝑟 cos 𝑟 + cos2 𝑦 sin2 𝑝 sin2 𝑟)

+ 𝑓𝑦
2 cos2 𝑦 cos2 𝑝

+ 𝑓𝑧
2(sin2 𝑦 sin2 𝑟 − 2 sin 𝑝 sin 𝑦 cos 𝑦 sin 𝑟 cos 𝑟 + cos2 𝑦 sin2 𝑝 cos2 𝑟)

+ 2𝑓𝑥𝑓𝑦(sin 𝑦 cos 𝑟 + cos 𝑦 sin 𝑝 sin 𝑟)(cos 𝑦 cos 𝑝)

+ 2𝑓𝑥𝑓𝑧(sin 𝑦 cos 𝑟 + cos 𝑦 sin 𝑝 sin 𝑟)(sin 𝑦 sin 𝑟 − cos 𝑦 sin 𝑝 cos 𝑟)

+ 2𝑓𝑦𝑓𝑧(cos 𝑦 cos 𝑝)(sin 𝑦 sin 𝑟 − cos 𝑦 sin 𝑝 cos 𝑟) 

( 4.9) 

Combining equations ( 4.7) and ( 4.9) with equation ( 4.5), we see that any components depending 

on yaw, 𝑦, are cancelled out: 

𝑎ℎ = √𝑓𝑥
2(cos2 𝑟 + sin2 𝑝 sin2 𝑟) + 𝑓𝑦

2 cos2 𝑝 + 𝑓𝑧
2(sin2 𝑟 + sin2 𝑝 cos2 𝑟) + 𝑓𝑥𝑓𝑦 sin 2𝑝 sin 𝑟 + 𝑓𝑥𝑓𝑧 sin 2𝑟 cos2 𝑝 − 𝑓𝑦𝑓𝑧 sin 2𝑝 cos 𝑟 ( 4.10) 

4.2.1.3 Compensated Norm of Gyroscope Readings 

Norm of compensated angular rotation components, |𝜔| is the square root of the sum of squares 

of angular rotation components after removing their biases: 

 
|𝜔| = √(𝜔𝑥 − 𝑏𝑥)2 + (𝜔𝑦 − 𝑏𝑦)

2
+ (𝜔𝑧 − 𝑏𝑧)2 ( 4.11) 

where the biases are estimated using the sensor fusion algorithm. 
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4.2.1.4 Estimated Altitude 

Estimated altitude or height, ℎ, is the result of fusing barometric height, ℎ̃, and integrated 

smoothed levelled vertical acceleration, 𝑎𝑢𝑝. 

4.2.1.5 Smoothed Vertical Velocity 

Smoothed vertical velocity, 𝑣𝑢𝑝 is simply the differentiation of the estimated height, ℎ: 𝑣𝑢𝑝 = dℎ

d𝑡
. 
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Figure  4-4: Pre-processing stage in motion mode recognition module: the sensor fusion of 

sensor measurements and the calculation of other variables in the motion mode recognition 

module. 
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4.2.2 Windowing  

At each epoch, the window of the sensor readings is converted into a window of the variables - 

𝑎𝑢𝑝, 𝑎ℎ, |𝜔|, ℎ, and 𝑣𝑢𝑝, defined in Section  4.2.1 - with length of 64 epochs. Since the frequency 

of the navigation solution is 20 Hz, 64 epochs is equivalent to 3.2 seconds. This window time 

length is suitable to hold enough information to distinguish or analyze motion. The length had to 

be a power of 2 in order for the FFT algorithm, which is needed to extract some of the frequency 

domain features (see Section  4.3.4), which is why the length of 64 was chosen rather than 60. 

The windowing made is overlapping rather than disjoint. Therefore, the motion mode recognition 

module works provides a solution every 1/(20 Hz) = 0.05 s, although there is a latency delay of 

3.2 seconds (equivalent to the length of the window). The length of the window used means that a 

change from one motion mode to another might only be detected correctly after the latency delay 

of 3.2 seconds. 

4.3 Feature Extraction 

The processed variables are insufficient to distinguish one motion mode from another. There is a 

need to look for features which will have unique values for each motion mode and invariant to the 

device usage or orientation of the portable device. In feature extraction, the window of variables 

mentioned above is obtained and a variety of features are extracted from them. The result of this 

operation is a feature vector: an array of values consisting of various features representing the 

window which includes the current sample and the previous 𝑁 − 1 samples, where 𝑁 is a positive 

integer representing the length of the window, which has been chosen to be 64 in this thesis. 

The features are categorized into: 

 Statistical features: which represent either the central or typical value, or a measure of the 

spread of data, across a window. 
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 Energy, power, and magnitude features: which represent the overall intensity of the data 

values across a window. 

 Time-domain features: which represent how a signal or variable varies with time. 

 Frequency-domain features: which represent a variable or signal in the frequency domain. 

 Other features: which include cross-correlation and ratio between two variables, between 

two features, or between a variable and a feature. 

The following subsections explain and discuss the features of each category. In the definitions 

and explanations below, the variable 𝑢, represents a generic discrete-time signal of length 𝑁: 

𝑢[0], 𝑢[1], 𝑢[2], …, 𝑢[𝑁 − 2], 𝑢[𝑁 − 1]. The zero-indexing shall be used such that 𝑛 = 0 is the 

first value and 𝑛 = 𝑁 − 1 is the last value. 
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Figure  4-5: Feature extraction stage in motion mode recognition module: the extraction of 

features from variables outputted from the sensor fusion or pre-processing stage to produce 

a feature vector. 

4.3.1 Statistical Features 

Mean, median, and mode are different average features which are considered different 

representations of the central value or tendency of a data set. The average features of levelled 

accelerations or gyroscope magnitude may discriminate a more energetic motion mode from a 

less energetic motion mode, e.g., Standing on Moving Walkway from Stationary. Moreover, the 

average features of vertical velocity may discriminate Elevator from Escalator Standing, since the 
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former usually has a higher vertical velocity than the latter. However, the drawback of average 

features is that they are vulnerable to bias error in sensors. 

Variance, standard deviation, average absolute difference, and interquartile range, are features 

which are measures of the spread of a data set. A data spread feature extracted from the levelled 

vertical acceleration can distinguish a motion mode with steps from a motion mode without steps, 

e.g., Escalator Walking from Escalator Standing, since steps cause a variation of vertical 

acceleration. 

4.3.1.1 Mean 

Mean is a measure of the “middle” or “representative” value of a signal and is calculated by 

summing the values and dividing the sum by the number of values [168]: 

 

 
mean(𝑢) = 𝑢[𝑛]̅̅ ̅̅ ̅̅ =

1

𝑁
∑ 𝑢[𝑛]

𝑁−1

𝑛=0

 ( 4.12) 

4.3.1.2 Absolute of Mean Values 

This is simply the absolute value (which is the same value if the value is positive, and the value 

multiplied by -1 if the values is negative) of the mean of a signal [92]: 

 
abs(mean(𝑢)) = |𝑢[𝑛]̅̅ ̅̅ ̅̅ | = |

1

𝑁
∑ 𝑢[𝑛]

𝑁−1

𝑛=0

| ( 4.13) 

4.3.1.3 Median 

The median, a.k.a 50
th
 percentile, is the middle value of the signal values after sorting them in 

ascending order. Therefore, if 𝑢′ is the signal representing the sorted version of 𝑢 in ascending 

order, such that 𝑢′[0] = min(𝑢) and 𝑢′[𝑁 − 1] = max(𝑢), then the median can be 

mathematically expressed as [169]: 
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median(𝑢) = {
𝑢′ [

𝑁+1

2
− 1] if 𝑁 is odd

1

2
(𝑢′ [

𝑁

2
− 1] + 𝑢′ [

𝑁

2
]) if 𝑁 is even

 ( 4.14) 

4.3.1.4 Mode 

The mode is the most frequent value in a signal [168]. In this application, the values of the signal 

are real numbers not integers and therefore may have infinite possible values, then the probability 

that two signal values within a window to have exactly the same value is almost zero. To 

overcome that, the signal values are rounded to a specific precision or decimal point before 

obtaining the mode. 

4.3.1.5 Variance 

Variance, 𝜎𝑢
2, is an indicator of how much a signal is dispersed around its mean.  It is equivalent 

to the mean of the squares of the differences between the signal values and their mean [170]: 

 var(𝑢) = 𝜎𝑢
2 = (𝑢 − �̅�)2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ( 4.15) 

4.3.1.6 Standard Deviation 

Standard deviation, 𝜎𝑢, is the square root of the variance [171]: 

 
std(𝑢) = 𝜎𝑢 = √(𝑢 − �̅�)2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ( 4.16) 

4.3.1.7 Average Absolute Difference 

Average absolute difference (AAD) or mean absolute deviation (MAD) is similar to variance 

and is another measure of the spread of data around its mean.  It is the average of the absolute 

values - rather than the squares - of the differences between the signal values and their mean [46]: 

 AAD(𝑢) = |𝑢 − �̅�|̅̅ ̅̅ ̅̅ ̅̅ ̅ ( 4.17) 

 



 

 

 

108 

 

4.3.1.8 75
th
 Percentile 

Percentile, percentile(𝑢, 𝑝), is the value below which a certain percentage, 𝑝, of the signal, 𝑢, 

values fall: 

 
𝑝 =  

count(𝑢[𝑛] < percentile(𝑢, 𝑝))

𝑁
× 100 

( 4.18) 

For example, the median is considered the 50
th
 percentile.  Therefore, 75

th
 percentile is obtained 

by arranging the values in ascending order and choosing the ⌈0.75𝑁⌉𝑡ℎ value [58]. It is the value 

separating the higher 25% of a data sample from the lower 75% of the data. The 75
th
 percentile is 

a measure of the maximum value of a signal after disregarding 25% of the higher values which 

might contain outliers. 

4.3.1.9 Inter-quartile Range 

Interquartile range is the difference between the 75
th
 percentile and the 25

th
 percentile [45]. 

 iqr(𝑢) = percentile(𝑢, 75) − percentile(𝑢, 25) ( 4.19) 

4.3.1.10 Binned Distribution 

Binned distribution is obtained by dividing the possible values of a signal, 𝑢, into different bins, 

each bin being a range between two values [76]. The binned distribution is then a vector 

containing the number of values falling into the different bins. 

 bindstbn(𝑢, 𝑏𝑖𝑛) = count(min(𝑏𝑖𝑛) ≤ 𝑢[𝑛] < max(𝑏𝑖𝑛)) ( 4.20) 

4.3.1.11 Kurtosis 

Kurtosis is measure of the “peakedness” of the probability distribution of a signal, and is defined 

by [172]: 

 
kurt(𝑢) =

1
𝑁

∑ (𝑢[𝑛]−�̅�)4𝑁−1

𝑛=0

(1
𝑁

∑ (𝑢[𝑛]−�̅�)2𝑁−1
𝑛=0 )

2 ( 4.21) 
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4.3.1.12 Skewness 

Skewness is measure of the asymmetry of the probability distribution of a signal, and is defined 

by [172]: 

 
skew(𝑢) =

1
𝑁

∑ (𝑢[𝑛]−�̅�)3𝑁−1

𝑛=0

(√1
𝑁

∑ (𝑢[𝑛]−�̅�)2𝑁−1
𝑛=0 )

3 ( 4.22) 

4.3.2 Time-Domain Features 

The following features are concerned with the relation between the signal values and time. 

4.3.2.1 Zero-Crossing Rate 

Zero-crossing rate is the rate of sign change of the signal value, i.e. the rate of the signal value 

crossing the zero border. It may be mathematically expressed as: 

 
zcr(𝑢) =

1

𝑁 − 1
∑ I{𝑢[𝑛]𝑢[𝑛 − 1] < 0}

𝑁−1

𝑛=1

 ( 4.23) 

where: 

 I{𝑐𝑜𝑛𝑑} = {
1 if 𝑐𝑜𝑛𝑑 is TRUE
0 if 𝑐𝑜𝑛𝑑 is FALSE

 ( 4.24) 

Zero-crossing rate is a measure of how many times within a window frame a variable changes 

from a positive value to a negative value, and vice versa [92]. It is extracted from all the 

variables, except magnitude of levelled horizontal acceleration, which is always positive. 

4.3.2.2 Number of Peaks per Window 

The number of peaks is simply a count of maxima points of a signal within a window [47]. Peaks 

may be obtained mathematically by looking for points at which the first derivative changes from 

a positive value to a negative value.  
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peaks(𝑢) = ∑ I{sign(𝑢[𝑛] − 𝑢[𝑛 − 1]) < sign(𝑢[𝑛 + 1] − 𝑢[𝑛])}

𝑁−2

𝑛=1

 ( 4.25) 

where: 

 
sign(𝑎) = {

+1
0

−1

if 𝑎 > 0
if 𝑎 = 0
if 𝑎 < 0

 ( 4.26) 

To reduce the effect of noise, a threshold may be set on the value of the peak, or on the derivate at 

the value of the peak.  

The number of peaks of the levelled vertical acceleration is considered a count of the number of 

footsteps, and can therefore discriminate between motion modes with steps, such as Stairs or 

Escalator Walking, from motion modes without steps, such as Elevator or Escalator Standing. 

4.3.3 Energy, Power, and Magnitude 

Energy, power, and magnitude features are similar to the average features mentioned in 

Section  4.3.1 in trying to discriminate more energetic motion modes from less energetic motion 

modes [115][49]. The difference is that the square or absolute of the values are taken first before 

they are summed, and therefore negative values are taken into account rather than averaged out. 

In addition to that, squaring values may increase inter-set distances: resulting in features which 

are more dispersed and therefore may be better in separating samples of different motion modes, 

which may have otherwise been close due to different bias errors, or due to being close in signal 

values. The energy features of compensated gyroscope magnitudes also contribute to 

discriminating Elevator and Escalator Standing, when levelled horizontal acceleration values in 

both cases are almost zero since the former has zero horizontal velocity and the latter has constant 

horizontal velocity. 
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One drawback of energy features is that the same motion mode may have different energy feature 

values for different device usages: if the portable device is a phone being dangled, its energy shall 

be more than if the portable device were smartglasses worn on the head, for the same motion 

mode. One solution to this is to use the sub-band energy ratios feature [79]: the ratio of the energy 

of the signal in one frequency band to the energy in another frequency band, which is likely to be 

more invariant for the same motion mode in different device usages. 

4.3.3.1 Signal Energy 

Signal energy refers to the square of the value of the signal, and in our context, it refers to the 

sum of the squares of the signal values over the window: 

 
energy(𝑢) = ∑(𝑢[𝑛])2

𝑁−1

𝑛=0

 ( 4.27) 

4.3.3.2 Sub-band Energies 

Sub-band energy involves separating a signal into various sub-bands depending on its frequency 

components and then obtaining the energy of each band. It is a vector containing the energy of a 

signal after passing a specific low-pass, band-pass, or high-pass filters, as shown in Figure  4-6 

[79]: 

 
subband_energy0(𝑢) = ∑ 𝐻2

𝐿𝑃𝐹(𝑢)
𝑁−1

𝑛=0
 

subband_energy1(𝑢) = ∑ 𝐻2
𝐵𝑃𝐹1

(𝑢)
𝑁−1

𝑛=0
 

⋮ 

subband_energy𝐿−1(𝑢) = ∑ 𝐻2
𝐵𝑃𝐹𝐿−1

(𝑢)
𝑁−1

𝑛=0
 

subband_energy𝐿(𝑢) = ∑ 𝐻2
𝐻𝑃𝐹(𝑢)

𝑁−1

𝑛=0
 

( 4.28) 
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Figure  4-6: Illustration of how sub-band energy features are extracted from a signal. 

4.3.3.3 Sub-band Energies Ratios 

Sub-band energy ratios is a vector containing the ratios of different pairwise combinations of 

sub-band energies [79]: 

 subband_energy_ratio𝑖,𝑗(𝑢) =
subband_energy𝑖(𝑢)

subband_energy𝑗(𝑢)
 ( 4.29) 

4.3.3.4 Signal Magnitude Area 

Signal magnitude area (SMA) is the average of the absolute values of a signal [50]: 

 
SMA(𝑢) =

1

𝑁
∑|𝑢[𝑛]|

𝑁−1

𝑛=0

 ( 4.30) 

4.3.4 Frequency-Domain Features 

Frequency-domain features represent signals according to their frequency components. The 

amplitudes of low or high frequency components may distinguish one motion mode from another. 

 

 

𝐻𝐿𝑃𝐹(⬚) (∙)2 ∑(∙)2 subband_energy0(𝑢) 

𝐻𝐵𝑃𝐹1
(⬚) (∙)2 ∑(∙)2 

𝐻𝐵𝑃𝐹𝐿−1
(⬚) (∙)2 ∑(∙)2 

𝐻𝐻𝑃𝐹(⬚) (∙)2 ∑(∙)2 

𝑢 

subband_energy1(𝑢) 

subband_energy𝐿−1(𝑢) 

subband_energy𝐿(𝑢) 

⋮ ⋮ ⋮ ⋮ 
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4.3.4.1 Short-Time Fourier Transform 

Short-Time Fourier Transform (STFT), also known as Windowed Discrete Fourier 

Transform (WDFT), is simply the Discrete Fourier Transforms (DFT) [173] of a window of a 

signal [174]: 

 STFT(𝑢)[𝑘] = ∑ 𝑢[𝑛]𝑤[𝑛]𝑒−𝑗2𝜋𝑘𝑛
𝑁

∀𝑛

 ( 4.31) 

where 𝑤[𝑛] is a window function. DFT is implemented on computer applications using an 

algorithm known as Fast Fourier Transform (FFT), which speeds up its execution [175]. There 

are many types of window functions which can be used, include: 

 Rectangular window: a.k.a boxcar window or Dirichlet window, is a simple window 

which is equivalent to 1 within the window and 0 outside it, and is mathematically 

expressed as: 

 𝑤[𝑛] = {
1 if 0 ≤ 𝑛 ≤ 𝑁 − 1
0 otherwise

 ( 4.32) 

 Triangular window: has a triangular shape with a maximum value of 1 in the middle of 

the window and drops to 0 at its edges in a linear manner, and can be mathematically 

expressed as: 

 

𝑤[𝑛] = {
1 − |

𝑛 − 𝑁−1
2

𝐿
2

| if 0 ≤ 𝑛 ≤ 𝑁 − 1

0 otherwise

 ( 4.33) 

 where 𝐿 can be 𝑁, 𝑁 + 1[176], or 𝑁 − 1 [176], [177]. 

 Hamming window: has a bell-shape with a maximum value of 1 in the middle of the 

window and drops to 0 gradually, and is expressed mathematically as: 

 𝑤[𝑛] = 𝛼 − 𝛽 cos (
2𝜋𝑛

𝑁−1
) ( 4.34) 

 where 𝛼 = 0.54, and 𝛽 = 1 − 𝛼 = 0.46. 
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The window used in the work presented in this thesis is the Hamming window. 

The result is a vector of complex values for each window representing the amplitudes of each 

frequency component of the values in the window. The frequency components range from 0 Hz to 

the maximum possible frequency, 𝑓𝑠/2, where 𝑓𝑠 = 20 Hz is the sampling frequency of the 

signal. The length of the vector is equivalent to NFFT+1, where NFTT is the resolution of the 

Fourier transform operation, which should be any power of 2, to enable the use of the FFT 

algorithm. The value of NFFT chosen in the work presented in this thesis was 16. 

2 features may be extracted from this vector: 

 Absolute of Short-Time Fourier Transform of Values, |STFT(𝑢)[𝑘]|: This is simply 

the absolute values of the output of short-time Fourier transform. 

 Power of Short-Time Fourier Transform of Values,  |STFT(𝑢)[𝑘]|2: This is simply 

the square of the absolute values of the output of short-time Fourier transform. 

4.3.4.2 Sinusoidal Analysis Using the Orthogonal Search Method 

Fast Orthogonal Search (FOS) [178] with sinusoidal candidates can be used to obtain a more 

concise frequency analysis [144]. Using this method, a system can be represented as: 

 
𝑢[𝑛] = ∑(𝑏𝑖 cos 𝜔𝑖𝑛 + 𝑐𝑖 sin 𝜔𝑖𝑛) + 𝑒[𝑛]

𝐼

𝑖=0

 ( 4.35) 

where 𝑒[𝑛] is the model error, and the frequencies 𝜔𝑖 need not be integer multiples of the 

fundamental frequency of the system, and therefore it is different to Fourier analysis. Fast 

orthogonal search may perform frequency analysis with higher resolution and less spectral 

leakage than FFT used over windowed data in STFT. Using this method, 2 features may be 

extracted: 
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 the most contributing 𝑀 frequency components obtained from spectral FOS 

decomposition, 𝑓𝐹𝑂𝑆0
(𝑢), 𝑓𝐹𝑂𝑆1

(𝑢), ⋯, 𝑓𝐹𝑂𝑆𝑀−1
(𝑢), where 𝑓𝐹𝑂𝑆𝑖

(𝑢) = 𝜔𝑖/2𝜋, and  

 the amplitude of most contributing 𝑀 frequency components obtained from spectral FOS 

decomposition, 𝐴𝐹𝑂𝑆0
(𝑢), 𝐴𝐹𝑂𝑆1

(𝑢), ⋯, 𝐴𝐹𝑂𝑆𝑀−1
(𝑢), where  

 
𝐴𝐹𝑂𝑆𝑖

(𝑢) = √𝑏𝑖
2 + 𝑐𝑖

2 ( 4.36) 

The two sets of features can be used as a feature vector, where 𝑀 is an arbitrarily chosen positive 

integer. The value of 𝑀 chosen in this work was 4. 

4.3.4.3 Frequency Domain Entropy 

In information theory, the term entropy is a measure of the amount of information there is in a 

data set [179]. Frequency domain entropy is the entropy of the frequency response of a signal 

[180]. It is a measure of how much some frequency components are dominant. It is expressed 

mathematically as: 

 
𝐻𝑓(𝑢[𝑛]) = ∑ 𝑃𝑖(𝑈(𝑓𝑖)) log (

1

𝑃𝑖(𝑈(𝑓𝑖))
)

𝑁

𝑖=0

 ( 4.37) 

where 𝑃𝑖 denotes the probability of each frequency component and is expressed as: 

 
𝑃𝑖(𝑈(𝑓𝑖)) =

|𝑈(𝑓𝑖)|

∑ |𝑈(𝑓𝑖)|𝑁
𝑖=0

 ( 4.38) 

where 𝑓 is frequency and 𝑈(𝑓𝑖) = |STFT(𝑢)[𝑖]| is the value of the signal 𝑢 in the frequency 

domain, which is obtained, in the work presented in this thesis, by STFT. 

Frequency domain entropy is a measure of the concentration or contribution of amplitude values 

amongst the frequency components. The smaller the value, the more equally distributed the 

frequency response appears, and the greater the value, the more concentrated the frequency 
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response appears around certain frequency components. Frequency domain entropy is significant 

if the motion mode has a cyclical motion component.  

4.3.4.4 Power Spectral Centroid 

Power spectrum centroid is the center point of the spectral density function of the signal of 

values, i.e., it is the point at which the area of the power spectral density plot is separated into 2 

halves of equal area. It is expressed mathematically as [71]: 

 
SC(𝑢) =

∑ 𝑓𝑈(𝑓)∀𝑓

∑ 𝑈(𝑓)∀𝑓
 ( 4.39) 

where 𝑈(𝑓) is the discrete Fourier transform of the signal 𝑢[𝑛], and in the case of our thesis is the 

STFT of 𝑢[𝑛]. It is a measure of the “middle” frequency component, by obtaining the center of 

area of the frequency response plot. 

4.3.4.5 Wavelet Transform 

Wavelet analysis is based on a windowing technique with variable-sized regions.  Wavelet 

analysis allows the use of long time intervals where precise low frequency information is needed, 

and shorter intervals where high frequency information is considered. Wavelet analysis can be 

either the continuous-time wavelet transform or discrete-time wavelet transform. The 

continuous-time wavelet transform is expressed mathematically as [181]: 

 

  
CWT𝜓(𝑢, 𝑎) =

1

√𝑎
∫ 𝑢(𝜏)𝜓 (

𝑡 − 𝜏

𝑎
) d𝑢

∞

−∞

 ( 4.40) 

For each scale 𝑎 and position 𝜏, the time domain signal is multiplied by the wavelet function, 

𝜓(𝑡). The integration over time gives the wavelet coefficient that corresponds to the scale 𝑎 at 

position 𝜏. 
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The basis function, 𝜓(𝑡), is not limited to exponential function. The only restriction on 𝜓(𝑡) is 

that it must be short and oscillatory: it must have zero average and decay quickly at both ends.   

In this work, continuous wavelet transform of various approximations and details are applied to 

each window of variables, and the mean average of each of these transforms are concatenated to 

form a vector to be part of the feature vector: 

 
mean (𝐶𝑊𝑇𝜓(𝑢, 𝑎)) = mean (

1

√𝑎
∫ 𝑢(𝜏)𝜓 (

𝑡 − 𝜏

𝑎
) d𝑢

∞

−∞

) ( 4.41) 

4.3.5 Other Features 

4.3.5.1 Cross-Correlation of Components 

Cross-correlation is a measure of the similarity between two signals as a function of the time lag 

between them. Cross-correlation between two signals may be expressed as a coefficient, which is 

a scalar, or as a sequence, which is a vector with length equal to the sum of the lengths of the two 

signals minus 1 [182]. 

The work presented in this thesis uses Pearson’s cross-correlation coefficient, which is expressed 

as [183]: 

 
𝑟𝑢1𝑢2

=
∑ (𝑢1[𝑛] − 𝑢1̅̅ ̅)(𝑢2[𝑛] − 𝑢2̅̅ ̅)𝑁−1

𝑛=0

√∑ (𝑢1[𝑛] − 𝑢1̅̅ ̅)2𝑁−1
𝑛=0 ∑ (𝑢2[𝑛] − 𝑢2̅̅ ̅)2𝑁−1

𝑛=0

 
( 4.42) 

where 𝑟𝑢1𝑢2
 is Pearson’s cross-correlation coefficient of signals 𝑢1 and 𝑢2. 

The cross-correlation levelled vertical acceleration versus levelled horizontal acceleration has 

been used as a feature. 

4.3.5.2 Variable to Variable Ratio 

Ratio of values of two variables, or two features, can be a feature in itself. 
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The ratio of the change of altitude across a window - represented by the inter-quartile range of 

altitude -  to the number of maxima peaks of the levelled vertical acceleration, is a feature used in 

this research, and, to the best of the knowledge of the authors, has not been proposed by previous 

researchers. 

4.3.6 Analysis of Features 

An analysis of the cross-correlation amongst all the features extracted was made. It was 

discovered that different features of the same variable were significantly correlated to each other. 

Table  4-2 shows different groups of features where features within each group are significantly 

correlated. No features from 2 different variables were found to be correlated. 

Some of the features which were proven to be correlated with others, could have been removed, 

or calculated with different parameter values to enrich the feature list with uncorrelated features. 

For example, since the average of the continuous wavelet transform of the levelled vertical 

acceleration at the 3
rd

 and 4
th
 scale levels, mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 3)) and mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 4)), 

are significantly correlated, the wavelet transform for vertical acceleration may have been 

calculated with a different symlet function. 

Feature selection or feature transformation methods, such as those explained in Section  3.8.1 and 

in Section  3.8.2 may have been used to select the significant features. However, the author 

decided to leave the classification training algorithm to select or choose the most significant 

features.  
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Table  4-2: Groups of features which have significant cross-correlations. 

mean(𝑎𝑢𝑝), |STFT(𝑎𝑢𝑝)[0]| 

std(𝑎𝑢𝑝), var(𝑎𝑢𝑝), iqr(𝑎𝑢𝑝), percentile(𝑎𝑢𝑝, 75), SMA(𝑎𝑢𝑝), AAD(𝑎𝑢𝑝), bindstbn (𝑎𝑢𝑝, 𝑏𝑖𝑛𝑎𝑢𝑝,0), energy(𝑎𝑢𝑝), 

subband_energy4(𝑎𝑢𝑝), |STFT(𝑎𝑢𝑝)[4]|, |STFT(𝑎𝑢𝑝)[4]|
2
 

subband_energy0(𝑎𝑢𝑝), |STFT(𝑎𝑢𝑝)[0]|
2
 

|STFT(𝑎𝑢𝑝)[1]|, |STFT(𝑎𝑢𝑝)[1]|
2
 

mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 3)), mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 4)) 

𝑓𝐹𝑂𝑆2
(𝑢), 𝐴𝐹𝑂𝑆2

(𝑢) 

𝑓𝐹𝑂𝑆3
(𝑢), 𝐴𝐹𝑂𝑆3

(𝑢) 

mean(𝑎ℎ), median(𝑎ℎ), std(𝑎ℎ), var(𝑎ℎ), iqr(𝑎ℎ), percentile(𝑎ℎ , 75), SMA(𝑎ℎ), AAD(𝑎ℎ), bindstbn(𝑎ℎ , 𝑏𝑖𝑛𝑎ℎ,9), energy(𝑎ℎ), 

subband_energy0(𝑎ℎ), subband_energy1(𝑎ℎ), subband_energy4(𝑎ℎ), |STFT(𝑎ℎ)[0]|, |STFT(𝑎ℎ)[0]|2, mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 2)), 

mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 3)), mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 4)), mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 5)) 

|STFT(𝑎ℎ)[3]|, |STFT(𝑎ℎ)[3]|2 

mean(|𝜔|), median(|𝜔|), mode(|𝜔|), percentile(|𝜔|, 75), energy(|𝜔|), subband_energy0(|𝜔|), SMA(|𝜔|), |STFT(|𝜔|)[0]|, 

|STFT(|𝜔|)[0]|2, mean (𝐶𝑊𝑇𝜓(|𝜔|, 0)),  mean (𝐶𝑊𝑇𝜓(|𝜔|, 2)), mean (𝐶𝑊𝑇𝜓(|𝜔|, 3)), mean (𝐶𝑊𝑇𝜓(|𝜔|, 4)), 

mean (𝐶𝑊𝑇𝜓(|𝜔|, 5)) 

var(|𝜔|), subband_energy4(|𝜔|) 

std(|𝜔|), AAD(|𝜔|), iqr(|𝜔|) 

subband_energy_ratio1,0(|𝜔|), subband_energy_ratio2,0(|𝜔|), subband_energy_ratio2,1(|𝜔|),  

subband_energy_ratio3,0(|𝜔|) 

|STFT(|𝜔|)[3]|, |STFT(|𝜔|)[3]|2 

|STFT(|𝜔|)[4]|, |STFT(|𝜔|)[4]|2 

var(𝑣𝑢𝑝), std(𝑣𝑢𝑝), subband_energy1(𝑣𝑢𝑝), subband_energy2(𝑣𝑢𝑝), subband_energy3(𝑣𝑢𝑝), subband_energy4(𝑣𝑢𝑝) 

abs(mean(𝑣𝑢𝑝)), |STFT(𝑣𝑢𝑝)[0]| 

|STFT(𝑣𝑢𝑝)[1]|, |STFT(𝑣𝑢𝑝)[2]|, |STFT(𝑣𝑢𝑝)[3]|, |STFT(𝑣𝑢𝑝)[4]|, |STFT(𝑣𝑢𝑝)[5]|, |STFT(𝑣𝑢𝑝)[6]|, |STFT(𝑣𝑢𝑝)[7]|, 

|STFT(𝑣𝑢𝑝)[8]|, |STFT(𝑣𝑢𝑝)[9]|, |STFT(𝑣𝑢𝑝)[10]|, |STFT(𝑣𝑢𝑝)[11]|, |STFT(𝑣𝑢𝑝)[12]|, |STFT(𝑣𝑢𝑝)[13]|, |STFT(𝑣𝑢𝑝)[14]|, 

|STFT(𝑣𝑢𝑝)[15]|, |STFT(𝑣𝑢𝑝)[16]|, |STFT(𝑣𝑢𝑝)[1]|
2
, |STFT(𝑣𝑢𝑝)[3]|

2
, |STFT(𝑣𝑢𝑝)[5]|

2
, |STFT(𝑣𝑢𝑝)[7]|

2
, |STFT(𝑣𝑢𝑝)[9]|

2
, 

|STFT(𝑣𝑢𝑝)[11]|
2
, |STFT(𝑣𝑢𝑝)[13]|

2
, |STFT(𝑣𝑢𝑝)[15]|

2
 

|STFT(𝑣𝑢𝑝)[0]|
2
, |STFT(𝑣𝑢𝑝)[2]|

2
, |STFT(𝑣𝑢𝑝)[4]|

2
, |STFT(𝑣𝑢𝑝)[6]|

2
, |STFT(𝑣𝑢𝑝)[8]|

2
, |STFT(𝑣𝑢𝑝)[10]|

2
, |STFT(𝑣𝑢𝑝)[12]|

2
, 

|STFT(𝑣𝑢𝑝)[14]|
2
, |STFT(𝑣𝑢𝑝)[16]|

2
 

mean (𝐶𝑊𝑇𝜓(|𝜔|, 4)), mean (𝐶𝑊𝑇𝜓(|𝜔|, 5)) 
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4.4 Classification 

4.4.1 Choosing the Classification Method 

Decision tree was chosen as the classification method since it showed one of the best results after 

evaluating different classification methods: naïve Bayesian, logistic regression, neural networks, 

k-nearest neighbor, linear discriminant analysis, support vector machines, and neuro-fuzzy 

analysis. Table  4-3 shows preliminary results used to classify some of the data collected at an 

early stage of the research. Decision tree was chosen as the method to work on and improve its 

performance. 

Table  4-3: Classification performance, generation time, and evaluation time per sample, on 

the data collected during an early stage of the research. 

Classifier Average Recall Rate 
Total Generation 

Time 

Average Evaluation 

Time per Sample 

Decision Trees 56.1% 5.6 s 31 µs 

Random Forests 54.8% 2 min 56 s 74 µs 

SVM 42.3% 13 min 27.1 s 1 ms 

kNN 48.0% 0.001 s 1 ms 

Logistic Regression 41.9% 54 min 16.7 s 31 µs 

Discriminant Analysis 48.0% 52.6 s 96 µs 

Naïve Bayesian 49.1% 0.4 s 11 µs 

Neuro-Fuzzy Analysis 10.0% 5 hr. 10 min 15 s 0.19 s 

Neural Networks 39.1% 1 hr. 23 min 17.9 s 21 µs 

The results show that decision trees provide better performance than many of the other 

classification methods found in literature. It provides better performance to kNN, which may 

suffer from overtraining [184]. Logistic regression and discriminant analysis showed lower 

accuracies as such methods try to find mathematical relations between feature values and 

classification output, which may not be suitable for motion mode recognition, especially since 
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motion modes may have wide ranges of feature values. The naïve principle which Naïve 

Bayesian was based on (see Section  3.9.2) seemed to be not suitable for the complexity of motion 

mode recognition. The performance of neural networks and neuro-fuzzy analysis may have been 

improved if different parameters and training algorithms were investigated, but the very long 

generation time and the memory or processing requirements at real-time made the author decide 

to concentrate on decision trees to continue on instead. 

For real-time implementation, decision tree memory consumption is reasonable and depends on 

the number of nodes in the decision tree. It has much smaller memory requirements than random 

forests, which is simply a large group of trees, and showed similar accuracy performance. It also 

has smaller memory requirements than kNN, which requires saving the features of the whole 

training data set to compare against during real-time evaluation. 

Also decision trees are easily implemented as a loop of a simple if-else statement and therefore 

consume less computational power. They are less computationally intensive than neural 

networks, which may require a large number of nodes, and require relatively complex 

mathematical computations at each node rather than a simple if-else statement. Decision trees 

also require less computation power than neuro-fuzzy analysis which requires the calculation of 

membership functions before evaluating an if-else statement. Decision trees use fewer 

instructions per second (IPS) when they are invoked at each epoch during the motion mode 

recognition process. 

4.4.2 Decision Tree Parameters 

The decision tree was generated using MATLAB’s classregtree function [185]. The following 

parameters were set: 
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 method: was set to ‘classification’, since the outputs of the decision tree were 

categorical variables, (rather than ‘regression’, which is used when the outputs are real 

numbers), 

 ‘minleaf’: which is the minimum number of observations per leaf node, was set to 10, 

rather than the default value of 1, in order to reduce overfitting and avoid creating leaf 

nodes merely to outlier training samples, 

 ‘minparent’: which is the minimum number of observations required for a split to occur 

at a decision node, was set to 100 rather than the default value of 10, to reduce 

overtraining or overfitting and avoid creating conditions based on a small number of 

outlier training samples, and 

 ‘splitcriterion’: is the metric used to choose the feature and threshold at each 

decision node (as explained in Section  3.9.4), which was set to ‘gdi’, i.e., Gini’s 

diversity index. 

4.4.3 Decision Tree Optimization 

To reduce the memory size of a decision tree, different pruned versions of it are evaluated (see 

Section  3.9.4). Pruning reduces the number of nodes, and hence reduces its memory consumption 

at run time. However, it may reduce the accuracy performance of the decision tree, and therefore 

different levels need to be evaluated in order to analyze the accuracy level for each pruning level 

and make the compensation decision between the memory size consumption and the accuracy. As 

shall be shown in the results presented in Sections  5.5 and  6.5, pruning may even sometimes 

improve the accuracy of a decision tree, since it may remove some decision nodes which cause 

overfitting. 
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The pruning method followed in this thesis involved a simple bottom-up approach to remove 

nodes. Leaf nodes are removed and the parents of such leaf nodes turn from internal nodes into 

leaf nodes. The decision or class at such nodes is determined by the class with the largest number 

of nodes satisfying all the conditions throughout the decision tree from the root node to that node. 

4.4.4 Grouping of Motion Modes 

During the research of this thesis, it was discovered that dividing the problem into different 

groups of motion modes and having several small classifiers discriminating the motion modes 

within each group, is better than having one big classifier to detect a large number of motion 

modes. For real-time implementation, specific conditions have been created to determine which 

decision tree to invoke. 

As an example to explain why it is more suitable to discriminate among a set of motion modes 

rather than all of the motion modes, we can consider the case of height changing motion modes 

and non-height changing motion modes. Barometers suffer from high drift errors, and therefore 

height or vertical velocity features are erroneous. Hence, the navigation solution for a platform 

moving on a flat surface may incorrectly show a positive vertical velocity in one epoch, and a 

negative vertical velocity in the subsequent epoch. In such a case, a classifier attempting to 

recognizing the whole broad set of motion modes, may incorrectly detect Elevator or Stairs in 

such epochs, whilst the user was actually driving or walking on a flat surface. The solution to this, 

is to have separate classifiers for height changing motion modes, and only invoke such classifiers 

when a consistent height change is detected over several epochs. Section  6.4 elaborates further on 

detecting height changing modes. 

It was decided to separate motion modes in to the following groups, and to develop a separate 

decision tree to discriminate among the motion modes of each group: 
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 Stationary vs. all the other motion modes, 

 Walking vs. Running vs. Bicycle vs. Land-based Vessel, 

 Stationary vs. Standing on Moving Walkway,  

 Walking vs. Walking on Moving Walkway, 

 Elevator vs. Escalator Standing, and 

 Stairs vs. Escalator Walking. 

Sections  5.4 and  6.4 explain when each decision tree is invoked within the complete navigation 

real-time solution during a typical trajectory. 
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Figure  4-7: Classifier stage in motion mode recognition module: feature vector is fed into 

the classification model to estimate the motion mode. 

4.5 Post-Classification Refining 

The classification output may be combined with previous classification outputs, or with GNSS 

measurements, or map information, to produce a more accurate or more likely prediction result. 
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Figure  4-8: Post-classification refining stage in motion mode recognition module: improving 

the prediction of the motion mode given previous classification outputs, and possible aid 

from GNSS velocity and map information. Dashed lines refer to data which is helpful but 

not necessary. 

4.5.1.1 Majority Selection 

One prediction refining method is to smooth the output by applying at each epoch a majority vote 

on the classification outputs on the epochs in the previous few seconds, and therefore remove any 

“spikes” representing short motion mode changes across short time samples. 

For example, for a 20 Hz motion mode recognition module, a vote is made on the classification 

outputs in the last 20 samples – which is equivalent to 1 second. If the majority of the 
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classification outputs refer to Walking, and a few refer to Bicycle or Land-based Vessel motion 

modes, then Walking is considered to be the motion mode across the whole 1 second period. This 

is because it is impossible for a person to be walking for a portion of a second, and then drive a 

car or ride a bicycle for a small portion of the second, and then returns to walking. 

Moreover, specific thresholds may be conditioned for specific motion modes. For example, 

Walking (on stationary ground) is considered much more common and much more likely than 

Walking on Moving Walkway. Therefore, a condition that at least 75% of epochs of the previous 

one-second time slot to be classified as Walking on Moving Walkway and less than 25% of 

epochs to be classified as Walking, in order to predict that the motion mode in the previous one-

second time slot is Walking on Moving Walkway, otherwise it shall be predicted to be Walking. 

4.5.1.2 Context Exclusion 

Having some knowledge of the context, i.e. the current and previous history of motion modes, 

may help to discard the detection of specific motion modes. Transitions from some motion modes 

to others may be expected, such as from Walking to Land-based Vessel, while others are 

unexpected and their detection may be discarded, such as from Bicycle to Land-based Vessel. 

For example, if the motion mode is predicted as Bicycle for more than 10 seconds, and then 

Land-Based Vessel motion mode is detected for 2 seconds, then such transition can be discarded 

and motion mode shall remain to be predicted as Bicycle for the 2 seconds.  

4.5.1.3 Map Information 

Map information [42] can also be used to exclude some motion modes. For example, if the 

current map location refers to a 1-storey building, then Elevator motion mode shall be discarded.  
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4.5.1.4 GNSS Velocity Aid 

Also, if GNSS signals are available, GNSS velocity can be used to choose or discard a motion 

mode, e.g., discard a prediction of Walking if the GNSS velocity measurement is high. 

4.6 Summary 

 Chapter 4 explained in detail the core work of the motion mode recognition solution. It explained 

in detail each part of the solution, starting from the sensor signal inputs, through the pre-

processing of the sensor signals to estimate certain variables, then extracting features from such 

variables, then the decision tree classifier where the features are fed into to predict the motion 

mode. Decision tree was chosen as the classifier method after evaluating the different 

classification methods over the collected data during an early stage of the research. Finally, post-

classification techniques are explained in which the prediction result can be improved. 

Rather than having one large classifier classifying all of the motion modes, the motion modes 

were grouped into different sets and a different classifier was developed for each set of motion 

modes. The motion mode recognition solution involved a logic to choose when to invoke each 

classifier.  Chapter 5 and  Chapter 6 explain in detail the different sets of motion modes, when the 

classifier of each set is invoked within the complete solution, as well as analyzing the 

performance results of each classifier. 
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Chapter 5 

Detection of Main Modes of Motion or Conveyance 

5.1 Motion Modes Analysis 

In this chapter, we shall explain the detection of the following modes of motion or modes of 

conveyance, categorized as: 

 Stationary, which includes: 

o sitting, standing, or placing the device on a stationary platform (e.g., table or 

seat), and 

o sitting, standing, or placing the device on the platform in a stationary land-based 

vessel (whether the engine is turned on or off), 

 Walking, 

 Running, 

 Bicycle, 

 Land-based Vessel, which includes sitting and standing (when applicable): 

o car or truck, 

o bus, including transit bus within a city or a travelling bus between cities, and 

o train, including train travelling between cities, or transit light-rail train, streetcar, 

and subway (a.k.a underground metro),  

and 
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 Walking in Land-based Vessel, which includes walking in any of the previously 

mentioned land-based vessels except car and truck. 

Table  5-1 summarizes the list of detected motion modes which shall be explained in this chapter. 

Table  5-1: Motion modes covered in  Chapter 5 along with sub-modes and sub-sub-motion 

modes included as part of each motion mode. 

Motion Mode Motion Sub-Mode Motion Sub-Sub-Mode 

Stationary 

Ground 

Sitting 

Standing 

Table/Bench 

Land-Based Vessel 

Sitting 

Standing 

On Platform 

Walking 

Running 

Bicycle 

Land-Based Vessel 

Car/Truck 
Sitting 

On Platform 

Bus 

Sitting 

Standing 

On Platform 

Train 

Sitting 

Standing 

On Platform 

Walking in Land-Based Vessel 
Bus 

Train 
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By the term “on platform” we mean that the portable device is not carried or held by a person and 

is rather placed on something else, such as on a seat, or in car cradle or on dashboard, in case of 

land-based vessel, or in bike holder, in case of bicycle.  

As was previously illustrated in Table  3-4, other activity recognition modules in literature have 

made other categorizations, such as separating jogging from running [158], or separating train 

and bus from car [61]. The categorization of motion modes followed in this thesis was made such 

that each motion mode will have its own navigation algorithms and/or constraints, as shall be 

explained in the following subsections. 

5.1.1 Stationary 

5.1.1.1 Description  

By the term “Stationary” we mean the mode where the portable device is still. Stationary motion 

mode is considered a superset of Zero Update Velocity (or ZUPT) [93], since the mode is tolerant 

to small vibrations. As shown in Figure  5-1, Stationary mode includes sitting, standing, or placing 

the portable device on a platform or surface. Stationary mode can be indoors, outdoors, or in a 

stationary land-based vessel, such as car, train, or bus, whether or not the engines are turned on. 

The mode also includes vibrations due to involuntary breathing or small hand shaking in case of 

sitting or standing. 
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Figure  5-1: Stationary mode, which includes: sitting (top left), standing (top right), or 

placing the device on a platform or surface (bottom). 

As shown in Figure  5-2, possible device usages for Stationary are: 

 for sitting or standing: 

o handheld or texting (including portrait and landscape), 

o hand by side, 

o on ear, 

o in front or back pant,  

o in shirt pocket, 

o in jacket pocket, 

o chest strapped, 

o in belt holder, 

o in arm band, 

o bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

o head mount (in case the device is smartglasses or goggles), and 
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o wrist (in case the device is smartwatch). 

 for on platform: 

o on ground (whether indoors or outdoors): 

o on table, and 

o on seat, 

o in vessel: 

 in car: 

 on seat, 

 in car cradle, 

 on dashboard, and  

 in drawer, 

 in bus or train:   

 on seat. 
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Figure  5-2: Possible device usages for Stationary mode: (a) handheld, (b) hand by side, (c) 

on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) head mount, (h) wrist, (i) in 

arm band, (j) in backpack carried on shoulder, (k) in backpack carried by hand, (l) in 

laptop bag carried on shoulder, (m) in laptop bag carried by hand, (n) on table, (o) on seat, 

(p) in car cradle, (q) on car dashboard, and (r) in car drawer. Note that the device usages 

from (a) to (m) could be for both sitting and standing. 

(b) 

(e) 

(i) 

(g) 

(j) (k) (l) (m) 

(n) (o) 

(p) (q) 

(r) 

(a) (c) (d) 

(h) 

(f) 
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5.1.1.2 Significance 

With respect to portable navigation using low-cost MEMS sensors, the detection of stationary 

mode is crucial to avoid significant drifting positioning error. MEMS sensors suffer from 

different types of errors including drift errors. Such drift errors in MEMS accelerometers and 

gyroscopes may cause a navigation solution to incorrectly calculate a significant displacement of 

position when the portable device is actually stationary. If the mode is detected to be Stationary, 

such drift in sensor readings shall be ignored or suppressed by the navigation algorithm to keep 

the positioning still. 

Moreover, when Stationary mode is detected, any readings from accelerometers and gyroscopes 

may be regarded as noise or drift errors, and therefore the error modelling of such sensors can be 

updated, in order to improve denoising and sensor fusion. This update is known in literature as 

Zero Update Velocity (ZUPT). 

5.1.1.3 Signal Characteristics 

Ideally for a stationary device, it would have been expected that the values of all variables 

outputted from the sensor fusion (see Section  4.2.1); i.e., levelled vertical and horizontal 

acceleration, compensated norm of gyroscope readings, and vertical velocity; remain constant at 

zero. Figure  5-3 shows the variables of a stationary device carried in the pocket of a sitting 

person. However, the variables are non-zero and non-constant because: 

 errors of all sensors (see Section  2.1.4.1.1.1), including accelerometers, gyroscopes, 

barometer, and magnetometers, whose readings are used to calculate the variables (see 

Section  4.2.1), including bias error and noise error, 
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 inaccuracies in the estimation of gravity, which is needed to calculate the levelled vertical 

acceleration (see Section  4.2.1), which may be due to the incorrect latitude used in 

calculating gravity using the latitude model, or 

 any possible vibrations of the platform carrying the device (e.g., due to breathing of the 

person carrying the device). 

It can be seen that the average features (see Section  4.3.1) of the levelled vertical acceleration, or 

any of the variables, cannot be an indication of Stationary mode, as it represents the bias errors, 

which varies from one device to another and may even vary from run-to-run. However, data 

spread features, such as variance or average absolute difference, of levelled vertical or horizontal 

acceleration may be an indication of Stationary mode, as it is expected to be smaller than that of 

other motion modes. 

It is also noticeable that vertical velocity suffers from relatively high error and noise, as it 

misleadingly shows that the vertical velocity reaches about 0.5 m/s during many epochs. This is 

due to the erroneous nature of low-cost barometers used in smartphones and consumer devices 

which drift significantly when the device is stationary. It is therefore not recommended to use any 

features of vertical velocity estimation when attempting to detect Stationary mode. 
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Figure  5-3: Output variables of sensor fusion of a smartphone carried in the pocket of a 

user sitting on a chair in Stationary mode. 

5.1.2 Walking 

5.1.2.1 Description 

The Walking motion mode, whose icon is shown in Figure  5-4, involves walking in various 

speeds: very slow, slow, normal, fast, and very fast, on a flat stationary surface whether indoors 

or outdoors.  
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Figure  5-4: Walking motion mode. 

As shown in Figure  5-5, some of the device usages of Walking include: 

 handheld or texting (including portrait and landscape), 

 dangling (in various amplitudes, e.g., big swings or small swings), 

 on ear, 

 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 



 

 

 

139 

 

 

Figure  5-5: Possible device usages for Walking motion mode: (a) handheld, (b) dangling, (c) 

on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in arm band, (h) head mount, 

(i) wrist, (j) in backpack carried on shoulder, (k) in backpack carried by hand, (l) in laptop 

bag carried on shoulder, and (m) in laptop bag carried by hand. 

5.1.2.2 Significance 

Walking may be considered one of the most common motion modes for any consumer or user. 

When Walking is detected, PDR algorithm can be used as a navigation algorithm to help improve 

the positioning performance. PDR algorithm works mainly by detecting footsteps from the peaks 

(a) (b) (c) (d) 

(e) (f) (g) (h) 

(i) (j) (k) (l) (m) 
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of accelerometers signals and estimating the step frequency and step length from the 

accelerometer measurements. 

Failing to detect Walking motion mode may cause a significant error in navigation performance. 

For example, if a person is walking really slowly and the low amplitude of frequency of the peaks 

of the accelerometer signals cause the recognition module to detect Land-based Vessel rather than 

Walking, then the navigation algorithm shall incorrectly calculate very large position 

displacement due to driving, as compared to the true displacement due to walking slowly. 

5.1.2.3 Signal Characteristics 

As shown in an example trajectory in Figure  5-6, Walking is characterized by periodic peaks in 

levelled vertical acceleration. Therefore, the number of peaks per window (see Section  4.3.2.2) is 

expected to be the main feature to distinguish Walking from other motion modes. Moreover, 

since Walking is characterized by a periodic signal, we expect that the frequency domain entropy 

(see Section  4.3.4.3) to have a high value. 

We can also see from Figure  5-6 that the waveforms of levelled horizontal acceleration and 

compensated norm of gyroscope readings are more irregular than that of levelled vertical 

acceleration, although they have recurring peaks. It is also noteworthy that compensated 

gyroscope norm encounter relatively big peaks (such as at Time=16.15 sec, 22.65 sec, and 32.1 

sec) when the user or platform turns left or right. 

Moreover, smoothed vertical velocity shows for this trajectory an almost constant zero value 

throughout the trajectory, since the user was walking on a flat surface. However, it would have 

shown a different waveform if the ground was tilted. Therefore, vertical velocity is not a 

distinguishing feature for Walking. 
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Figure  5-6: Output variables of sensor fusion of a tablet carried handheld by a user in 

Walking mode. 

5.1.3 Running 

5.1.3.1 Description 

The Running motion mode, whose icon is shown in Figure  5-7, involves running and jogging in 

various speeds: very slow, slow, normal, fast, and very fast. 
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Figure  5-7: Running motion mode. 

As shown in Figure  5-8, some of the device usages of Running include: 

 handheld, 

 dangling (in various amplitudes, e.g., big swings or small swings), 

 on ear, 

 in pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 strapped to leg, 

 bag (backpack), 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  5-8: Possible device usages for Running motion mode: (a) on ear, (b) dangling, chest 

strapped, and wrist, (c) head mount and in belt holder, (d) attached to leg, (e) in arm band 

and in backpack, and (f) handheld. 

5.1.3.2 Significance 

Although Running and Walking both depend on footsteps, their PDR models differ as they have 

different motion dynamics [186]. Whether for slow jogging or fast running, Running needs 

different PDR model parameters for the step length estimation. Therefore, detecting Running is 

necessary for the navigation solution to invoke the correct PDR models, and therefore result in 

more accurate positioning results. Moreover, the high frequency and high amplitudes of footsteps 

(a) (b) (c) 

(d) (e) (f) 
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of Running shall cause the PDR algorithm to take into account acceleration peak signals it would 

have otherwise considered noise if the mode was Walking. 

Also, the misalignment models of Running are different to Walking [186]. For example, the way 

the arm dangles in Walking is usually different than that of Running. Therefore, this is another 

reason for the necessity of detecting Running, which also contributes to improving the positioning 

accuracy. 

5.1.3.3 Signal Characteristics 

As shown in Figure  5-9, the levelled vertical acceleration of a Running trajectory is similar to that 

of Walking with regards to the existence of frequent and regular peaks. However, the peaks in 

Running are in general higher in amplitude and in frequency than their counterparts in Walking. 

Moreover, if we compare the levelled horizontal acceleration and compensated norm of 

gyroscope readings in Figure  5-9 with their counterparts for Walking in Figure  5-8, it is 

noticeable that such variables tend to have higher amplitudes in Running than in Walking.  
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Figure  5-9: Output variables of sensor fusion of a watch worn by a user in Running mode. 

5.1.4 Bicycle 

5.1.4.1 Description 

As shown in Figure  5-10, the Bicycle motion mode or mode of conveyance, involves a person 

riding a bicycle whether the portable device is carried by the user himself (e.g., in pocket) or 

attached to the bicycle itself (e.g., attached to bicycle holder). 
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Figure  5-10: Bicycle motion mode. 

As shown in Figure  5-11, some of the possible device usages of Bicycle include: 

 in bike holder, 

 taped to bike, 

 in pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 strapped to leg, 

 strapped to back, 

 strapped to thigh, 

 bag (backpack), 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  5-11: Possible device usages for Bicycle motion mode: (a) bike holder, (b) in arm 

band, (c) chest strapped, (d) attached to back, and (e) in belt holder. 

5.1.4.2 Significance 

In literature, Bicycle motion mode can have its own navigation algorithm, based on pedaling 

detection, and constraints to improve positioning results in the absence of GNSS signals [187]. 

Without the detection of Bicycle motion mode, it may be misclassified as Walking or Running, 

especially if the device usage is coupled to pedaling (e.g., in pocket), or misclassified as Land-

based Vessel, especially if the device usage is de-coupled from pedaling (e.g., placed in a bike 

holder). In the former case, navigation solution shall result in underestimated positioning 

estimation since PDR algorithms of Walking or Running are designed to estimate lower velocities 

than Bicycle. In the latter case, navigation solution shall result in overestimated positioning 

estimation as driving navigation algorithms are designed to estimate higher velocities than 

Bicycle. 

(a) (b) (c) 

(d) (e) 



 

 

 

148 

 

 

Figure  5-12: Effect of misdetection of Bicycle motion mode on navigation solution 

performance. 

5.1.4.3 Signal Characteristics 

Figure  5-13 and Figure  5-14 show the variable waveforms for two different example trajectories 

of Bicycle motion mode for two different device usages: in backpack and mounted to bicycle 

holder. Backpack is considered coupled to pedaling since the backpack is indirectly connected to 

the pedaling motion, while the bicycle holder is considered de-coupled from pedaling. Therefore, 

we see that the former has relatively more regular peaks in the levelled vertical acceleration 

waveform. This imposes a greater challenge on the classification process to be able to detect such 

a mode with vast ranges of values and waveforms. 

It is also noticeable that the estimated vertical velocity was different in the two trajectories, and is 

most likely due to the trajectories altitudes themselves rather than the characteristics of the 

motion mode. Therefore, just like Walking and Running, it is recommended not to consider 

features from vertical velocity when attempting to detect Bicycle motion mode. 
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Figure  5-13: Output variables of sensor fusion of smartphone carried in a backpack of a 

user in Bicycle mode. 
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Figure  5-14: Output variables of sensor fusion of smartphone mounted in a bicycle holder 

while the user is in Bicycle mode. 

5.1.5 Land-Based Vessel 

5.1.5.1 Description 

As shown in Figure  5-15, Land-based Vessel motion mode or mode of conveyance involves the 

existence of the portable device in a moving vessel, including but not limited to car, bus, or train. 

It includes whether the device is carried by a user who is sitting (whether driving or not) or 

standing, or simply placed somewhere in the vessel (e.g., on seat, attached to cradle, or on 

dashboard). The Land-based Vessel motion mode applies to all types of: 

 cars, including vans and trucks,  

 buses, including in-city transit buses and inter-city travelling buses, and  
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 trains, including inter-city travelling trains, and transit trains, which exist in various cities 

and countries in various forms and names, such as light-rail trains, subways, streetcars, 

and underground metros. 

 

Figure  5-15: Land-based Vessel motion mode. 

As shown in Figure  5-16, the device usages of Land-based Vessel include: 

 for sitting or standing: 

o handheld or texting (including portrait and landscape), 

o hand by side, 

o on ear, 

o in front or back pant,  

o in shirt pocket, 

o in jacket pocket, 

o chest strapped, 

o in belt holder, 

o in arm band, 
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o in bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

o head mount (in case the device is smartglasses or goggles), and 

o wrist (in case the device is smartwatch). 

 for on platform: 

o on seat, 

o in bag placed on seat, ground, or in trunk, 

o in box between seats, 

o in car cradle, 

o on dashboard, and  

o in drawer. 

It is to note that not all of the above device usages apply to all types of land-based vessels. For 

example, standing is not applicable to car. 
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Figure  5-16: Possible device usages for Land-based Vessel motion mode: handheld or 

texting while (a) sitting in streetcar or (b) standing in streetcar, on ear while (b) sitting in 

subway, (c) standing in subway, or (e) driving a car, (f) on car seat, (g) in car drawer, (h) on 

dashboard, and (i) fixed to car cradle. 

5.1.5.2 Significance 

Land-based Vessel is one of the most common motion modes for any user. It is characterized to 

have the highest speed in any of the motion modes covered in this thesis, and in real-life its speed 

is only exceeded by marine-based vessels (e.g., ships) or airborne vessels (e.g., airplanes). A false 

detection of Land-based Vessel mode usually results in an overestimation of the velocity of the 

moving platform, while a failure to detect Land-based Vessel mode usually results in 

underestimation of the velocity of the moving platform. In both cases, the positioning results can 

drastically degrade if the misdetection lasts for more than a few seconds. 

For example, as shown in Figure  5-17, if a person is driving on a bumpy road, and the 

acceleration peaks due to the bumps are incorrectly interpreted as footsteps of Walking mode, 

then the PDR algorithm shall result in small position displacement compared to the actual 

position displacement due to driving. 

(a) (b) (c) (d) (e) 

(f) (g) (h) (i) 
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Figure  5-17: Effect of misdetection of Land-based Vessel motion mode on navigation 

solution performance. 

5.1.5.3 Signal Characteristics 

As shown in Figure  5-18, levelled vertical acceleration of Land-based Vessel is characterized by 

relatively small amplitude peaks as compared to Walking or Bicycle motion modes. It can also be 

seen that it has higher magnitude of levelled horizontal acceleration than that of Bicycle (see 

Figure  5-14) as vehicles tend to decelerate and accelerate in the horizontal direction with greater 

magnitude than cyclers, when the driver presses on the brake pedal or gas pedal. However, 

acceleration or deceleration of cars are not very frequent and therefore the horizontal acceleration 

of Walking and Running (see Figure  5-6 and Figure  5-9) have more frequent peaks as 

acceleration/deceleration is an inherent part of each of footstep in both Walking and Running. 

It is also noticeable from Figure  5-18 that vertical velocity can vary, but that it is largely due to 

the trajectory having inclines and declines. Therefore, as mentioned previously in Walking, 

Running and Bicycle motion modes, features from vertical velocity are not recommended to be 

used to detect Land-based Vessel motion mode, as it is an attribute of the trajectory rather than 

that of the motion mode. 
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Figure  5-18: Output variables of sensor fusion of smartphone held on ear of a user in Land-

based Vessel mode. 

5.1.6 Walking in Land-Based Vessel 

5.1.6.1 Description 

As shown in Figure  5-19, Walking in Land-based Vessel motion mode involves walking inside a 

vessel such as bus or train, whether in the same direction of the vessel or in the opposite direction. 

It includes whether the user is walking in any speed: from very slow to very fast, whether the user 

is walking freely or having to turn around obstacles (such as other passengers), and whether the 

user is walking with hands free or with hands holding to seats on his/her way or to overhead bars. 



 

 

 

156 

 

 

Figure  5-19: Walking in Land-based Vessel motion mode. 

As shown in Figure  5-20, the device usages of Walking in Land-based Vessel include: 

 handheld or texting (including portrait and landscape), 

 dangling (in various amplitudes, e.g., big swings or small swings), 

 on ear, 

 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  5-20: Possible device usages for Walking in Land-based Vessel motion mode: (a) 

handheld, (b) dangling, (c) on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in 

arm band, (h) in backpack carried on shoulder, (i) in laptop bag carried on shoulder, (j) in 

laptop carried by hand, (k) head mount, and (l) wrist. 

5.1.6.2 Significance 

The detection of footsteps of a user walking in a bus or train during a GNSS outage, can cause the 

navigation solution to incorrectly assume that the motion mode is Walking and use the PDR 

algorithm, which will in turn result in significant underestimation of position displacement. It is 

(a) (b) (c) (d) 

(e) (f) (g) (h) 

(i) (j) (k) (l) 
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therefore necessary to be able to detect Walking in Land-based Vessel motion mode, in order to 

ignore or suppress any footsteps detected and deal only with the vessel dynamics. 

 

Figure  5-21: Effect of misdetection of Walking in Land-based Vessel motion mode on 

navigation solution performance. 

Moreover, a false detection of Walking in Land-based Vessel shall also result in overestimation 

in position displacement. Hence, it is important to have a low FPR for this motion mode. 

5.1.6.3 Signal Characteristics 

As shown in Figure  5-22, the waveforms of Walking in Land-based Vessel mode are quite similar 

to that of Walking (shown in Figure  5-6). It is noticeable that the levelled vertical acceleration has 

inconsistent peak amplitudes, as a passenger walking in a bus or train usually walks at various 

speeds in various parts of his path as he/she might face different types of obstacles (e.g., other 

passengers in the way) which cause the passenger to change his speed and direction accordingly. 

Therefore, a feature such as the kurtosis (see Section  4.3.1.11) of levelled vertical acceleration 

can detect Walking in Land-based Vessel motion mode. 

It is also noticeable that magnitude of levelled horizontal acceleration and compensated norm of 

gyroscope magnitude have isolated maxima peaks every now and then, which are due to the 

walking passenger changing his/her direction of motion by 180 degrees when he/she reaches the 

end or start of the train or bus.  
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Although it might not be noticeable visually when looking at the waveforms of Walking mode 

and Walking in Land-based Vessel mode, it is expected that the mean of magnitude of levelled 

horizontal acceleration to be higher in general for Walking in Land-based Vessel mode than for 

Walking mode. 

 

Figure  5-22: Output variables of sensor fusion of smartphone carried handheld by a user 

walking in a light rail transit train. 

5.2 Data Collection 

A large number of trajectories were taken for different motion modes as shown in Table  5-2. The 

total number of trajectories logged was more than 2435, with total effective time length of more 

than 255 hours: 

 406 trajectories for Stationary mode with total effective time of 74 hours, 

 974 trajectories for Walking motion mode with total effective time of 90.7 hours,  
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 356 trajectories for Running motion mode with total effective time of 25.8 hours,  

 249 trajectories for Bicycle motion mode with total effective time of 40.9 hours, 

 311 trajectories for Land-based Vessel motion mode with total effective time of 24.8 

hours, and 

 139 trajectories for Walking in Land-based Vessel motion. 

The term “effective time” refers to the actual time within a trajectory in which the user or 

platform was carrying the portable device in the corresponding motion mode.  

The second column, “Type”, of Table  5-2 shows the different platforms in which each motion 

mode can be performed in or on. The third column, “Sub-Motion Mode”, shows the different 

modes a user can be in within the motion mode or mode of conveyance. 
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Table  5-2: Number of trajectories logged and the total logging time for each motion mode. 

Motion Mode Type Sub-Motion 

Mode 
#Users #Trajectories Total Time 

Length 

Stationary 

Ground 
Table/Bench 5 22 9.3 hours 

Sitting 9 96 16.0 hours 

Standing 9 114 16.6 hours 

Vehicle On Platform 4 51 12.1 hours 

Sitting 5 67 17.6 hours 

Bus 
On Platform 2 4 29.4 minutes 

Sitting 2 13 1.3 hours 

Standing 1 10 4.8 minutes 

Train 
On Platform 2 8 19.8 minutes 

Sitting 2 12 8.4 minutes 

Standing 2 9 3.2 minutes 

Walking 36 974 90.7 hours 

Running 25 356 25.8 hours 

Bicycle 9 249 40.9 hours 

Land-based Vessel 

Vehicle On Platform 7 34 5.0 hours 

Sitting 7 45 10.2 hours 

Bus In-

City 

On Platform 1 2 5 minutes 

Sitting 4 31 1.9 hours 

Standing 4 31 1.4 hours 

Bus Out-

City 

On Platform 1 3 8.7 minutes 

Sitting 2 13 34.6 minutes 

Standing 2 14 32.6 minutes 

Train 
On Platform 2 4 6.6 minutes 

Sitting 2 12 32.7 minutes 

Standing 2 13 25.5 minutes 

Light Rail 

Train 

On Platform 1 1 2.1 minutes 

Sitting 4 21 1.3 hours 

Standing 4 32 2.0 hours 

Streetcar 
On Platform 2 2 3.2 minutes 

Sitting 2 8 17.2 minutes 

Standing 2 8 16.8 minutes 

Subway 
On Platform 2 4 4 minutes 

Sitting 2 17 20 minutes 

Standing 2 16 20 minutes 

Walking in Land-based 

Vessel 

Bus In-City 6 46 40 minutes 

Bus Out-City 1 12 5 minutes 

Light-Rail Train 7 60 10 minutes 

Subway 2 21 10 minutes 
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The trajectories for motion mode detection were mainly collected by employees at TPI, also 

known as Trusted Positioning Inc.. A small portion of the trajectories were collected by members 

of NavINST laboratory and some students at Queen’s University. 

Each trajectory was made by a single user to cover a single motion mode / device usage 

combination. Some trajectories were performed using several portable devices in different device 

usages at the same time, in order to save time in collecting data, but during training or evaluation 

the portable devices were treated separately. Table  5-3 shows the device usages covered in the 

data collection for each motion mode. 

Different brands of various portable devices - including smartphones, tablets, smartwatches, and 

smartglasses - were used, each containing different MEMS sensors with different sensor 

characteristics as shown in Section  4.1.1. 

To guarantee a robust classifier, the data for training and evaluating it had to be as diverse as 

possible. The data was collected in different locations and environments, and in different speeds 

and styles, e.g.: 

 Walking trajectories were done: 

o indoors, outdoors, and in different places with different terrains, 

o in different speeds, very slow, slow, normal, fast, and very fast. 

 Running trajectories were done: 

o indoors and outdoors, in different running tracks in University of Calgary 

campus, Queen’s University campus, and Royal Military College, 

o on different types of surfaces,  
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o in different speeds, including jogging, running slowly, running in normal speed, 

running in fast, and running in extremely fast speed, 

o by different users of different weights and different fitness levels: from fit users 

who run regularly, and unfit users who rarely run, 

 Land-based Vessel trajectories were collected in different types of vehicles, buses, and 

trains, in different cities, and locations: 

o Vehicle trajectories were done: 

 using different models of cars (a Honda car, an old Mazda car, a 17 ft. 

truck, and a Jeep van), 

 using different drivers who have different styles of driving, 

 carrying the portable devices using both drivers and other passengers 

sitting in the front or at the back of the vehicle, 

 in different areas (downtown, uptown, and on the highway), and 

 in different cities (Kingston, Calgary in Canada, and Santa Clara in the 

USA). 

o Bus trajectories were done: 

 using in-city transit buses and between cities travelling buses, 

 in different areas (downtown, uptown, and on the highway), and 

 in different cities (Kingston and Calgary). 

o Train trajectories were done: 

 using in-city transit trains and travelling trains between cities, 
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 different types of transit trains in different cities: subway and streetcar in 

Toronto and light rail train in Calgary, and 

 in different areas (downtown, uptown, and on the highway). 

Figure  5-23 shows photos of data collection made in different cities and during different times by 

different users for the different motion modes covered in this chapter. 
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Figure  5-23: Photos of data collection for different motion modes: (a) Stationary, (b) 

Walking, (c) Running, (d) Bicycle, (e) Land-based Vessel, and (f) Walking in Land-based 

Vessel. 

The data collection included more than 35 users of various heights, weights, ages, and motion 

dynamics, in order to make the motion mode recognition module work for an arbitrary user. The 

(b) 

(c) (d) 

(e) (f) 

(a) 
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more users we collect data from, the more robust the classification algorithms we expect to get, 

since different users have different motion styles and different motion rates.   

Table  5-3: Device usages covered in data collection for Stationary, Walking, Running, 

Bicycle, Land-based Vessel, and Walking in Land-based Vessel. 

 

H
a

n
d

h
eld

/T
ex

tin
g
 

H
a

n
d

 S
till b

y
 S

id
e 

P
o

ck
et 

E
a

r 

B
elt H

o
ld

er 

D
a

n
g

lin
g
 

A
rm

 B
a

n
d

 

C
h

est 

L
eg

 

T
h

ig
h

 

W
rist/S

m
a

rtw
a

tch
 

B
a

ck
p

a
ck

 

P
u

rse 

L
a

p
to

p
 B

a
g
 

H
ea

d
 m

o
u

n
t/G

o
g

g
le/S

m
a

rtg
la

sses 

B
icy

cle H
a

n
d

le 

B
icy

cle H
o

ld
er 

C
a

r D
a

sh
b

o
a

rd
 

C
a

r B
o

x
 B

etw
een

 S
ea

ts 

C
a

r H
o

ld
er 

C
a

r S
ea

t 

Stationary                      

Walking                      

Running                      

Bicycle                      

Land-based Vessel                      

Walking in Land-based Vessel                      

Approximately, half of the data samples collected was used as training to generate the decision 

tree models, and the other half of the data was used to evaluate the models. 

5.3 List of Features 

The variables, mentioned in Section  4.2.1, were obtained from a navigation solution within each 

of the portable devices running at runtime during the data collection which fuses the readings 

from different sensors. At each epoch, the following features (see Section  4.3 for definition and 

explanation of each feature) were then extracted from the windows of variables of length 64 

samples: 

 mean(𝑎ℎ), mean of magnitude of levelled horizontal plane acceleration, 
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 mean(𝑎𝑢𝑝), mean of levelled vertical acceleration, 

 mean(|𝜔|), mean of compensated norm of orthogonal rotation rates, 

 median(𝑎ℎ), median of magnitude of levelled horizontal plane acceleration, 

 median(𝑎𝑢𝑝), median of levelled vertical acceleration, 

 median(|𝜔|), median of compensated norm of orthogonal rotation rates, 

 mode(𝑎ℎ), mode of magnitude of levelled horizontal plane acceleration, 

 mode(𝑎𝑢𝑝), mode of levelled vertical acceleration, 

 mode(|𝜔|), mode of compensated norm of orthogonal rotation rates, 

 percentile(𝑎ℎ, 75), 75th percentile of magnitude of levelled horizontal plane 

acceleration, 

 percentile(𝑎𝑢𝑝, 75), 75th percentile of levelled vertical acceleration, 

 percentile(|𝜔|, 75), 75th percentile of compensated norm of orthogonal rotation rates, 

 var(𝑎ℎ), variance of magnitude of levelled horizontal plane acceleration, 

 var(𝑎𝑢𝑝), variance of levelled vertical acceleration, 

 var(|𝜔|), variance of compensated norm of orthogonal rotation rates, 

 std(𝑎ℎ), standard deviation of magnitude of levelled horizontal plane acceleration, 

 std(𝑎𝑢𝑝), standard deviation of levelled vertical acceleration, 

 std(|𝜔|), standard deviation of compensated norm of orthogonal rotation rates, 
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 AAD(𝑎ℎ), average absolute difference of magnitude of levelled horizontal plane 

acceleration, 

 AAD(𝑎𝑢𝑝), average absolute difference of levelled vertical acceleration, 

 AAD(|𝜔|), average absolute difference of compensated norm of orthogonal rotation rates, 

 iqr(𝑎ℎ), inter-quartile range of magnitude of levelled horizontal plane acceleration, 

 iqr(𝑎𝑢𝑝), inter-quartile range of levelled vertical acceleration, 

 iqr(|𝜔|), inter-quartile range of compensated norm of orthogonal rotation rates, 

 skew(𝑎ℎ), skewness of magnitude of levelled horizontal plane acceleration, 

 skew(𝑎𝑢𝑝), skewness of levelled vertical acceleration, 

 skew(|𝜔|), skewness of compensated norm of orthogonal rotation rates, 

 kurt(𝑎ℎ), kurtosis of magnitude of levelled horizontal plane acceleration, 

 kurt(𝑎𝑢𝑝), kurtosis of levelled vertical acceleration, 

 kurt(|𝜔|), kurtosis of compensated norm of orthogonal rotation rates, 

 bindstbn(𝑎ℎ , 𝑏𝑖𝑛𝑎ℎ,0), ⋯, bindstbn(𝑎ℎ , 𝑏𝑖𝑛𝑎ℎ,9), binned distribution of magnitude of 

levelled horizontal plane acceleration at bin values [𝑏𝑖𝑛𝑎ℎ,0 ⋯ 𝑏𝑖𝑛𝑎ℎ,9] = [-3.274425   

-0.747425   0.516075   1.147825   1.4637   1.779575   2.411325   3.674825   6.201825   

∞], 



 

 

 

169 

 

 bindstbn (𝑎𝑢𝑝, 𝑏𝑖𝑛𝑎𝑢𝑝,0), ⋯, bindstbn (𝑎𝑢𝑝, 𝑏𝑖𝑛𝑎𝑢𝑝,9), binned distribution of levelled 

vertical acceleration at bin values [𝑏𝑖𝑛𝑎𝑢𝑝,0 ⋯ 𝑏𝑖𝑛𝑎𝑢𝑝,9] = [-7.822125   -3.595925   -

1.482825   -0.426275   0.102   0.630275   1.686825   3.799925   8.026125   ∞], 

 bindstbn(|𝜔|, 𝑏𝑖𝑛|𝜔|,0), ⋯, bindstbn(|𝜔|, 𝑏𝑖𝑛|𝜔|,9), binned distribution of compensated 

norm of orthogonal rotation rates at bin values [𝑏𝑖𝑛|𝜔|,0 ⋯ 𝑏𝑖𝑛|𝜔|,9] = [-127.608825   

-33.552225   13.476075   36.990225   48.7473   60.504375   84.018525   131.046825   

225.103425   ∞], 

 energy(𝑎ℎ), energy of magnitude of levelled horizontal plane acceleration, 

 energy(𝑎𝑢𝑝), energy of levelled vertical acceleration, 

 energy(|𝜔|), energy of compensated norm of orthogonal rotation rates, 

 subband_energy𝑖(𝑎ℎ), for 𝑖 = 0,1,2,3,4, sub-band energy of magnitude of levelled 

horizontal plane acceleration at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 

1.0 – 2.0 Hz, 2.0 - 10 Hz, 

 subband_energy𝑖(𝑎𝑢𝑝), for 𝑖 = 0,1,2,3,4, sub-band energy of levelled vertical 

acceleration at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 1.0 – 2.0 Hz, 2.0 - 

10 Hz, 

 subband_energy𝑖(|𝜔|), for 𝑖 = 0,1,2,3,4, sub-band energy of compensated norm of 

orthogonal rotation rates at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 1.0 – 

2.0 Hz, 2.0 - 10 Hz, 
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 subband_energy_ratio𝑖,𝑗(𝑎ℎ), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of magnitude of levelled horizontal plane 

acceleration, 

 subband_energy_ratio𝑖,𝑗(𝑎𝑢𝑝), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of levelled vertical acceleration, 

 subband_energy_ratio𝑖,𝑗(|𝜔|), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of compensated norm of orthogonal rotation 

rates, 

 SMA(𝑎ℎ), signal magnitude area of magnitude of levelled horizontal plane acceleration, 

 SMA(𝑎𝑢𝑝), signal magnitude area of levelled vertical acceleration, 

 SMA(|𝜔|), signal magnitude area of compensated norm of orthogonal rotation rates, 

 |STFT(𝑎ℎ)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

magnitude of levelled horizontal plane acceleration for NFFT=16, 

 |STFT(𝑎ℎ)[𝑖]|2, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of magnitude 

of levelled horizontal plane acceleration for NFFT=16, 

 |STFT(𝑎𝑢𝑝)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

levelled vertical acceleration for NFFT=16, 

 |STFT(𝑎𝑢𝑝)[𝑖]|
2
, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of levelled 

vertical acceleration for NFFT=16, 

 |STFT(|𝜔|)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

compensated norm of orthogonal rotation rates for NFFT=16, 
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 |STFT(|𝜔|)[𝑖]|2, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of 

compensated norm of orthogonal rotation rates for NFFT=16, 

 SC(𝑎ℎ), spectral power centroid of magnitude of levelled horizontal plane acceleration, 

 SC(𝑎𝑢𝑝), spectral power centroid of levelled vertical acceleration, 

 SC(|𝜔|), spectral power centroid of compensated norm of orthogonal rotation rates, 

 mean (𝐶𝑊𝑇𝜓(𝑎ℎ, 𝑖)), average of continuous wavelet transforms at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of magnitude of levelled horizontal plane acceleration, 

 mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 𝑖)), average of continuous wavelet transforms at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of levelled vertical acceleration, 

 mean (𝐶𝑊𝑇𝜓(|𝜔|, 𝑖)), average of continuous wavelet transform at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of compensated norm of orthogonal rotation rates, 

 𝐻𝑓(𝑎ℎ), frequency entropy of magnitude of levelled horizontal plane acceleration, 

 𝐻𝑓(𝑎𝑢𝑝), frequency entropy of levelled vertical acceleration, 

 𝐻𝑓(|𝜔|), frequency entropy of compensated norm of orthogonal rotation rates, 

 𝑓𝐹𝑂𝑆𝑖
(𝑎ℎ), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of magnitude of levelled horizontal plane acceleration obtained using fast orthogonal 

search, 

 𝐴𝐹𝑂𝑆𝑖
(𝑎ℎ), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of magnitude of levelled horizontal plane acceleration obtained using fast orthogonal 

search, 



 

 

 

172 

 

 𝑓𝐹𝑂𝑆𝑖(𝑎𝑢𝑝), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of levelled vertical acceleration obtained using fast orthogonal search, 

 𝐴𝐹𝑂𝑆𝑖(𝑎𝑢𝑝), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of levelled vertical acceleration obtained using fast orthogonal search, 

 𝑓𝐹𝑂𝑆𝑖
(|𝜔|), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of compensated norm of orthogonal rotation rates obtained using fast orthogonal search, 

 𝐴𝐹𝑂𝑆𝑖
(|𝜔|), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of compensated norm of orthogonal rotation rates obtained using fast orthogonal search, 

 zcr(𝑎𝑢𝑝), zero crossing rate of levelled vertical acceleration, 

 peaks(𝑎ℎ), number of peaks of magnitude of levelled horizontal plane acceleration, 

 peaks(𝑎𝑢𝑝), number of peaks of levelled vertical acceleration, and 

 𝑟𝑎ℎ𝑎𝑢𝑝
, cross-correlation of compensated magnitude levelled horizontal plane acceleration 

versus levelled vertical acceleration. 

The total length of the feature vector is 252. It was left to the training algorithm of the decision 

tree to choose which features are more important than others, or whether some features are not 

necessary at all to distinguish the motion modes. 

5.4 Detection Invocation 

Motion mode recognition occurred at a rate of 20 Hz, i.e. every 50 ms, which is the same rate of 

the whole portable navigation solution and the sampling of the accelerometers and sensors. Since 

the solution has been implemented in real-time on several brands of consumer devices, it was 
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proven that the whole recognition process of pre-processing, feature extraction, and classification 

evaluation, had the limited computation complexity to be executed within the 50 ms time frame. 

When the context of the portable device is detected to be outdoors (i.e., GNSS is detected for the 

majority of the time with some blockages or outages), three different decision trees are used: 

 a decision tree to discriminate between Stationary vs. all other motion modes,  

 a decision tree to discriminate between Walking vs. Running vs. Bicycle vs. Land-based 

Vessel, and 

 a decision tree to discriminate between Walking vs. Walking on Land-based Vessel. 

Each of the first two classifiers is invoked at each epoch simultaneously after extracting the 

features from the window of variables including the current epoch and the previous 63 epochs. If 

the result of the first classifier is Stationary mode, then the result of the second classifier is 

ignored, otherwise the result of the second classifier is considered the predicted motion mode. If 

the result of the second classifier is Walking, then the third classifier is invoked to check whether 

it is walking on ground or walking on a land-based vessel. 

5.5 Classification Results 

The evaluation results shown in this section represent only the classification output, without 

applying any of the post-classification refining procedures explained in Section  4.5. 

To ensure the robustness of the recognition process with respect to GNSS signal availability, 

another separate evaluation was made for the subset of the evaluation trajectories, which were 

performed outdoors, disregarding the GNSS signals during processing. We shall refer to such 

trajectories as “GNSS-outaged” trajectories. 
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5.5.1 Stationary vs. Non-Stationary Classification Results 

Table  5-4 shows the confusion matrices of the classification results on the evaluation trajectories 

for the Stationary vs. Non-Stationary classifier, generated using the training trajectories. The 

average recall rate is 94.2%. The decision tree training algorithm chose AAD(𝑎𝑢𝑝), the average 

absolute difference of levelled vertical acceleration, followed by percentile(|𝜔|, 75), the 75
th
 

percentile of the compensated norm of gyroscope measurements, as the most dominant features to 

discriminate between Stationary and Non-Stationary modes. 

The true positive rate, i.e. rate of successful classification, of non-stationary is 97.9%, which is 

considerably greater than the true positive rate of Stationary, which is 90.5%. This is due to the 

fact that the Stationary mode sometimes contains small vibrations, which may be misdetected as 

Non-Stationary.  

From the perspective of positioning performance, a recognition module biased towards Non-

Stationary mode is better than being biased towards Stationary mode. This is because in the 

former case, detecting few Stationary epochs in the middle of a moving trajectory may badly 

affect the overall integrated navigation solution. However in the latter case, missing a little bit of 

Stationary detection (for a few epochs) will not considerably harm the navigation solution. 

Table  5-4: Confusion matrix of Stationary vs. Non-Stationary classifier performance on 

evaluation data. 

Actual Class 
Predicted Class 

Stationary Non-Stationary 

Stationary 90.5% 9.5% 

Non-Stationary 2.1% 97.9% 

Table  5-5 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 
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significantly from 6653 nodes to only 413 nodes and at the same time have an increase in average 

recall rate by 1.97%.  

Table  5-5: Performance of decision tree classifier for Stationary vs. Non-Stationary for 

various pruning levels. 

To verify that such classifier performance will generalize to an independent trajectory or 

independent data set, the generated classifier has been cross-validated by evaluating it on a 

further set of testing data as shown in Table  5-6. By comparing the performance on testing data 

with the performance on evaluation data - shown in Table  5-4 - we can see that the detection of 

different motion modes have not changed much, as the detection of Stationary changed slightly 

from 90.5% to 93.1%, while the detection of Non-Stationary reduced by 0.8%. 

Table  5-6: Confusion matrix of Stationary vs. Non-Stationary classifier performance on 

testing data. 

Actual Class 
Predicted Class 

Stationary Non-Stationary 

Stationary 93.1% 6.9% 

Non-Stationary 2.9% 97.1% 

5.5.1.1 GNSS Outage Classification Results 

Table  5-7 shows the confusion matrices of the classification results on the GNSS-outaged 

evaluation trajectories for the Stationary vs. Non-Stationary classifier. We can see that the 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 6653 94.20% 95.91% 5.80% 3.64% 

120 4559 94.50% 96.09% 5.50% 3.46% 

240 2319 95.61% 96.72% 4.39% 2.83% 

360 1053 95.98% 96.95% 4.02% 2.60% 

480 413 96.17% 97.42% 3.83% 2.53% 
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average recall rate over GNSS-outaged trajectories is 94.65%, which is actually greater than its 

counterpart for evaluation trajectories in general (shown in Table  5-4).  

This shows that, although GNSS signal availability improves the estimation of variables during 

sensor fusion in the pre-processing stage, GNSS signal existence or absence have almost 

negligible effect on the performance of the generated motion mode recognition module. 

Table  5-7: Confusion matrix of Stationary vs. Non-Stationary classifier performance on 

trajectories during GNSS-outage. 

Actual Class 
Predicted Class 

Stationary Non-Stationary 

Stationary 90.6% 9.4% 

Non-Stationary 1.3% 98.7% 

5.5.2 Walking vs. Running vs. Bicycle vs. Land-Based Vessel Classification Results 

Table  5-8 shows the confusion matrices of the classification results on the evaluation trajectories 

for the Walking vs. Running vs. Bicycle vs. Land-based Vessel classifier, generated using the 

training trajectories. The average recall rate is 94.77%. The decision tree training algorithm chose 

peaks(𝑎𝑢𝑝), the number of peaks of levelled vertical acceleration, followed by |STFT(𝑎𝑢𝑝)[4]|, 

the 4
th
 component of the short-time Fourier transform of the levelled vertical acceleration, as the 

most dominant features to discriminate between the 4 motion modes. 

Running had the highest true positive rate of 99.4%, followed by Walking with a true positive 

rate of 96.5%. Bicycle and Land-based Vessel motion modes had true positive rates of 92% and 

91.2% respectively. The unique high frequency dynamics of Running made its detection rate 

much higher than other motion modes. 

On the other hand, about 3.3% (=1.4% + 1.9%) of Bicycle results, which are mostly due to device 

usages coupled to pedaling, (e.g. pocket and leg strapped), were misclassified as Walking or 
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Running. This is because bicycle pedaling has some similarity to footsteps in terms of the shape 

of levelled vertical acceleration. Another 4.8% of Bicycle data were misclassified as Land-based 

Vessel. This happened when the device usages were decoupled from pedaling (e.g., bike holder), 

since levelled vertical acceleration has some similar characteristics to both motion modes in such 

device usages. 

As for Land-based Vessel, the majority of its misclassification, 8.4%, goes to Bicycle. This is 

because, as mentioned in the previous paragraph, Bicycle device usages which are decoupled 

from pedaling have some similar characteristics to Land-based Vessel motion mode. 

Table  5-8: Confusion matrix of Walking vs. Running vs. Bicycle vs. Land-based Vessel 

classifier performance on evaluation data.  

Actual Class 
Predicted Class 

Walking Running Bicycle Land-based Vessel 

Walking 96.5% 2.2% 1.1% 0.3% 

Running 0.4% 99.4% 0.2% 0.0% 

Bicycle 1.4% 1.9% 92.0% 4.8% 

Land-based Vessel 0.3% 0.0% 8.4% 91.2% 

Table  5-9 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 9597 nodes to only 155 nodes and at the same time have an increase in average 

recall rate by 1.9%. 
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Table  5-9: Performance of decision tree classifier for Walking vs. Running vs. Bicycle vs. 

Land-based Vessel for various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 9597 94.77% 96.48% 5.23% 3.28% 

120 2333 97.60% 99.31% 2.40% 1.51% 

240 651 97.79% 99.50% 2.21% 1.39% 

360 155 96.67% 98.38% 3.33% 2.09% 

To verify that such classifier performance will generalize to an independent trajectory or 

independent data set, the generated classifier has been cross-validated by evaluating it on a 

further set of testing data as shown in Table  5-10. By comparing the performance on testing data 

with the performance on evaluation data - shown in Table  5-8 - we can see that the detection of 

different motion modes have not changed much, as the detection of Walking changed slightly 

from 96.5% to 97.7%, while the detection of Running reduced by 4.2%. 

Table  5-10: Confusion matrix of Walking vs. Running vs. Bicycle vs. Land-based Vessel 

classifier performance on testing data. 

Actual Class 
Predicted Class 

Walking Running Bicycle Land-based Vessel 

Walking 97.7% 1.0% 1.2% 0.2% 

Running 3.2% 95.2% 1.5% 0.2% 

Bicycle 0.6% 0.2% 92.7% 6.4% 

Land-based Vessel 0.3% 0.0% 6.5% 93.2% 

5.5.2.1 GNSS Outage Classification Results 

Table  5-11 shows the confusion matrices of the classification results on the GNSS-outaged 

evaluation trajectories for the Walking vs. Running vs. Bicycle vs. Land-based Vessel classifier. 

The average recall rate over GNSS-outaged trajectories is 93.825%, which is 0.945% less than its 

counterpart for evaluation trajectories in general.  
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This shows that, although GNSS signal availability improves the estimation of variables during 

sensor fusion in the pre-processing stage, it has almost negligible effect on the performance of the 

generated motion mode recognition module. 

Table  5-11: Confusion matrix of Walking vs. Running vs. Bicycle vs. Land-based Vessel 

classifier performance on trajectories during GNSS-outage. 

Actual Class 
Predicted Class 

Walking Running Bicycle Land-based Vessel 

Walking 95.2% 0.7% 4.0% 0.2% 

Running 0.1% 98.3% 1.6% 0.0% 

Bicycle 2.6% 1.3% 91.4% 4.8% 

Land-based Vessel 1.7% 0.1% 7.8% 90.4% 

5.5.3 Walking vs. Walking in Land-Based Vessel Classification Results 

Table  5-12 shows the confusion matrices of the classification results on the evaluation trajectories 

for the Walking vs. Walking in Land-based Vessel classifier, generated using the training 

trajectories. The average recall rate is 78.06%. The decision tree training algorithm chose 

subband_energy_ratio1,0(|𝜔|), the sub-band energy ratio of compensated norm of orthogonal 

rotation rates of 0.2-0.6 Hz frequency band to the 0-0.2 Hz frequency band, followed by 

kurt(𝑎𝑢𝑝), the kurtosis of the levelled vertical acceleration, as the most dominant features to 

discriminate between Walking and Walking in Land-based Vessel motion modes. 

The main challenge in recognizing Walking in Land-based Vessel is detecting the additional 

constant horizontal velocity component of the moving platform appended to the step motion of 

the user. This resulted in lower detection rate of Walking in Land-based Vessel, as illustrated in 

Table  5-12.  
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Table  5-12: Confusion matrix of evaluation of Walking vs. Walking in Land-based Vessel 

classifier. 

Actual Class 

Predicted Class 

Walking 
Walking in Land-

based Vessel 

Walking 87.07% 12.93% 

Walking in Land-based Vessel 30.94% 69.06% 

It is also noteworthy from the table above that the much more frequent motion modes in our daily 

lives, i.e., Walking, have high true positive rates as compared to motion modes which are rarer in 

our daily lives, i.e., Walking in Land-Based Vessel. Therefore, the classifier presented works at 

high accuracy rate for the great majority of a user’s lifetime, and may relatively underperform 

only when walking inside a bus or train, which typically will not occur more than a few seconds 

per day in an ordinary person’s lifetime. 

Table  5-13 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 8155 nodes to only 345 nodes with a reduction in average recall rate by only 

0.13%. 
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Table  5-13: Performance of decision tree classifier for Walking vs. Walking in Land-based 

Vessel for various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 8155 78.06% 85.81% 21.94% 14.19% 

120 7133 78.07% 85.84% 21.93% 14.16% 

240 5691 78.62% 86.37% 21.38% 13.63% 

360 4279 79.03% 86.94% 20.97% 13.06% 

480 2633 78.96% 87.70% 21.04% 12.30% 

600 1497 78.95% 88.15% 21.05% 11.85% 

720 811 78.96% 88.63% 21.04% 11.37% 

840 345 77.93% 89.34% 21.07% 10.66% 

5.5.3.1 GNSS Outage Classification Results 

Table  5-14 shows the confusion matrices of the classification results on the GNSS-outaged 

evaluation trajectories for the Walking vs. Walking in Land-based Vessel classifier. The average 

recall rate over GNSS-outaged trajectories is 79.97%, which is in fact 1.91% higher than its 

counterpart for evaluation trajectories in general.  

This shows that, although GNSS signal availability improves the estimation of variables during 

sensor fusion in the pre-processing stage, the motion mode recognition module can perform well 

without it and may sometimes even perform better. 
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Table  5-14: Confusion matrix of evaluation of Walking in Land-based Vessel classifier over 

trajectories during GNSS-outage. 

Actual Class 

Predicted Class 

Walking 
Walking in Land-

based Vessel 

Walking 90.22% 9.78% 

Walking in Land-based Vessel 30.28% 69.72% 

5.6 Effect of Motion Mode Recognition on Navigation Accuracy 

As explained in Section  5.4, motion mode recognition was used as part of the full navigation 

solution of TPI (Trusted Positioning Inc.). The navigation solution involved a process of updating 

the navigation state: position, velocity, and attitude (see Section  2.1.2), every 50 ms, i.e. at a rate 

of 20 Hz. Part of this navigation solution was to invoke the motion mode recognition module in 

order to apply the most suitable algorithm and/or constraints suitable for each motion mode. 

The examples in this section, show how the performance of the full navigation solution has 

improved when motion mode recognition has been used, as compared to the performance when 

motion mode recognition has not been invoked. 

5.6.1 Example Trajectory 1 

To illustrate the benefit of detecting Walking and Land-based Vessel motion modes to portable 

indoor navigation, Figure  5-24 shows a trajectory at Calgary, Alberta, Canada. In this trajectory, a 

user starts walking, with a smartphone acting as the portable navigation device, out of Alastair 

Ross Technology Centre for about 115 seconds to his car and then drives the car for about 218 



 

 

 

183 

 

seconds. 

 

Figure  5-24: Navigation output of a trajectory, with and without motion mode detection, 

starting from Alastair Ross Technology Center, Calgary, Alberta, Canada. The trajectory 

starts with walking for 115 seconds and then driving for another 218 seconds. 

The positioning of the trajectory was calculated using a navigation solution made by TPI. The 

trajectory was processed once without the help of motion mode detection (red) and once with the 

help of motion mode detection (blue). Without motion mode detection, the motion mode was 

assumed to be Walking throughout the trajectory. We can see that there is a big error between the 

navigation without motion mode detection and the navigation with motion mode detection of 

about 420 meters. Such a big drift was due to the fact that PDR algorithm was used in the case of 

navigation without motion mode detection at the time the user was actually driving a car. The 

PDR algorithm was looking for peaks in the levelled vertical acceleration to treat as footsteps and 
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update its position, and therefore there was a great underestimation in position displacement. It is 

also noticeable that the heading update of the navigation solution without motion mode detection 

was wrong especially at the turns, as Walking motion mode and Land-based Vessel motion mode 

each have separate misalignment estimation algorithms.  

5.6.2 Example Trajectory 2 

To further illustrate the benefit of detecting Walking and Land-based Vessel motion modes to 

portable indoor navigation, Figure  5-25 shows a trajectory at Calgary, Alberta, Canada. In this 

trajectory, a user starts driving, with a smartphone acting as the portable navigation device, out of 

Alastair Ross Technology Centre for about 525 seconds to his car and then walks for about 150 

seconds. 
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Figure  5-25: Navigation output of a trajectory, with and without motion mode detection, 

starting from Alastair Ross Technology Center, Calgary, Alberta, Canada, and ending at 

the parking lot of the University of Calgary. The trajectory starts with driving for 525 

seconds and then walking for another 150 seconds. 

The positioning of the trajectory was calculated using a navigation solution made by TPI. The 

trajectory was processed once without the help of motion mode detection (red) and once with the 

help of motion mode detection (blue). Without motion mode detection, the motion mode was 

assumed to be Land-based Vessel throughout the trajectory. We can see that there is a big error 

between the navigation without motion mode detection and the navigation with motion mode 

detection of about 393 meters. Such a big drift was due to the fact that driving algorithms were 

used instead of PDR algorithms in the case of navigation without motion mode detection at the 

time the user was actually walking. It is also noticeable that the heading update of the navigation 

solution without motion mode detection was wrong especially at the turns, as Walking motion 
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mode and Land-based Vessel motion mode each have separate misalignment estimation 

algorithms. 

5.7 Summary 

 Chapter 5 studied the detection of a specific group of motion modes, namely: Stationary, 

Walking, Running, Bicycle, Land-Based Vessel, and Walking in Land-Based Vessel, and 

provided the data collection and performance results. In Section  5.1, each of the motion modes 

was explained in detail: its description and possible device usages, the significance of correctly 

detecting it to improving navigation performance, and some analysis on the signal characteristics 

of the sensor measurements of such motion modes. 

The extensive data collection made for all of the motion modes was explained in Section  5.2. 

Data was collected using portable devices by many users in many device usages and orientations 

in order to train and evaluate a robust motion mode recognition module. Section  5.3 provided the 

extensive list of features extracted at each epoch and fed into the classifier model. 

The classifier model for each set of motion modes was generated by feeding a large number of 

training feature vectors. Then, the classifier models were evaluated using feature vectors from 

evaluation trajectories which were not used in training. The logic determining when each of the 

classifiers is invoked within a complete portable navigation solution is provided in Section  5.4. 

Analysis of the performance of the classifiers was provided in Section  5.5. 

Finally, Section  5.6 provided two example trajectories showing how the motion mode recognition 

module was used by the portable navigation solution of TPI, and how it contributed to improving 

the overall navigation solution. 
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Chapter 6 

Detection of Indoor Motion Modes 

6.1 Motion Modes Analysis 

In this chapter, we shall explain the detection of the following modes of motion or modes of 

conveyance: 

 Stationary, which includes: 

o sitting, standing, or placing the device on a stationary surface (e.g., table or seat), 

and 

o sitting, standing, or placing the device on the platform in a stationary land-based 

vessel (whether the engine is turned on or off), 

 Standing on Moving Walkway, 

 Walking, 

 Walking on Moving Walkway, 

 Elevator, 

 Stairs, 

 Escalator Standing, and 

 Escalator Walking. 

Table  6-1 summarizes the list of detected motion modes which shall be explained in this chapter. 
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Table  6-1: Motion modes covered in  Chapter 6 along with sub-modes and sub-sub-motion 

modes included as part of each motion mode. 

Motion Mode Motion Sub-Mode Motion Sub-Sub-Mode 

Stationary 

Ground 

Sitting 

Standing 

Table/Bench 

Land-Based Vessel 

Sitting 

Standing 

On Platform 

Standing on Moving Walkway 

Walking 

Walking on Moving Walkway 

Elevator 

Stairs 

Escalator Standing 

Escalator Walking 

By the term “on platform” we mean that the portable device is not carried or held by a person and 

is rather placed on something else, such as on seat, or in car cradle or on dashboard, in case of 

land-based vessel. 

As was previously illustrated in Table  3-4, other activity recognition modules in literature have 

made other categorizations, such as separating sitting and standing from stationary [157]. The 

categorization of motion modes followed in this thesis was made such as that each motion mode 

will have its own navigation algorithms and/or constraints, as explained in the following 

subsections. 
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6.1.1 Stationary 

This refers to the same Stationary mode explained in Section  5.1.1, but in this chapter, it shall be 

explained how it is distinguished from Standing on Moving Walkway specifically, rather than 

from all other motion modes. 

6.1.2 Standing on Moving Walkway 

6.1.2.1 Description 

As shown in Figure  6-1, Standing on Moving Walkway is the motion mode where a person stands 

on a moving walkway or conveyor, which is a surface which moves in the forward direction at a 

constant but relatively slow speed. Moving walkways or conveyors exist indoors in airports 

worldwide and in some shopping malls in Southeast Asia, and exist outdoors in some skiing 

parks. Moving walkways are usually flat and may have some small inclines. 

 

Figure  6-1: Standing on Moving Walkway motion mode. 

As shown in Figure  6-2, some of the device usages of Standing on Moving Walkway include: 

 handheld or texting (including portrait and landscape), 

 hand still by side, 

 on ear, 
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 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder,  

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  6-2: Possible device usages for Standing on Moving Walkway motion mode: (a) 

handheld, (b) hand by side, (c) on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) 

in backpack carried on shoulder, (h) in backpack carried by hand, (i) in laptop bag carried 

on shoulder, (j) in laptop bag carried by hand, (k) head mount, and (l) wrist. 

6.1.2.2 Significance 

As shown in Figure  6-3, if a person stands on a moving walkway, the acceleration measured by 

accelerometers will be almost zero. As the walkway moves with a constant velocity, the motion 

mode may be misclassified as Stationary mode, and therefore zero displacement shall be 

estimated while the true displacement may be dozens of meters. Therefore, the ability to detect 

Standing on Moving Walkway can avoid significant underestimation of positioning. 

(a) (b) (c) (d) 

(e) (f) (g) (h) (j) (i) 

(k) (l) 
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Figure  6-3: Effect of misdetection of Standing on Moving Walkway motion mode on 

navigation solution performance. 

Moreover, if map matching is employed, the detection of Standing on Moving Walkway can help 

correct the positioning solution to make it at the position of a moving walkway provided by the 

electronic version of a map provided to the solution. 

6.1.2.3 Signal Characteristics 

As shown in Figure  6-4, Standing on Moving Walkway is characterized with levelled vertical 

acceleration with small variance and small mean value similar to Stationary. However, if we 

compare with a Stationary trajectory as shown in Figure  5-3, we can see that it has higher 

magnitude of levelled horizontal acceleration and norm of compensated gyroscope measurements 

than that of Stationary. 
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Figure  6-4: Output variables of sensor fusion of a smartwatch worn by a user in Standing 

on a Moving Walkway motion mode. 

6.1.3 Walking 

This refers to the same Walking motion mode explained in Section  5.1.2, but in this chapter, it 

shall be explained how it is distinguished from Walking on Moving Walkway, rather than from 

Running, Bicycle, and Land-Based Vessel or from Walking in Land-Based Vessel. 

6.1.4 Walking on Moving Walkway 

6.1.4.1 Description 

As shown in Figure  6-5, Walking on Moving Walkway is the motion mode where a person walks 

on a moving walkway or conveyor, which is a surface which moves in the forward direction at a 

constant but relatively slow speed. Moving walkways or conveyors exist indoors in airports 
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worldwide and in some shopping malls in Southeast Asia, and exist outdoors in some skiing 

parks. Moving walkways are usually flat and may have some small inclines. 

 

Figure  6-5: Walking on Moving Walkway motion mode. 

As shown in Figure  6-6, some of the device usages of Walking on Moving Walkway include: 

 handheld or texting (including portrait and landscape), 

 dangling, 

 on ear, 

 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder,  

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 
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 wrist (in case the device is smartwatch). 

 

Figure  6-6: Possible device usages for Walking on Moving Walkway motion mode: (a) 

handheld, (b) dangling, (c) on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in 

backpack carried on shoulder, (h) in backpack carried by hand, (i) in laptop bag carried on 

shoulder, (j) in laptop bag carried by hand, (k) head mount, and (l) wrist. 

6.1.4.2 Significance 

The sensor measurements of Walking on Moving Walkway are very similar to Walking (on 

ground), especially that the surface of the moving walkway moves at constant velocity and 

therefore at almost zero acceleration, and hence shall not be detected by the accelerometers. As 

shown in Figure  6-7, if Walking on Moving Walkway is not detected and the navigation solution 

(a) (b) (c) (d) 

(e) (f) (g) (h) (j) (i) 

(k) (l) 
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deals with the motion as Walking, the position displacement shall be underestimated as the 

component of motion of the moving walkway shall not be considered. 

 

Figure  6-7: Effect of misdetection of Walking on Moving Walkway motion mode on 

navigation solution performance. 

Detecting Walking on Moving Walkway can also help in improving the navigation solution as it 

implies that the person is walking in a straight direction for a certain period of time. Therefore, 

large drifts in the estimation of yaw or heading can be ignored by the navigation solution if 

Walking on Moving Walkway is detected. 

Moreover, if map matching is employed, the detection of Walking on Moving Walkway can help 

correct the positioning solution to make it at the position of a moving walkway provided by the 

electronic version of a map available to the solution. 

6.1.4.3 Signal Characteristics 

As shown in Figure  6-8, Walking on Moving Walkway has very similar signal characteristics as 

that of Walking on ground. The only difference between Walking and Walking on Moving 

Walkway is the moment at which the foot gets in contact with the surface: in Walking it gets in 

touch with a stationary surface, and in Walking on Moving Walkway it gets in touch with a 

surface moving at constant velocity. Such a momentary difference can have limited effect on 

some of the features, such as the 75
th
 percentile of the magnitude of the horizontal acceleration or 

the variance of the compensated norm of gyroscope measurements. Distinguishing Walking on 
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Moving Walkway from Walking is therefore challenging and is expected to have less accuracy 

than classifying among other motion modes. 

 

Figure  6-8: Output variables of sensor fusion of a smartphone carried in a laptop bag by a 

user in Walking on a Moving Walkway motion mode. 

6.1.5 Elevator 

6.1.5.1 Description 

As shown in Figure  6-9, Elevator motion mode involves the existence of a portable device in an 

elevator moving upward or downward in a vertical direction. 
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Figure  6-9: Elevator motion mode. 

As shown in Figure  6-10, some of the device usages of Elevator include: 

 handheld or texting (including portrait and landscape), 

 hand still by side, 

 on ear, 

 in (front or back pant, jacket, shirt) pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  6-10: Possible device usages for Elevator motion mode: (a) handheld, (b) hand by 

side, (c) on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in arm band, (h) in 

backpack carried on shoulder, (i) in laptop bag carried on shoulder, (j) in laptop bag 

carried by hand, (k) head mount, and (l) wrist. 

6.1.5.2 Significance 

The ability to detect Elevator motion mode is necessary to distinguish it from Stationary mode 

and from Escalator Standing motion mode. Elevator is very similar to Stationary mode and the 

main – if not the only – difference is the height change. It is therefore necessary to correctly 

detect that there is a height change, rather than a drift error in height estimation, in order to detect 

the Elevator mode. 

(a) (b) (c) (d) 

(e) (f) (g) 

 

(h) 

(i) (j) (k) 

 

(l) 
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Elevator motion mode is also very similar to Escalator Standing. The only difference is the 

constant horizontal velocity which exists in the latter and does not exist in the former. Incorrectly 

detecting Elevator mode as Escalator Standing shall result in an incorrect estimation of horizontal 

displacement of many meters. 

6.1.5.3 Signal Characteristics 

As shown in Figure  6-11, levelled vertical acceleration, levelled horizontal acceleration, and 

compensated norm of gyroscope magnitude in Elevator motion mode are characterized by values 

close to zero with small variances or standard deviation.  

The smoothed vertical velocity shows a positive value since the elevator of the trajectory was 

going up, and it would have been negative if the elevator was going down. It is noticeable that the 

vertical velocity changes its values across the trajectory: an elevator usually starts moving slowly 

and accelerates, and as it reaches its destination it decelerates to stop. We can also notice that 

errors in the sensors and imperfections in the sensor fusion process show a noisy vertical velocity 

waveform, but it is generally characterized with values of significant positive or negative value. 

Such noise can be smoothed out by using the mean average of vertical velocity in each window as 

a feature. We can also conclude that the absolute value of such average can be more useful in 

order to detect Elevator motion mode whether it is going up or down. 
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Figure  6-11: Output variables of sensor fusion of a smartphone carried in the backpack of a 

user going upwards in an elevator. 

6.1.6 Stairs 

6.1.6.1 Description 

As shown in Figure  6-12, Stairs motion mode involves the existence of a portable device carried 

by a user who is walking either upstairs or downstairs. 
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Figure  6-12: Stairs motion mode. 

As shown in Figure  6-13, some of the device usages of Stairs motion mode include: 

 handheld or texting (including portrait and landscape), 

 dangling, 

 on ear, 

 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  6-13: Possible device usages for Stairs motion mode: (a) handheld, (b) dangling, (c) 

on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in arm band, (h) in backpack 

carried on shoulder, (i) in laptop bag carried on shoulder, (j) in laptop bag carried by hand, 

(k) head mount, and (l) wrist. 

6.1.6.2 Significance 

Stairs is a common motion mode and needs to be detected in order to update the altitude change 

and correctly project the horizontal displacement on a tilted plane rather than on the horizontal 

plane. As shown in Figure  6-14, if a person walking on stairs is incorrectly detected as walking 

on the ground, the horizontal displacement shall be overestimated as the distance along the stairs 

– calculated by PDR – is not projected onto the horizontal plane. 

(a) (b) (c) (d) 

(e) (f) (g) (h) 

(i) (j) (k) (l) 
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Figure  6-14: Effect of misdetection of Stairs motion mode on navigation solution 

performance. 

6.1.6.3 Signal Characteristics 

As shown in Figure  6-15, the levelled vertical acceleration of a trajectory in Stairs motion mode 

shows regular and frequent peaks representing footsteps, similar to that of Walking motion mode, 

and unlike Elevator or Escalator Standing motion modes. The compensated norm of gyroscope 

readings have relatively regular and large peaks which represent the epochs at which a user’s 

heading turns about 180 degrees when reaching the beginning or end of a floor, or halfway 

between two floors.  

Vertical velocity is consistently positive – as the trajectory is upstairs and will have been negative 

if the trajectory is downstairs – but is less than 1 m/s, which is usually smaller than that of 

Elevator motion mode. Vertical velocity waveform has many peaks, either due to signal noise, or 

due to the motion dynamics of Stairs motion mode: vertical velocity is almost zero at the 

beginning of a footstep and increases till it reaches the middle epoch between two footsteps, and 

then reduces back to zero at the next footstep.  
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Figure  6-15: Output variables of sensor fusion of a smartphone carried on ear by a user 

walking upstairs. 

6.1.7 Escalator Standing 

6.1.7.1 Description 

As shown in Figure  6-16, Escalator Standing motion mode involves carrying a portable device by 

a user standing on an escalator moving upwards or downwards. 
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Figure  6-16: Escalator Standing motion mode. 

As shown in Figure  6-17, some of the device usages of Escalator Standing include: 

 handheld or texting (including portrait and landscape), 

 hand still by side, 

 on ear, 

 in (front or back pant, jacket, shirt) pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand,  

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  6-17: Possible device usages for Escalator Standing motion mode: (a) handheld, (b) 

hand by side, (c) on ear, (d) in pocket, (e) chest strapped, (f) in arm band, (g) in backpack 

carried on shoulder, (h) in backpack carried by hand, (i) in laptop bag carried on shoulder, 

(j) in laptop bag carried by hand, (k) head mount, and (l) wrist. 

6.1.7.2 Significance 

If high accurate navigation grade sensors are used, accelerometers can detect the transition 

between walking on ground and standing on an escalator as they shall provide significantly 

different measurements between when a foot lands on stationary ground and when a foot lands on 

a moving platform. However, since portable devices use low cost noisy MEMS sensors such 

transitions may not be detected, and there arises a need to detect the Escalator Standing motion 

(a) (b) (c) (d) 

(f) (g) (h) (e) 

(j) (k) (i) (l) 
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mode, rather than detecting the transition between Walking and Escalator Standing from the 

acceleration measurements. 

As shown in Figure  6-18, escalators usually have a constant velocity, but if a person is standing 

on any escalator, any PDR algorithm will detect no steps and will keep the horizontal position at 

the last known location despite the fact that it actually changed considerably. 

 

Figure  6-18: Effect of misdetection of Escalator Standing motion mode on navigation 

solution performance. 

6.1.7.3 Signal Characteristics 

As shown in Figure  6-19, levelled vertical and horizontal acceleration in Escalator Standing are 

characterized by almost zero values as escalators have constant velocity in both vertical and 

horizontal directions. Compensated gyroscope magnitude has a more irregular waveform, due to 

the fact that gyroscopes tend to have higher drift and noise error rates than accelerometers.  

Smoothed vertical velocity shows that the velocity is always negative as the trajectory is for an 

escalator going down, but for values smaller than that of Elevator. It is also noticeable that it is 

noisy and therefore average features (such as mean, median, or mode) of vertical velocity can 

help to overcome such noise. 
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Figure  6-19: Output variables of sensor fusion of a smartphone carried in purse by a person 

going down an escalator. 

6.1.8 Escalator Walking 

6.1.8.1 Description 

As shown in Figure  6-20, Escalator Walking motion mode involves carrying a portable device by 

a user walking on an escalator moving upwards or downwards. 
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Figure  6-20: Escalator Walking motion mode. 

Some of the device usages of Escalator Walking include: 

 handheld or texting (including portrait and landscape), 

 dangling, 

 on ear, 

 in front or back pant,  

 in shirt pocket, 

 in jacket pocket, 

 chest strapped, 

 in belt holder, 

 in arm band, 

 bag (laptop bag, backpack, or purse) carried on shoulder or by hand, 

 head mount (in case the device is smartglasses or goggles), and 

 wrist (in case the device is smartwatch). 
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Figure  6-21: Possible device usages for Escalator Walking motion mode: (a) handheld, (b) 

dangling, (c) on ear, (d) in pocket, (e) chest strapped, (f) in belt holder, (g) in arm band, (h) 

in backpack carried on shoulder, (i) in laptop bag carried on shoulder, (j) in laptop bag 

carried by hand, (k) head mount, and (l) wrist. 

6.1.8.2 Significance 

If high accuracy navigation grade sensors are used, accelerometers can detect the transition 

between walking on ground and walking on an escalator as they shall provide significantly 

different measurements between when a foot lands on stationary ground and when a foot lands on 

a moving platform. However, since portable devices use low cost noisy MEMS sensors such 

difference may not be detected, and there arises a need to detect the Escalator Walking motion 

(a) (b) (c) (d) 

(f) (g) (h) (e) 

(j) (k) (i) (l) 
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mode, rather than detecting the transition between Walking and Escalator Walking from the 

acceleration measurements. 

Acceleration values for a person walking up on an escalator are almost identical to a person going 

upstairs, but walking on an escalator is faster. Therefore, as shown in Figure  6-22, if Escalator 

Walking is misclassified as Stairs, the estimation of horizontal displacement shall be 

underestimated.  

 

Figure  6-22: Effect of misdetection of Escalator Walking motion mode on navigation 

solution performance. 

6.1.8.3 Signal Characteristics 

As shown in Figure  6-23, the magnitude of levelled horizontal acceleration and compensated 

norm of gyroscope readings of Escalator Walking may have peaks with higher values than that of 

a Stairs trajectory (shown in Figure  6-15). Levelled vertical acceleration of Escalator Walking can 

have similar maxima values but have a more irregular waveform when compared to Stairs 

trajectory. Estimated vertical velocity is mainly positive as the trajectory is going up an escalator, 

and it has greater maxima than that of Stairs. 

The ratio of the change of altitude across a window - represented by the inter-quartile range of 

altitude - to the number of maxima peaks of the levelled vertical acceleration feature is crucial to 

discriminating Stairs from Escalator Walking, as it is required to be smaller in the former than in 

the latter. This is because a step, which is represented by a peak in levelled vertical acceleration, 

usually corresponds to a higher height change in Escalator Walking than in Stairs. 
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Figure  6-23: Output variables of sensor fusion of a smartphone carried in the pocket by a 

person walking up an escalator. 

6.2 Data Collection 

A large number of trajectories were taken for different motion modes as shown in Table  6-2. The 

total number of trajectories logged was more than 2323, with total effective time length of more 

than 181 hours: 

 406 trajectories for Stationary mode with total effective time of 74 hours, 

 182 trajectories for Standing on Moving Walkway with total effective time of 8.5 hours, 

 974 trajectories for Walking motion mode with total effective time of 90.7 hours,  

 214 trajectories for Walking on Moving Walkway with total effective time of 5.3 hours, 

 170 trajectories for Elevator with total effective time of 78 minutes, 

 171 trajectories for Escalator Standing with total effective time of 56.5 minutes, and 
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 206 trajectories for Escalator Walking with total effective time of 36.8 minutes. 

It is the note that the trajectories of Stationary and Walking are the same trajectories discussed in 

Section  5.2. The same trajectories collected for Stationary mode used in  Chapter 5 to classify 

against all the other motion modes, were used in  Chapter 6 to classify against Standing on 

Moving Walkway. Also, the same trajectories collected for Walking motion mode in  Chapter 5 to 

classify against Running, Bicycle, and Land-based Vessel, were used in  Chapter 6 to classify 

against Walking on Moving Walkway. 

The term “effective time” refers to the actual time within a trajectory in which the user or 

platform was carrying the portable device in the corresponding motion mode.  

The second column, “Type”, of Table  6-2 shows the different platforms in which each motion 

mode can be performed in or on. The third column, “Sub-Motion Mode”, shows the different 

modes a user can be in within the motion mode or mode of conveyance. 
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Table  6-2: Number of trajectories logged and the total logging time for each motion mode. 

Motion Mode Type Sub-Motion 

Mode 
#Users #Trajectories Total Time 

Length 

Stationary 

Ground 
Tablet/Bench 5 22 9.3 hours 

Sitting 9 96 16.0 hours 

Standing 9 114 16.6 hours 

Vehicle On Platform 4 51 12.1 hours 

Sitting 5 67 17.6 hours 

Bus 
On Platform 2 4 29.4 minutes 

Sitting 2 13 1.3 hours 

Standing 1 10 4.8 minutes 

Train 
On Platform 2 8 19.8 minutes 

Sitting 2 12 8.4 minutes 

Standing 2 9 3.2 minutes 

Standing on Moving Walkway 14 182 8.5 hours 

Walking 36 974 90.7 hours 

Walking on Moving Walkway 13 214 5.3 hours 

Elevator Up 8 85 40 minutes 

Down 7 85 38 minutes 

Stairs Up 13 77 1.4 hours 

Down 13 78 1.1 hours 

Escalator Standing Up 9 87 29 minutes 

Down 9 84 27.5 minutes 

Escalator Walking Up 8 104 19.2 minutes 

Down 8 102 17.6 minutes 

The trajectories for motion mode detection were mainly collected by employees at TPI. A small 

portion of the trajectories were collected by members of NavINST laboratory and some students 

at Queen’s University. 

Each trajectory was made by a single user to cover a single motion mode / device usage 

combination. Some trajectories were performed using several portable devices in different device 

usages at the same time, in order to save time in collecting data, but during training or evaluation 

the portable devices were treated separately. Table  6-3 shows the device usages covered in the 

data collection for each motion mode. 
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Different brands of various portable devices - including smartphones, tablets, smartwatches, and 

smartglasses - were used, each containing different MEMS sensors with different sensor 

characteristics as shown in Section  4.1.1. 

To guarantee a robust classifier, the data for training and evaluating it had to be as diverse as 

possible. The data was collected in different locations and environments, and in different speeds 

and styles, e.g.: 

 Stationary trajectories were done: 

o in different indoor locations, 

o in different types and brands of land-based vessels: 

 with engine turned on or off,  

 with parking brake on or off, and 

 with  transmission in parking mode (with brakes pressed or not pressed) 

and in neutral, reverse, and drive modes (with the brakes necessarily 

pressed to keep the vehicle stationary). 

 Moving Walkways trajectories were done: 

o in different locations in different cities to guarantee different speeds and surface 

types of moving walkways: 

 in different airports 

 namely, Toronto airport, Mexico City airport, Chicago airport, 

Los Angeles airport, Las Vegas airport, Nashville airport, 

Denver airport, San Francisco airport, and Dallas airport, 

 in skiing park (namely Canada Olympic Park in Calgary), 

 in shopping centers (namely in South Korea), 

o with different surface types: metallic and rubber, and 

o with different inclinations varying from 0 to 10 degrees. 

 Walking on Moving Walkways was done: 

o using different speeds by different users: slow, normal, and fast, and 

o during busy times (i.e. walkways busy with other persons and therefore a walking 

user might have to make some twists to walk around other persons) or free times 

(i.e. walkways free of other persons). 
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 Walking trajectories were done: 

o indoors, outdoors, and in different places with different terrains, 

o in different speeds, very slow, slow, normal, fast, and very fast. 

 Stairs trajectories were done: 

o in different buildings and in different cities (Kingston and Calgary) to cover 

different step heights, 

o with different number of levels to cover different dynamics for a user who is tired 

after going up many levels, and a user who is not tired, and 

o with different users with different fitness levels. 

 Elevator trajectories were done: 

o in different buildings and in different cities to cover different speeds and 

accelerations of elevators, and 

o with different number of levels to cover different dynamics for elevators when 

travelling few floors and many floors. 

 Escalator trajectories were done: 

o in different buildings and in different cities to cover different speeds and different 

lengths of escalators, and 

o during busy times (i.e. escalators busy with other persons and therefore a walking 

user might have to make some twists to walk around other persons) or free times 

(i.e. escalators free of other persons). 

Figure  6-24 shows photos of data collection made in different cities and during different times by 

different users for the different motion modes covered in this chapter. 
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Figure  6-24: Photos of data collection for different motion modes: (a) Stationary, (b) 

Standing on Moving Walkway, (c) Walking, (d) Walking on Moving Walkway, (e) Elevator, 

(f) Stairs, (g) Escalator Standing, and (h) Escalator Walking. 

The data collection included more than 35 users of various heights, weights, ages, and motion 

dynamics, in order to make the motion mode recognition module work for an arbitrary user. The 

more users we collect data from, the more robust the classification models we expect to get, as 

classification models shall be trained on more diverse data from different users have different 

motion styles and different motion rates. 

(a) (c) (b) (d) 

(e) (g) (f) (h) 
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Table  6-3: Device usages covered in data collection for Stationary, Standing on Moving 

Walkway, Walking, Walking on Moving Walkway, Elevator, Stairs, Escalator Standing, 

and Escalator Walking. 
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Approximately, half of the data samples collected was used as training to generate the decision 

tree models, and the other half of the data was used to evaluate the models. 

6.3 List of Features 

The variables, mentioned in Section  4.2.1, were obtained from a navigation solution within each 

of the portable devices running at runtime during the data collection which fuses the readings 

from different sensors. At each epoch, the following features were then extracted from the 

windows of variables of length 64 samples: 

 mean(𝑎ℎ), mean of magnitude of levelled horizontal plane acceleration, 
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 mean(𝑎𝑢𝑝), mean of levelled vertical acceleration, 

 mean(|𝜔|), mean of compensated norm of orthogonal rotation rates, 

 median(𝑎ℎ), median of magnitude of levelled horizontal plane acceleration, 

 median(𝑎𝑢𝑝), median of levelled vertical acceleration, 

 median(|𝜔|), median of compensated norm of orthogonal rotation rates, 

 mode(𝑎ℎ), mode of magnitude of levelled horizontal plane acceleration, 

 mode(𝑎𝑢𝑝), mode of levelled vertical acceleration, 

 mode(|𝜔|), mode of compensated norm of orthogonal rotation rates, 

 percentile(𝑎ℎ, 75), 75th percentile of magnitude of levelled horizontal plane 

acceleration, 

 percentile(𝑎𝑢𝑝, 75), 75th percentile of levelled vertical acceleration, 

 percentile(|𝜔|, 75), 75th percentile of compensated norm of orthogonal rotation rates, 

 var(𝑎ℎ), variance of magnitude of levelled horizontal plane acceleration, 

 var(𝑎𝑢𝑝), variance of levelled vertical acceleration, 

 var(|𝜔|), variance of compensated norm of orthogonal rotation rates, 

 var(𝑣𝑢𝑝), variance of vertical velocity, 

 std(𝑎ℎ), standard deviation of magnitude of levelled horizontal plane acceleration, 

 std(𝑎𝑢𝑝), standard deviation of levelled vertical acceleration, 

 std(|𝜔|), standard deviation of compensated norm of orthogonal rotation rates, 
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 std(𝑣𝑢𝑝), standard deviation of vertical velocity, 

 AAD(𝑎ℎ), average absolute difference of magnitude of levelled horizontal plane 

acceleration, 

 AAD(𝑎𝑢𝑝), average absolute difference of levelled vertical acceleration, 

 AAD(|𝜔|), average absolute difference of compensated norm of orthogonal rotation rates, 

 iqr(𝑎ℎ), inter-quartile range of magnitude of levelled horizontal plane acceleration, 

 iqr(𝑎𝑢𝑝), inter-quartile range of levelled vertical acceleration, 

 iqr(|𝜔|), inter-quartile range of compensated norm of orthogonal rotation rates, 

 skew(𝑎ℎ), skewness of magnitude of levelled horizontal plane acceleration, 

 skew(𝑎𝑢𝑝), skewness of levelled vertical acceleration, 

 skew(|𝜔|), skewness of compensated norm of orthogonal rotation rates, 

 kurt(𝑎ℎ), kurtosis of magnitude of levelled horizontal plane acceleration, 

 kurt(𝑎𝑢𝑝), kurtosis of levelled vertical acceleration, 

 kurt(|𝜔|), kurtosis of compensated norm of orthogonal rotation rates, 

 bindstbn(𝑎ℎ , 𝑏𝑖𝑛𝑎ℎ,0), ⋯, bindstbn(𝑎ℎ , 𝑏𝑖𝑛𝑎ℎ,9), binned distribution of magnitude of 

levelled horizontal plane acceleration at bin values [𝑏𝑖𝑛𝑎ℎ,0 ⋯ 𝑏𝑖𝑛𝑎ℎ,9] = [-3.274425   

-0.747425   0.516075   1.147825   1.4637   1.779575   2.411325   3.674825   6.201825   

∞], 
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 bindstbn (𝑎𝑢𝑝, 𝑏𝑖𝑛𝑎𝑢𝑝,0), ⋯, bindstbn (𝑎𝑢𝑝, 𝑏𝑖𝑛𝑎𝑢𝑝,9), binned distribution of levelled 

vertical acceleration at bin values [𝑏𝑖𝑛𝑎𝑢𝑝,0 ⋯ 𝑏𝑖𝑛𝑎𝑢𝑝,9] = [-7.822125   -3.595925   -

1.482825   -0.426275   0.102   0.630275   1.686825   3.799925   8.026125   ∞], 

 bindstbn(|𝜔|, 𝑏𝑖𝑛|𝜔|,0), ⋯, bindstbn(|𝜔|, 𝑏𝑖𝑛|𝜔|,9), binned distribution of compensated 

norm of orthogonal rotation rates at bin values [𝑏𝑖𝑛|𝜔|,0 ⋯ 𝑏𝑖𝑛|𝜔|,9] = [-127.608825   

-33.552225   13.476075   36.990225   48.7473   60.504375   84.018525   131.046825   

225.103425   ∞], 

 energy(𝑎ℎ), energy of magnitude of levelled horizontal plane acceleration, 

 energy(𝑎𝑢𝑝), energy of levelled vertical acceleration, 

 energy(|𝜔|), energy of compensated norm of orthogonal rotation rates, 

 subband_energy𝑖(𝑎ℎ), for 𝑖 = 0,1,2,3,4, sub-band energy of magnitude of levelled 

horizontal plane acceleration at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 

1.0 – 2.0 Hz, 2.0 - 10 Hz, 

 subband_energy𝑖(𝑎𝑢𝑝), for 𝑖 = 0,1,2,3,4, sub-band energy of levelled vertical 

acceleration at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 1.0 – 2.0 Hz, 2.0 - 

10 Hz, 

 subband_energy𝑖(|𝜔|), for 𝑖 = 0,1,2,3,4, sub-band energy of compensated norm of 

orthogonal rotation rates at frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 1.0 – 

2.0 Hz, 2.0 - 10 Hz, 

 subband_energy𝑖(𝑣𝑢𝑝), for 𝑖 = 0,1,2,3,4, sub-band energy of vertical velocity at 

frequency bands: 0 – 0.2 Hz, 0.2 – 0.6 Hz, 0.6 – 1.0 Hz, 1.0 – 2.0 Hz, 2.0 - 10 Hz, 
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 subband_energy_ratio𝑖,𝑗(𝑎ℎ), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of magnitude of levelled horizontal plane 

acceleration, 

 subband_energy_ratio𝑖,𝑗(𝑎𝑢𝑝), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of levelled vertical acceleration, 

 subband_energy_ratio𝑖,𝑗(|𝜔|), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of compensated norm of orthogonal rotation 

rates, 

 subband_energy_ratio𝑖,𝑗(𝑣𝑢𝑝), for (𝑖, 𝑗) = (1,0), (2,0), (2,1), (3,0), (3,1), (3,2), (4,0), 

(4,1), (4,2), (4,3), sub-band energy ratios of vertical velocity, 

 SMA(𝑎ℎ), signal magnitude area of magnitude of levelled horizontal plane acceleration, 

 SMA(𝑎𝑢𝑝), signal magnitude area of levelled vertical acceleration, 

 SMA(|𝜔|), signal magnitude area of compensated norm of orthogonal rotation rates, 

 |STFT(𝑎ℎ)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

magnitude of levelled horizontal plane acceleration for NFFT=16, 

 |STFT(𝑎ℎ)[𝑖]|2, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of magnitude 

of levelled horizontal plane acceleration for NFFT=16, 

 |STFT(𝑎𝑢𝑝)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

levelled vertical acceleration for NFFT=16, 
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 |STFT(𝑎𝑢𝑝)[𝑖]|
2
, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of levelled 

vertical acceleration for NFFT=16, 

 |STFT(|𝜔|)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

compensated norm of orthogonal rotation rates for NFFT=16, 

 |STFT(|𝜔|)[𝑖]|2, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of 

compensated norm of orthogonal rotation rates for NFFT=16, 

 |STFT(𝑣𝑢𝑝)[𝑖]|, for 𝑖 = 0,1, ⋯ ,16, absolute value of short-time Fourier transform of 

vertical velocity for NFFT=16, 

 |STFT(𝑣𝑢𝑝)[𝑖]|
2
, for 𝑖 = 0,1, ⋯ ,16, power of short-time Fourier transform of vertical 

velocity for NFFT=16, 

 SC(𝑎ℎ), spectral power centroid of magnitude of levelled horizontal plane acceleration, 

 SC(𝑎𝑢𝑝), spectral power centroid of levelled vertical acceleration, 

 SC(|𝜔|), spectral power centroid of compensated norm of orthogonal rotation rates, 

 SC(𝑣𝑢𝑝), spectral power centroid of vertical velocity, 

 mean (𝐶𝑊𝑇𝜓(𝑎ℎ, 𝑖)), average of continuous wavelet transforms at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of magnitude of levelled horizontal plane acceleration, 

 mean (𝐶𝑊𝑇𝜓(𝑎𝑢𝑝, 𝑖)), average of continuous wavelet transforms at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of levelled vertical acceleration, 
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 mean (𝐶𝑊𝑇𝜓(|𝜔|, 𝑖)), average of continuous wavelet transform at scales 𝑖 = 1, ⋯ ,6, 

using sym2 wavelet of compensated norm of orthogonal rotation rates, 

 mean (𝐶𝑊𝑇𝜓(𝑣𝑢𝑝, 𝑖)), average of continuous wavelet transform at scales 𝑖 = 1, ⋯ ,6, of 

vertical velocity, 

 𝐻𝑓(𝑎ℎ), frequency entropy of magnitude of levelled horizontal plane acceleration, 

 𝐻𝑓(𝑎𝑢𝑝), frequency entropy of levelled vertical acceleration, 

 𝐻𝑓(|𝜔|), frequency entropy of compensated norm of orthogonal rotation rates, 

 𝐻𝑓(𝑣𝑢𝑝), frequency entropy of vertical velocity, 

 𝑓𝐹𝑂𝑆𝑖
(𝑎ℎ), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of magnitude of levelled horizontal plane acceleration, 

 𝐴𝐹𝑂𝑆𝑖
(𝑎ℎ), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of magnitude of levelled horizontal plane acceleration, 

 𝑓𝐹𝑂𝑆𝑖(𝑎𝑢𝑝), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of levelled vertical acceleration, 

 𝐴𝐹𝑂𝑆𝑖(𝑎𝑢𝑝), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of levelled vertical acceleration, 

 𝑓𝐹𝑂𝑆𝑖
(|𝜔|), for 𝑖 = 0, ⋯ ,3, frequencies of the most contributing 4 frequency components 

of compensated norm of orthogonal rotation rates, 

 𝐴𝐹𝑂𝑆𝑖
(|𝜔|), for 𝑖 = 0, ⋯ ,3, amplitudes of the most contributing 4 frequency components 

of compensated norm of orthogonal rotation rates, 
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 mean(𝑣𝑢𝑝), average vertical velocity, 

 abs(mean(𝑣𝑢𝑝)), absolute of average vertical velocity, 

 zcr(𝑎𝑢𝑝), zero crossing rate of levelled vertical acceleration, 

 peaks(𝑎ℎ), number of peaks of magnitude of levelled horizontal plane acceleration, 

 peaks(𝑎𝑢𝑝), number of peaks of levelled vertical acceleration, 

 𝑟𝑎ℎ𝑎𝑢𝑝
, cross-correlation of magnitude of levelled horizontal plane acceleration versus 

levelled vertical acceleration, 

 abs(mean(𝑣𝑢𝑝))/ peaks(𝑎𝑢𝑝), ratio of absolute of average vertical velocity to number 

of peaks of levelled vertical acceleration, and 

 iqr(ℎ)/ peaks(𝑎𝑢𝑝), ratio of inter-quartile range of height to number of peaks of levelled 

vertical acceleration. 

The total length of the feature vector is 334. It was left to the training algorithm of the decision 

tree to choose which features are more important than others, or whether some features are not 

necessary at all to distinguish the motion modes. 

6.4 Detection Invocation 

Motion mode recognition occurred at a rate of 20 Hz, i.e. every 50 ms, which is the same rate of 

the whole portable navigation solution and the sampling of the accelerometers and sensors. Since 

the solution has been implemented in real-time on several brands of consumer devices, it was 

proven that the whole recognition process of pre-processing, feature extraction, and classification 

evaluation, had the limited computation complexity to be executed within the 50 ms time frame. 
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When the context of the portable device is detected to be indoors (i.e., GNSS is not detected for a 

considerable time), one of four different decision trees is to be used, each discriminating between 

two motion modes: 

 Stationary vs. Standing on Moving Walkway, 

 Walking vs. Walking on Moving Walkway, 

 Elevator vs. Escalator Standing, and 

 Stairs vs. Escalator Walking. 

The logic behind choosing which decision tree to invoke is based on two factors, as shown in 

Figure  6-25: whether a change of height is detected and whether a step is detected:  

 Stationary vs. Standing on Moving Walkway classifier is invoked when no height change 

is detected and no steps are detected, 

 Walking vs. Walking on Moving Walkway classifier is invoked when no height change is 

detected and steps are detected, 

 Elevator vs. Escalator Standing classifier is invoked when height change is detected and 

no steps are detected, and 

 Stairs vs. Escalator Walking classifier is invoked when height change is detected and 

steps are detected. 
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Figure  6-25: Conditions determining which indoor motion modes classifier to invoke amid 

navigation. 

Figure  6-26(a) shows the levelled vertical acceleration of an example trajectory. The levelled 

vertical acceleration is one of the variables of the motion mode recognition module as explained 

in Section  4.2.1.1. When a peak is detected, with a specific amplitude threshold and slope 

threshold, it is considered a step detection. Otherwise it is considered no-step detection. Similarly, 

as shown in Figure  6-26(b), if height, which is also one of the variables of the motion mode 

recognition module, monotonically increases or decreases across a specific period of time, then 

height change is detected across such time. 
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Figure  6-26: Two graphs of two different trajectories showing (a) when steps are detected 

and when no steps are detected, (b) when height change is detected and when no height 

change is detected. 

6.5 Classification Results 

The evaluation results shown in this section represent only the classification output, without 

applying any of the post-classification refining procedures explained in Section  4.5. 

The classification method used was decision trees. A portion of the collected data was used to 

train the decision tree model, and the other portion was used to evaluate it. 

In the coming examples, the present method and apparatus are tested through a large number of 

trajectories from different modes of motion or conveyance including a large number of different 

use cases to demonstrate how the present method and apparatus can handle different scenarios. 
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6.5.1 Stationary vs. Standing on Moving Walkway Classification Results 

Table  6-4 shows the confusion matrices of the classification results on the evaluation trajectories 

for the Stationary vs. Standing on Moving Walkway classifier, generated using the training 

trajectories. The average recall rate is 90.7%. The decision tree training algorithm chose 

median(|𝜔|), the median of compensated norm of orthogonal rotation rates, followed by 

var(𝑣𝑢𝑝), the variance of vertical velocity, as the most dominant features to discriminate between 

Stationary and Standing on Moving Walkway motion modes. 

The difference between Stationary and Standing on a Moving Walkway is the constant horizontal 

velocity component. This constant horizontal velocity component cannot be measured by the 

accelerometers, as accelerometers will measure almost zero value in the horizontal component for 

both motion modes, whether the horizontal velocity is zero or constant. It is the features of the 

levelled horizontal acceleration as well as the compensated gyroscope magnitude which managed 

to discriminate such constant positive horizontal velocity from zero horizontal velocity, and 

therefore lead to such classification results. 

Table  6-4: Confusion matrix of evaluation of results of Stationary vs. Standing on Moving 

Walkway classifier. 

Actual Class 

Predicted Class 

Stationary 
Standing on 

Moving Walkway 

Stationary 97.2% 2.8% 

Standing on Moving Walkway 15.8% 84.2% 

It is also noteworthy from the table above that the much more frequent motion modes in our daily 

lives, i.e., Stationary, have high true positive rates as compared to motion modes which are rare in 

our daily lives, i.e., Standing on Moving Walkway. Therefore, the classifier presented works at 

high accuracy rate for the great majority of a user’s lifetime, and may relatively underperform 
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only when standing on a moving walkway, which typically will only occur a few times per year 

in an ordinary person’s lifetime. 

Table  6-5 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 5085 nodes to 695 nodes and at the same time have an increase in average 

recall rate by 1.94%, and can be optimized even further to only 11 nodes with a decrease in 

average recall rate by less than 3%.  

Table  6-5: Performance of decision tree classifier for Stationary vs. Standing on Moving 

Walkway for various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 5085 90.70% 90.76% 9.30% 10.24% 

120 695 92.64% 92.37% 7.36% 8.63% 

240 11 87.74% 92.02% 12.26% 8.98% 

6.5.2 Walking vs. Walking on Moving Walkway Classification Results 

Table  6-6 shows the confusion matrix of the classification results on the evaluation trajectories 

for the Walking vs. Walking on Moving Walkway classifier, generated using the training 

trajectories. The average recall rate is 81.65%. The decision tree training algorithm chose 

var(|𝜔|), the variance of compensated norm of orthogonal rotation rates, followed by 𝐻𝑓(𝑎ℎ), 

the frequency domain entropy of magnitude of levelled horizontal acceleration, as the most 

dominant features to discriminate between Walking and Walking on Moving Walkway motion 

modes. 

The difference between Walking on the ground and Walking on Moving Walkway is the 

additional constant horizontal velocity component of the platform appended to the step motion of 
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the user. Such component has been more difficult to detect than in the motion modes without 

steps. This resulted in lower detection rate of Walking on Moving Walkway, as illustrated in 

Table  6-6, than that of Standing on Moving Walkway illustrated in Table  6-4. 

Table  6-6: Confusion matrix of evaluation results of Walking vs. Walking on Moving 

Walkway classifier. 

Actual Class 

Predicted Class 

Walking 
Walking on 

Moving Walkway 

Walking 90.2% 9.8% 

Walking on Moving Walkway 26.9% 73.1% 

It is also noteworthy from the table above that the much more frequent motion modes in our daily 

lives, i.e., Walking, have high true positive rates as compared to motion modes which are rarer in 

our daily lives, i.e., Walking on Moving Walkway. Therefore, the classifier presented works at 

high accuracy rate for the great majority of a user’s lifetime, and may relatively underperform 

only when walking on a moving walkway, which typically will only occur a few times per year in 

an ordinary person’s lifetime. 

Table  6-7 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 7207 nodes to 557 nodes and at the same time have an increase in average 

recall rate by 0.92%, and can be optimized even further to only 91 nodes with a decrease in 

average recall rate by 2.59%. 



 

 

 

233 

 

Table  6-7: Performance of decision tree classifier for Walking vs. Walking on Moving 

Walkway for various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 7207 81.65% 84.37% 18.35% 15.63% 

120 1673 83.53% 86.97% 16.47% 13.03% 

240 557 82.57% 86.48% 17.43% 13.52% 

360 91 79.06% 87.83% 20.94% 12.17% 

6.5.3 Elevator vs. Escalator Standing Classification Results 

Table  6-8 shows the confusion matrix of the classification results on the evaluation trajectories 

for the Elevator vs. Escalator Standing classifier, generated using the training trajectories. The 

average recall rate is 95.15%. The decision tree training algorithm chose abs(mean(𝑣𝑢𝑝)), the 

absolute value of the average vertical velocity, followed by var(𝑎𝑢𝑝), the variance of the levelled 

vertical acceleration, as the most dominant features to discriminate between Elevator and 

Escalator Standing motion modes. 

The difference between Elevator and Escalator Standing is the constant horizontal velocity 

component. This constant horizontal velocity component cannot be measured by the 

accelerometers, as accelerometers will measure almost zero value in the horizontal component for 

both motion modes, whether the horizontal velocity is zero or constant. It is the features of the 

levelled horizontal acceleration as well as the compensated gyroscope magnitude which managed 

to discriminate such constant positive horizontal velocity from zero horizontal velocity, and 

therefore lead to such classification results. 
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Table  6-8: Confusion matrix of evaluation results of Elevator vs. Escalator Standing 

classifier. 

Actual Class 
Predicted Class 

Elevator Escalator Standing 

Elevator 96.2% 3.8% 

Escalator Standing 5.9% 94.1% 

Table  6-9 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 287 nodes to only 5 nodes with only 0.04% reduction in average recall rate.  

Table  6-9: Performance of decision tree classifier for Elevator vs. Escalator Standing for 

various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 287 95.15% 95.39% 4.81% 4.61% 

20 81 96.26% 96.27% 3.74% 3.73% 

40 5 95.11% 94.95% 4.89% 5.05% 

6.5.4 Stairs vs. Escalator Walking Classification Results 

Table  6-10 shows the confusion matrix of the classification results on the evaluation trajectories 

for the Stairs vs. Escalator Walking classifier, generated using the training trajectories. The 

average recall rate is 84.25%. The decision tree training algorithm chose abs(mean(𝑣𝑢𝑝))/

peaks(𝑎𝑢𝑝), the ratio of absolute average vertical velocity to number of peaks of levelled vertical 

acceleration, followed by abs(mean(𝑣𝑢𝑝)), the absolute value of the average vertical velocity, as 

the most dominant features to discriminate between Stairs and Escalator Walking motion modes. 

The difference between Stairs and Escalator Walking is the additional constant horizontal 

velocity component of the platform appended to the step motion of the user. Such component has 
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been more difficult to detect than in the motion modes without steps. This resulted in lower 

detection rate of Escalator Walking, as illustrated in Table  6-10, than that of Escalator Standing 

illustrated in Table  6-8. 

Table  6-10: Confusion matrix of evaluation results of Stairs vs. Escalator Walking classifier. 

Actual Class 
Predicted Class 

Stairs Escalator Walking 

Stairs 90.2% 9.8% 

Escalator Walking 21.7% 78.3% 

Table  6-11 shows the different performance measures for the decision tree classifier for different 

pruning levels. It can be seen that the memory size of the decision tree can be optimized 

significantly from 713 nodes to only 7 nodes with only 0.45% reduction in average recall rate. 

Table  6-11: Performance of decision tree classifier for Stairs vs. Escalator Walking for 

various pruning levels. 

Pruning 

Level 

Number of 

Nodes 

Average 

Recall Rate 
Accuracy 

Balanced 

Error Rate 

Combined 

Error Rate 

0 713 84.25% 86.12% 15.75% 13.88% 

20 303 84.72% 86.77% 15.28% 13.23% 

40 131 85.65% 87.77% 14.35% 12.23% 

60 59 86.29% 88.46% 13.71% 11.54% 

80 7 83.79% 85.15% 16.21% 14.85% 

6.6 Effect of Motion Mode Recognition on Navigation Accuracy 

As explained in Section  6.4, motion mode recognition was used as part of the full navigation 

solution of TPI (Trusted Positioning Inc.). The navigation solution involved a process of updating 

the navigation state: position, velocity, and attitude (see Section  2.1.2), every 50 ms, i.e. at a rate 

of 20 Hz. Part of this navigation solution was to invoke the motion mode recognition module in 

order to apply the most suitable algorithm and/or constraints suitable for each motion mode. 
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The examples in this section, show how the performance of the full navigation solution has 

improved when motion mode recognition has been used, as compared to the performance when 

motion mode recognition has not been invoked. 

6.6.1 Example Trajectory 1 

To illustrate the benefit of detecting Escalator Standing and Escalator Walking motion modes to 

portable indoor navigation, Figure  6-27 shows a trajectory at the Nashville Convention Center, 

Nashville, Tennessee, United States. In this trajectory, a user starts walking with a smartphone 

acting as the portable navigation device, stands on an escalator going up, and comes back by 

walking down the escalator and then walks again around a loop. 
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Figure  6-27: Navigation output of a trajectory, with and without motion mode detection, at 

Nashville Convention Center, Nashville, Tennessee, United States. 

The positioning of the trajectory was calculated without GPS using a navigation solution made by 

TPI. The trajectory was processed once without the help of motion mode detection (red) and once 

with the help of motion mode detection (blue). Without motion mode detection, no horizontal 

motion was detected when the user stood on the escalator, at the yellow line in Figure  6-27. 

However, with motion mode detection Escalator Standing was detected, and therefore the 

navigation solution showed horizontal displacement, of about 10.1 meters, at the corresponding 

time when the solution without motion mode detection remained stationary. 

Similarly, at the area where the user walked down the escalator, at the green line in Figure  6-27, 

the navigation solution without motion mode detection resulted incorrectly in greater horizontal 
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displacement, as the PDR algorithm used by the navigation solution, treated the detected steps as 

if they were on a horizontal plane and did not do the required projection from the escalator plane 

to the horizontal plane. This overestimation of horizontal displacement due to steps overcame the 

underestimation due to not detecting the horizontal motion of the escalator platform. On the other 

hand, the navigation solution which used the motion mode detection correctly detected this 

portion of the trajectory as Escalator Walking and therefore performed the correct projection. The 

overestimation due to misdetection of Escalator Walking was equivalent to 2.2 (=54.0 – 51.8) 

meters. 

Overall, as shown in Figure  6-27, the navigation solution without motion mode detection resulted 

in a displacement error of about 12.3 (=10.1+2.2) meters, and it even incorrectly calculated that 

the user walked into another building for part of the trajectory! These 12.3 meters are equivalent 

to 10.1 meters error in misdetecting Escalator Standing as Stationary plus 2.2 meters error 

resulting in misdetecting Escalator Walking as Walking. 

6.6.2 Example Trajectory 2 

To illustrate the benefit of detecting Standing on Moving Walkway to portable indoor navigation, 

Figure  6-28 shows a trajectory at San Francisco International Airport, San Francisco, California, 

United States. In this trajectory, a user starts walking with a smartphone acting as the portable 
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navigation device, stands on a moving walkway, and then continues walking.

 

Figure  6-28: Navigation output of a trajectory, with and without motion mode detection, at 

San Francisco International Airport, San Francisco, California, United States. 

The positioning of the trajectory was calculated with GPS  using a navigation solution made by 

TPI. The trajectory was processed once without the help of motion mode detection (red) and once 

with the help of motion mode detection (blue). Without motion mode detection, no horizontal 

motion was detected when the user stood on the moving walkway, at the yellow line in 

Figure  6-28. However, with motion mode detection, Standing on Moving Walkway was detected, 

and therefore the navigation solution showed horizontal displacement, of about 60 meters, at the 

corresponding time when the solution without motion mode detection remained stationary. 

6.7 Summary 

 Chapter 6 studied the detection of a specific group of motion modes, namely: Stationary, 

Walking, Running, Bicycle, Land-Based Vessel, and Walking in Land-Based Vessel, and 
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provided the data collection and performance results. In Section  5.1, each of the motion modes 

was explained in detail: its description and possible device usages, the significance of correctly 

detecting it to improving navigation performance, and some analysis on the signal characteristics 

of the sensor measurements of such motion modes. 

The extensive data collection made for all of the motion modes was explained in Section  6.2. 

Data was collected using portable devices by many users in many device usages and orientations 

in order to train and evaluate a robust motion mode recognition module. Section  6.3 provided the 

extensive list of features extracted at each epoch and fed into the classifier model. 

The classifier model for each set of motion modes was generated by feeding a large number of 

training feature vectors. Then, the classifier models were evaluated using feature vectors from 

evaluation trajectories which were not used in training. The logic determining when each of the 

classifiers is invoked within a complete portable navigation solution is provided in Section  6.4. 

Analysis of the performance of the classifiers was provided in Section  6.5. 

Finally, Section  6.6 provided two example trajectories showing how the motion mode recognition 

module was used by the portable navigation solution of TPI, and how it contributed to improving 

the overall navigation solution. 
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Chapter 7 

Conclusions and Future Work 

7.1 Summary 

This thesis presented the research efforts of the author to develop a motion mode recognition 

module implementable on portable devices. The motivation for developing motion mode 

recognition, as well as the incompleteness of motion mode recognition modules in literature, was 

explained in  Chapter 1. In  Chapter 2, a background on navigation was provided, followed by a 

discussion of portable navigation and the need for motion mode recognition to improve the 

performance of portable navigation was explained.  Chapter 3 was a literature survey on motion 

mode recognition solutions in literature and in the market: the different sensors and techniques 

used by different solutions, as well as the robustness, feasibility, and performance  of various 

solutions. 

 Chapter 4 was the main description of the motion mode recognition module presented in the 

thesis: the devices and sensors used, followed by the pre-processing applied on their 

measurements, then the features extracted, and finally the classification method used, and a 

discussion on several ways to improve the classification prediction. 

 Chapter 5 and  Chapter 6 each illustrated different subsets of motion modes detected by the 

proposed motion mode recognition module.  Chapter 5 covered Stationary, Walking, Running, 

Bicycle, Land-based Vessel, and Walking in Land-based Vessel motion modes; while  Chapter 6 

covered Stationary, Standing on a Moving Walkway, Walking, Walking on a Moving Walkway, 

Elevator, Escalator Standing, Stairs, and Escalator Walking. The definition and description of 

each motion was provided, as well as the different possible device usages. The significance or 
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importance of detecting each motion in improving portable navigation results was explained, 

followed by a discussion on the waveform of the different variables which characterize each 

motion mode. 

A huge number of trajectories - more than 2500 trajectories with effective time of more than 250 

hours – were collected by more than 35 users for all of the motion modes. This extensive data 

collection has been far larger than any of that made by other researchers in the field. A portion of 

such trajectories was used to build the classification models of the motion mode recognition 

module, and the other portion was used to evaluate them. Performance results of evaluating the 

different classifiers were provided, along with an explanation of when each classifier model shall 

be invoked within the navigation solution during the real-time usage of portable devices. 

7.2 Thesis Contributions 

A motion mode recognition module based on MEMS sensors in consumer mobile computing 

devices has been proposed. It was demonstrated to be capable of detecting a group of motion 

modes, robust to the device usage, orientation, as well as the users’ motion dynamics.  

The motion modes detected are: Stationary, Walking, Running, Bicycle, Land-based Vessel, 

Walking on Land-based Vessel, Standing on Moving Walkway, Walking on Moving Walkway, 

Elevator, Escalator Standing, Stairs, and Escalator Walking. The classification accuracy or true 

positive rate of each motion mode ranged from 73.1% to 99.3%. 

To the best of the knowledge of the author of the thesis, some of the motion modes detected in the 

thesis were never detected by previous researchers, such as Standing on Moving Walkway or 

Walking on Moving Walkway. Other motion modes were detected but were evaluated on a small 

number of trajectories or a small number of users and therefore not proven to be feasible for 

consumers. 
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The thesis also introduced some features for the first time to be used in motion mode recognition. 

The ratio of the change of height to the number of peaks was a newly introduced feature in the 

field of motion mode recognition, and it was crucial to the discrimination of Escalator Walking 

from Stairs. Other newly introduced features were the average of the continuous wavelet 

transform, and the most significant frequency components calculated using FOS. 

Such accuracy results were obtained using low-cost MEMS sensors in portable devices. This 

means that it can even work better with higher grade sensors. This thesis introduced to the field of 

activity recognition, or motion mode recognition, the use of sensor fusion to reduce errors and 

noise and to calculate variables which are independent of sensor characteristics and device 

orientation. Moreover, such accuracy results are that of mere classification, and further testing 

made at TPI with the full portable navigation solution showed that prediction accuracies get even 

higher when combined with some post-classification refining techniques (discussed in 

Section  4.5) such as majority selection and context exclusion. 

The motion mode recognition module is flexible and non-obtrusive. It can work on portable 

devices carried by many consumers, such as smartphones, and only need some extra software to 

run. There are also no restrictions on the way the portable device should be held: it does not need 

to be tethered to a specific part of the body, nor does it need to be held in a fixed or specific 

orientation, as many similar solutions need in literature. 

The motion mode recognition module is implementable on various off-the-shelf mobile 

computing devices with sensors of various error characteristics. It has been implemented and 

tested in real-time on different types and brands of smartphones, tablets, smartwatches, and 

smartglasses. The computation time or processing delay for the full motion mode recognition 

process was implemented in real-time in a delay less than the sampling period of 1/(20 Hz) = 50 
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milliseconds. In this thesis, pruning analysis was made on the generated classifiers to obtain more 

optimized classifiers with smaller memory requirements. The motion mode recognition module is 

flexible as it is implemented as a C-language program and can work on any platform as long as it 

applies the following conditions: 

 contains an accelerometer triad, a gyroscope triad, and a barometer, and 

 contains a processor and a memory in the order of several kilobytes. 

The motion mode recognition module had a consistent latency of 3.2 seconds (= 64 samples × 20 

Hz), since the window used to analyze motion had a length of 64 samples with a sampling 

frequency of 20 Hz.  

7.3 Concluding Remarks 

For a robust pervasive portable navigation solution to work, the ability to provide a navigation 

solution using self-contained motion sensors only is a necessity, rather than depending on signals 

from infrastructures such as GNSS or Wi-Fi. Motion sensors provide relative measurements 

rather than absolute measurements, and therefore the analysis of the motion of the user or 

platform carrying the portable device is crucial in order to update the position or velocity with 

better accuracies during navigation. An importance of analyzing motion during portable 

navigation is to detect or recognize the motion mode or mode of conveyance, which will guide 

the navigation solution to use the suitable navigation algorithm and the necessary optimizations 

and constraints to get the best positioning results. Hence, motion mode recognition is a need for 

ubiquitous portable navigation solution. The positive effect of motion mode recognition in 

improving navigation performance has been illustrated in some example trajectories, as shown in 

Sections  5.6 and  0 6.6. 
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It has been shown that it is possible to detect a broad range of motion modes – without 

restrictions on device usage or orientation - using only: an accelerometer triad, a gyroscope triad, 

and a barometer – with the barometer only needed to detect some of the motion modes which 

involve changes in height. 

Although measurements from GNSS and magnetometers help to improve the accuracy of sensor 

fusion and therefore improve the accuracy of the estimation of the variables (as explained in 

Section  4.2.1), the evaluation results (shown in Sections  0,  0, and  5.5.3.1) have shown that the 

absence of GNSS signals have affected the overall accuracy by about 1% only. In fact, in some 

cases, the absence of GNSS caused the overall accuracy to improve slightly. This might be 

interpreted as that GNSS updates to the sensor fusion process (which is at a rate of 1 Hz) can 

cause small sudden jumps or irregularities to the estimation of the variables outputted. 

The research work in this thesis reached a conclusion that raw sensor readings are insufficient to 

recognize different motion modes. Several variables with their definitions were proposed in 

Section  4.2.1 which consisted of fusing accelerometer, gyroscope, and barometer measurements, 

and which were as invariant as possible to device orientation and device usage. 

To be able to detect many motion modes, many features had to be extracted from each of the 

variables defined. Such features included statistical features, which characterized the central 

tendency and dispersion of the variables, time-domain features, which characterized the 

dynamicity of the variables, frequency-domain features, which characterized the frequency 

response of the variables, as well as other features which described the relation between different 

variables using cross-correlation or ratios. 

The research work done in this thesis reached a conclusion that the best classification method for 

motion mode recognition is the decision tree. It provided the best or second-best evaluation 



 

 

 

246 

 

results, its generation needed reasonable time as compared to other classification methods, and its 

implementation was simple and required small computation time or IPS. Its memory 

requirements were reasonable, and it could be reduced by using a pruned version of the decision 

tree. Pruning a decision tree has shown that it is not only useful to reduce memory consumption, 

but may in fact improve the accuracy, as shown in Table  5-9, Table  5-13, Table  5-5, Table  6-5, 

Table  6-7, Table  6-9, and Table  6-11. The fact that results have shown that pruning improved 

accuracy in many cases shows us that the nodes removed during pruning were causing overfitting 

or overtraining. 

During the research, it was discovered that generating one decision tree to detect all motion 

modes at the same time resulted in lower accuracies. It was therefore decided to group the motion 

modes into different subsets and to generate different decision tree classifier models to 

discriminate between motion modes of each subset. Section  5.4 explained when or how the 

classifiers for the main group of motion modes common outdoors (i.e., Stationary, Walking, 

Running, Bicycle, Land-based Vessel, Walking in Land-based Vessel) are invoked during a 

navigation solution, while Section  6.4 explained how the classifiers for the motion modes 

common indoors (i.e., Stationary, Standing on a Moving Walkway, Walking, Walking on a 

Moving Walkway, Elevator, Escalator Standing, Stairs, and Escalator Walking) are invoked. 

The module provided overall good results and has already been embedded on consumer portable 

devices by some of the customers of TPI and sold in the market to the general public.  

7.4 Recommended Future Work 

Further work may be done on improving the classification rates of some of the motion modes, 

especially Walking on Moving Walkway, Escalator Walking, and Walking in Land-based Vessel. 
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More work can be made to reduce the misclassification between Bicycle mode of motion, Land-

based Vessel and Walking modes of motion. 

More challenging scenarios can be tested in the future and tackled to improve the classification 

accuracy during such scenarios. For example, a challenging scenario is when the portable device 

is in the pocket of a driver and in the same leg used for pressing on the gas and/or brake pedal. 

Therefore, the epochs at which the driver presses on the gas or brake pedal can also result in 

levelled vertical acceleration similar to footsteps and therefore the motion mode might be 

misclassified as Walking rather than Land-based Vessel. Tackling such scenarios is challenging 

and may need some custom-made conditions in addition to standard machine learning techniques. 

The work may be extended to cover more modes of motion such as marine vessels, airplanes, as 

well as crawling, which is a motion mode needed for military applications. 

The motion mode recognition module may be more robust if they can depend more directly on 

the sensor signals or measurements rather than on the variables resulting from their fusion. The 

used sensor fusion process may behave slightly differently in few cases and therefore modify the 

accuracy of the motion mode recognition process to some extent.  

Moreover, more analysis may be made in the future on the features extracted. The motion mode 

recognition module may be optimized by applying feature selection or feature transformation 

techniques to reduce the number of features. Also, some features which were found to be 

correlated with other features, may have been calculated with modified parameter values, in order 

to come up with more uncorrelated features. 

A future trend in portable navigation is to have “Always-On” navigation solution. This means 

having a navigation solution, along with the motion mode recognition module, running all the 

time by a separate dedicated microcontroller or small microprocessor in a portable device, rather 
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than as an application running on the main microprocessor which needs to be initiated by the user 

explicitly. Therefore, there arises the need to optimize the motion mode recognition module to 

run on a smaller microprocessor with smaller memory size which means that the decision trees or 

classifier models need to be much smaller. Moreover, to enable the Always-On feature, the 

motion mode recognition module needs to use minimal power, and therefore processing and the 

number of features extracted need to be reduced. 
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