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ABSTRACT 

Despite the omnipresent smartphones and navigation apps, indoor navigation 

continues to be a challenge for blind and visually impaired individuals (BVI).  Global 

Positioning System (GPS), while being highly reliable outdoors, is not a viable solution for 

indoor localization. Wi-Fi and BLE have been the most common alternatives to provide 

localization. However, this has met with limited success owing to unreliable signals 

resulting from interference, blocks, multipath etc. Oftentimes, having a means to situate 

oneself in unfamiliar surroundings (albeit with some error) can be quite useful, especially 

for BVI individuals. This thesis paper explores the possibility of using only onboard MEMS 

sensors in smartphones to enable localization without any reliance on external signals. 

Such an “internal” approach promises to reduce infrastructure needs for external signals 

while reducing battery drain from communications. Specifically, this thesis describes how 

Pedestrian Dead Reckoning can be used for indoor positioning and proposes the use of 

accelerometer and gyroscope sensor values to calculate the distance travelled. It proposes 

using a Kalman Filter to accomplish sensor fusion of the inputs coming from 

accelerometer and gyroscope. Experimental evaluations conducted in an indoor setting 

with multiple individuals of varying heights shows the proposed approach can provide 

reasonable position estimates when external signals are absent. 

 

Index terms: Pedestrian Dead Reckoning, Kalman Filter, BVI, Localization, Indoor 

localization, Navigation 
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CHAPTER 1  

 INTRODUCTION 

1.1 Background 

There are roughly 12 million Blind and Visually Impaired (BVI) individuals in the 

United States who suffer from various degrees of vision impairment [1].  With the advent 

of cell networks and Global Navigation Satellite System (GNSS) technologies, there are 

numerous products and solutions to help BVI individuals navigate the world. Leading 

GNSS solutions such as the Global Positioning System (GPS), provide reliable location 

information in outdoor environment. GPS-enabled smartphones are typically accurate to 

within a 4.9 m (16 ft.) radius under open sky [1].  However, GNSS solutions tend to not 

do very well indoors. Many factors lead to degradation of GPS positioning accuracy. 

Common causes include satellite signal blockage due to buildings, bridges, trees, etc., 

indoor, or underground use or signals reflected off buildings or walls ("multipath").  

Evidently indoor wayfinding continues to be a significant challenge for BVI 

individuals. Further, many public indoor spaces tend to be volumetrically huge. 

Wayfinding in such buildings is mostly dependent on reading visual cues and directions 

which puts BVI individuals at a disadvantage. Therefore, an efficient indoor wayfinding 

method is a technological imperative. Furthermore, any solutions attempting to address 

this need should leverage existing infrastructure and standards to foster wide adoption 

and to keep the costs low. 

 

Common approaches to solve this problem involve position estimation using 

Pedestrian Dead-Reckoning (PDR) by taking advantage of in-built smartphone sensors. 
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PDR by itself is not accurate for the purposes of reliable indoor localization. It is typically 

combined with one more type of localization to get better position estimates. 

Most recent efforts towards solving this problem have consisted of combining PDR 

with Wi-Fi or magnetic fingerprinting-based localization. Generally, such approaches 

have been found to provide reasonably good results [2]. Fingerprinting based positioning 

systems typically use a two-step approach. First, in the offline phase, the location 

fingerprints are collected by performing site-survey of the received signal strength (RSS) 

from multiple access points (APs). In the second step (on-line phase), a sample measured 

vector of RSSs from different APs to a central server is sent to server. The server uses 

specific algorithm to estimate the location and reports back the estimate. Unfortunately, 

maintaining robust Wi-Fi-based localization tends to be expensive due to the 

unanticipated changes in the position and working status of Wi-Fi APs [3] [4]. Also, the 

offline phase involving data collection may be not an affordable overhead in all the 

situations.  

Another approach similar to the one above is the use of Bluetooth Low Energy 

(BLE) beacons for localization [5]. But the challenge with this method is again dedicated 

hardware installation, maintenance, beacon placement and interference. 

So, the general research trend is focused on combining multiple sensors to 

incrementally improve the positioning accuracy. There are several use cases, where in the 

user is unable to access extrinsic signals but at the same time can manage with lower 

positioning accuracy – as long as there is a reasonable approach to wayfinding. 

This thesis proposes an approach of localization using just smartphone sensors 

without relying on any external signals. This includes fusing pedestrian dead reckoning 

(PDR) with accelerometer and gyroscope data to estimate position using simple motion 
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equations and acceleration values. The objective is to generate reasonable and usable 

position estimation which can aid in wayfinding using only smartphone internal 

sensors. Experimental evaluations conducted with three different users of varying 

heights confirm the effectiveness of this proposed approach in improving PDR accuracy. 

The rest of this thesis is organized as follows. Chapter 2 looks at related work. 

Chapter 3 and Chapter 4 explains technical approach and evaluation. Conclusions and 

Future work are presented in Chapter 5. 
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CHAPTER 2  

 RELATED WORK 

In recent years smartphone’s indoor localization has received much attention. 

Indoor localization smartphone sensors are usually corrected/compensated with external 

signals for accuracy. Offline localization, where smartphone internal sensor readings are 

recorded to later run the indoor localization algorithm offline has also been studies.  This 

section presents brief description of existing indoor localization algorithms using 

smartphones and weighs algorithm’s merit based on reliability, infrastructure required, 

and battery drain. 

2.1 Wi-Fi and particle filter 

 Inertial navigation system (INS) employs inertial measuring units (IMU) such as 

accelerometer and gyroscope for defining the location and directional movement of the 

objects to an initial location, velocity, and angle. INS is distinguished with accuracy, 

energy efficiency provided that the inertial sensor is attached to the object's surface. [6] 

proposes use of wireless local area network (WLAN) based position measurements, step 

and turn detection from a hand-held inertial sensor unit, floor plan restrictions, altitude 

change measurements from barometer and possibly other measurements such as 

occasional GNSS fixes. The paper inferred a 400 particle gave good median performance. 

However, if the reliability of the filter is to be improved, the number should be increased. 

A particle filter can only work if the number of particles is sufficient to represent the 

distributions that are being estimated. As a result, the dimension of the state space has a 

big impact on the number of particles needed. At the same time the number of particles 
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directly affects the computational costs of the filter. Due to the computational cost a 

smartphone may compromise on reliability and accuracy.  

 

2.2 Smartphone camera  

The work in [7] employs smartphones to acquire several video frames per second. These 

videos frames are scanned to recognize any signs which were specified in a 2D digital 

map of the indoor environment. The visual-inertial odometry takes care of the 

environment changes and irregular gait of BVI limitation of other localization.  The 

algorithm needs a digital map collected in an offline step to be available. The sign 

recognition and VIO algorithms contribute to significant noise and time/energy usage to 

location estimates. 

 

2.3 Fingerprinting-based localization 

Wi-Fi fingerprinting and magnetic fingerprinting-based localization have also been 

studied in recent years. Usually, pure fingerprinting-based localization provide only coarse 

local, so other inertial sensors mounted on smartphones are used to provide better 

accuracy. In [8] the authors combined the notions of hierarchical positioning and assisted 

positioning by designing a two-filter approach. The final positioning results are adopted 

for constraining the search space for fingerprinting matching. [9]proposes a graph 

optimization method for integrating PDR and Wi-fi fingerprinting localization estimates.  

The magnetic-based navigation systems depend on the Earth's magnetic field 

disturbances within indoor environments.  By recording the magnetic field at known 

locations, magnetic maps are constructed; these maps can infer an unknown target's 
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location depending on its magnetic field measurement. [10] and [11] have explored ways 

to use these magnetic fingerprints for localizations.   

One of the disadvantages of fingerprinting-based localization is the need to collect 

and update fingerprints, which is time-consuming and labor-intensive. Moreover, due to 

the uncertainty of the environment, the fluctuation of wireless signal leads to greater 

change of RSSIs, which poses   a   challenge   to   stable   localization   accuracy. Similarly, 

magnetic interference could be significant and cause localization errors in magnetic-

based localization.  Using different handsets over the same routes may also record 

different magnetic measurements, making using handsets for localization questionable. 

 

2.4 Ranging measurement 

Instead of using fingerprint map ranging measurement-based localization 

methods can be used. Ranging measurement-based localization methods can be divided 

into two types: time-based methods and received signal strength based.  [12] and [13] 

studied using various range-based methods for localization. However, the general 

commercial wi-fi access points cannot realize high-precision time synchronization. RSS-

based Wi-Fi localization systems require accurate propagation models. The RSS 

measurements are severely affected by indoor environment.  

 

2.5 Bluetooth Low Energy RSSI 

Algorithms for indoor positioning based on Bluetooth Low Energy RSSI have been 

proposed in [16] [17]. The disadvantage of this approach is that it still needs a specialized 

hardware to be installed. The hardware cost, installation and maintenance of beacons are 

required for this approach. This paper suggests improving PDR calculated using sensor 
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readings from a smartphone and does not involve any additional hardware or 

fingerprinting. 

 

2.6 Hybrid indoor positioning 

 Hybrid indoor positioning algorithm based on PDR with other external signals 

have also been studied in recent years. [18] is based on wi-fi fingerprinting and PDR.  [19] 

focuses on building a hybrid based on PDR and BLE fingerprinting.  [20] focused hybrid 

indoor positioning based on PDR and Magnetic Field Matching. The hybrid versions rely 

on an offline training phase which collect fingerprints and an online calculation step for 

positioning. This is limiting BVI from using this algorithm in new places.  

In addition to Kalman filters, particle filters are also used in indoor localization [14, 

15]. Particle filters have more general application possibilities, but the disadvantage is 

higher computational costs limiting their real-time use on devices with limited 

performance. Additionally, the accuracy achieved is not significantly better. 

 The research for localization algorithm using sensors available on a smartphone 

has been studied in recent years. As summarized in this section, some of the research 

concentrates on fusing smartphone sensors with external signals like GPS, Wi-Fi or BLE. 

There are other works that have explored mapping algorithms which collect data from 

accelerometers and gyroscopes and then apply position estimation algorithm offline like 

in [18].  

This paper proposes using only the IMU sensors available in smartphone to 

calculate localization estimates online. The fine localization estimate provided by sensor 

fusion of smartphone sensors provide enough accuracy to create indoor path-finding 

software. The usage of PDR keeps the localization free of any requirement of external 
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hardware as beacons or wi-fi routers to be installed. PDR does not require fingerprint 

collection or updating, which makes it usable in a new place unlike fingerprint-based 

localization methods. 
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CHAPTER 3  

 TECHNICAL APPROACH 

The smartphone, in recent years, comes equipped with variety of sensors.  These 

sensor values can be used to calculate localization information. The DR part of Pedestrian 

Dead Reckoning (PDR) comes from “deduced reckoning” which is used to approximate 

location i.e., the change in position since the last update.  They require little or no 

infrastructure to be pre-installed in buildings like beacon.  

A PDR system can be divided into two categories: Inertial Navigation Systems (INSs) 

and Step-and Heading Systems [19]. An INS is a system that tracks position by estimating 

the full 3D trajectory of the sensor at any given moment. An SHS is specific to pedestrians, 

estimating position by accruing {distance, heading} vectors representing either steps or 

strides. The fundamental cycle for an SHS is: 

 Identify a step taken. A step is the period between two footfalls on opposite 

feet, while a stride is the same quantity but between the same foot.  

 Estimate the length of the step 

 Estimate the step heading or change in heading. 

 

3.1 Study Overview 

3.1.1 Detection of the step 

To measure the distance travelled the first step is to detect a step taken. The basic 

assumption in our approach is that the user is walking holding his smartphone pointing 

the phone in the direction the user is moving. The accelerometer sensor data is collected 

and any peaks in the accelerometer is detected as a walk cycle.  
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3.1.2 Filtering the accelerometer data 

For SHS systems which are based on foot-mounted or waist belt striped systems 

and assume that at least one of the feet is striking on the ground. In such cases, it is easy 

to detect steps as the sensors’ data is very smooth. The SHS, which utilizes the smartphone 

sensors, does not comply with such assumptions. Since the pedestrian holds the 

smartphone in his hand, the sensor’s data is not smooth due to handshaking, or the jitter 

caused by walking. Figure 1 shows the accelerometer value collected from foot mounted 

and a smartphone IMUs [20] 

 

 

Figure 1 Acceleration data from IMU (a) foot mounted, (b) smartphone 

 

3.1.3 Length Estimation 

Prior research [21] has found that the length of the stride of healthy, sighted adults 

remains consistent over time, especially at an individual’s preferred walking pace.  In fact, 
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[22] concluded that persons who are visually impaired show no greater variability than 

do sighted persons when walking in a controlled indoor environment, such as a corridor.  

The simplest solution for this problem would be to consider the step-length 

constant. Different step length estimation method like a dynamic step length estimation 

procedure based on the maximum vertical displacement of the hip (“bounce”). [23]. [24] 

used ultrasonic sensors mounted on the front and back of each shoe to measure the step 

length.  

There is some work done towards building Machine learning based step length 

estimation algorithms [25]. The improvement in the accuracy from constant step-length 

approach versus the other methods is at the cost of processing time and is limited by 

heading drift.  

 

3.1.4 Heading Estimation 

The heading estimation measures the direction of the user. Such heading changes 

only when the user is “walking”. The user heading is estimated by adding a fixed user 

offset to the estimated device forward heading. This approach performs well if the device 

is constrained to a fixed carrying position and device orientation.  

As reported in previous works, [26] [27], the heading estimate can be evaluated using 

data from Gyroscope to provide the heading of the smartphone reference frame with 

respect to the Navigation frame. Data from gyroscopes are affected by the bias that 

downgrade the accuracy of the estimate. To avoid this a bias value Is calculated during 

the initial standing still phase of the navigation. 
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3.1.5 Position Estimate 

Sensor fusion to estimate a position can improve the accuracy of estimates. Kalman 

Filter based fusion methods have been widely studied.  A Kalman Filter is a recursive 

algorithm for estimating states in system. [28]proposes a method to integrate Wi-Fi 

positioning estimates with PDR results using Extended Kalman Filter in first stage and then 

using a concentrated cost function in the optimization phase. Wi-Fi estimates in this 

theory utilizes fingerprinting to make estimates. In [29], a hybrid localization scheme 

consists of inertial sensor-based dead reckoning with acoustic localization; the scheme is 

then fused with Kalman filter.  

  The Kalman Filter consists of two phases. In the first stage a mathematical state 

model (equations written to calculate the distance travelled using the accelerometer 

readings) is used to make a prediction about the system state. In the next stage prediction 

is compared to the measured state values (position estimate from heading information 

and constant step length). 

Most recent research efforts are focused on chasing more accuracy while sourcing 

data from multiple internal and external sensors. This thesis proposes using only the 

smartphone’s intrinsic sensors to arrive at position estimates. Primarily accelerometer and 

gyroscope data are used to model the user’s motion and use to continually update the 

position estimates. 

 

3.2 Methodology 

Two types of readings from the smartphone were adopted for 

localization/positioning in this work, accelerometer, and gyroscope values. The sensor 

values are processed via the PDR algorithm. The first step in PDR is step detection. 
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[30]In a PDR system, it is important to first detect step taken. We developed an Android 

application, over the framework from [31] to collect motion data during the experiments. 

The lateral direction, longitudinal, and perpendicular directions were denoted as x-axis, y-

axis, and z-axis, respectively, as shown in Figure 2. from android developer [32].   

 

 

Figure 2 Sensor Reference Frame (relative to a device) 

 

The axes are not swapped when the device’s screen orientation changes, that is, 

the co-ordinate system never changes as the device moves. The sensor coordinate system 

is always based on the natural orientation of a device.  

Any spike in the accelerometer is detected as a step. To remove false positives only 

spikes above a threshold are considered as steps. A missed or false detection can cause 

substantial errors in total walking distance estimation. The root mean square (RMS) of the 

three axes is used to analyze the feature of the step. The RMS is calculated using the 

following equation: 

 

𝑅𝑅𝑅𝑅𝑅𝑅 =  �𝑎𝑎𝑥𝑥2 + 𝑎𝑎𝑦𝑦2 + 𝑎𝑎𝑧𝑧2 (1) 



 

14 
 

 

where 𝑎𝑎𝑥𝑥2,𝑎𝑎𝑦𝑦2  𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑧𝑧2 are the acceleration data of the X, Y and Z axes respectively. 

However, the acceleration values from the accelerometer are not steady. To 

compensate we compare the difference between the two consecutive data values and 

consider only the values that are above a threshold value and discard accelerometer 

values for a brief window before repeating the step detection algorithm. Once the step is 

detected magnetometer readings are analyzed to calculate orientation of the phone. 

3.2.1 Orientation 

Figure 3 Orientation workflow 

 

The phone co-ordinates are assigned as shown in Figure 3.  Rotation is positive in 

the counterclockwise direction. The gyroscope is integrated over time to calculate a 

rotation describing the change of angles over the timestamp. The gyroscope provides 

angular rotation for all three axes.  

To get the actual orientation those speed values need to be integrated over time. 

This is done by multiplying the angular speeds with the time interval between the last and 
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the current sensor output. This yields a rotation increment. The sum of all rotation 

increments yields the absolute orientation of the device.  

      The gyroscope output is applied only for orientation changes in short time intervals, 

while the magnetometer/accelerometer data is used as support information over long 

periods of time. This is equivalent to low-pass filtering of the accelerometer and magnetic 

field sensor signals and high-pass filtering of the gyroscope signals. [33] 

        Once these values are obtained the location is calculated and fused to provide a 

more reliable estimate of the position of the smartphone. 

 

3.2.2 Estimating position using Gyroscope values: 

In a coordinate frame where the x-axis points toward north, the y-axis east, and 

the z-axis toward the Earth’s core, the motion of a person can be mathematically 

described by 

𝒙𝒙𝒌𝒌+𝟏𝟏 = 𝒙𝒙𝒌𝒌 + 𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳(𝜽𝜽)  (2) 

𝒚𝒚𝒌𝒌+𝟏𝟏 =  𝒚𝒚𝒌𝒌 + 𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳(𝜽𝜽)  (3) 

 

where θ is the heading angle and L is the step length. The system built allowed providing 

a custom initial value of x and y, that is, the system allowed entering a starting position.  

As mentioned above in the step estimation section we are considering a constant 

step length. As mentioned in the Step estimation section [34] concluded that persons 

who are visually impaired show no greater variability than do sighted persons when 

walking in a controlled indoor environment, such as a corridor.  
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Since PDR is used as a complementary system of estimation in the absence of GPS 

signal, using a constant step length eliminates the need for a separate algorithm for step 

length estimation. This will be helpful in estimating the position in real time. The model of 

the system is given in Figure 4. 

 

Figure 4 Overview of the PDR system 

 

3.2.3 Integration using Kalman Filter  

To integrate the estimates from accelerometer and gyroscope a Kalman Filter is 

used.  Accelerometer and Gyroscope are both akin to noise. To remove this noise using a 

Kalman Filter we first approximate the process as a Linear system. The first step is to 

describe the process by following two equations: 
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State Equation: 

𝒙𝒙𝒌𝒌+𝟏𝟏 = 𝑨𝑨𝒙𝒙𝒕𝒕 + 𝑩𝑩𝒖𝒖𝒌𝒌 +  𝒘𝒘𝒌𝒌 (4) 

Output Equation: 

𝒚𝒚𝒌𝒌 = 𝑪𝑪𝒙𝒙𝒌𝒌 + 𝒛𝒛𝒕𝒕 (5) 

In the above equations A, B and C are matrices; k is the time index; x is called the 

state of the system; u is a known input to the system; y is the measured output; w and z 

are the noise.   

The input u is the commanded acceleration, and the output y is the measured 

position.  

For the localization problem in hand the state consists of the position x, of the 

smartphone and velocity v of the smartphone. So, the state equation for smart phone can 

be defined as: 

𝒙𝒙
𝒌𝒌= �

𝒑𝒑𝒌𝒌
𝒗𝒗𝒌𝒌�

     (6) 

We will need to define equations to calculate the position p and velocity of smart phone 

to estimate the state of the smartphone.  

 

3.3 Kalman Filter application 

Kalman Filter is an estimation algorithm used to estimate the state of a linear system.  

Kalman Filter has two 2 steps: Predict and Update. 
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3.3.1 Predict 

Based on previous state information of the smartphone and kinematic equations, 

predict the state information of the smartphone at time t+1. The prediction step is 

predicting based on the accelerometer readings.   

Using basic velocity, distance, and time t+1, it is known that the if we know the 

position at time t is at x the vehicle will be at location 𝑥𝑥 +  ∆𝑡𝑡 ∗ 𝑣𝑣 where v is the velocity of 

the smartphone (person carrying the smartphone). Substituting the basic acceleration 

equation in this equation we get: 

 𝒙𝒙𝒕𝒕+𝟏𝟏 =  𝒙𝒙𝒕𝒕 + 𝒗𝒗 ∗  ∆𝒕𝒕 + 𝟏𝟏 𝟐𝟐�  𝒂𝒂 ∗  ∆𝒕𝒕𝟐𝟐  (7) 

Similarly, we can calculate the velocity at time t using the equation: 

𝒗𝒗𝒕𝒕+𝟏𝟏 = 𝒗𝒗𝒕𝒕 + 𝒂𝒂 ∗  ∆𝒕𝒕.    (8) 

We represent equation (7) and (8) as a system of equations: 

�
𝑝𝑝𝑡𝑡+1
𝑣𝑣𝑡𝑡+1� =  �1 ∆𝑡𝑡

0 1 � ∗  �
𝑝𝑝𝑡𝑡
𝑣𝑣𝑡𝑡� +  �

1
2� ∗ 𝑎𝑎 ∗  𝑡𝑡2

∆𝑡𝑡
� ∗  (𝑎𝑎)    (9) 

 

The first component of equation (9) �1 ∆𝑡𝑡
0 1 �  represents the system with zero acceleration 

or in absence of any acceleration.  This is state transition matrix (A). The second 

component of the equation �
1

2� ∗ 𝑎𝑎 ∗  𝑡𝑡2

∆𝑡𝑡
�  defines the position of the smartphone given 

the new acceleration values that was observed. This is called Control matrix (B).  

A. Noise Covariance: 

Both accelerometer and gyroscope readings are prone to noise. The noise co-variance 

matrix must be calculated to compensate for the noise in the measurements of the values. 

To calculate the noise, the smartphone was placed on a horizontal surface. The 
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smartphone left in rest without any change in the acceleration or the magnetometer. The 

accelerometer values and orientation values of the steady smartphone were collected 

and the standard deviation of each of the measurements was calculated. The noise 

covariance matrix is given by: 

𝑄𝑄 =  �
𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2 0

0 𝜎𝜎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2 �          (10) 

 

𝑅𝑅 =  �
𝜎𝜎𝑔𝑔𝑦𝑦𝑔𝑔𝑔𝑔2 0

0 𝜎𝜎𝑔𝑔𝑦𝑦𝑔𝑔𝑔𝑔2 �           (11) 

 

Q is called the Process variance and R is called the Measurement variance 

 

3.3.2 Update 

For this stage we calculate the measurement vector. The measurement vector is 

position measured using the gyroscope values. Gyroscope values are collected when a 

step is detected. This gives the angle orientation with respect to the initial direction of the 

smartphone. The measurement vector can be defined using equation (2) and (3). 

𝒁𝒁 =  � 𝑳𝑳 ∗ 𝑪𝑪𝑳𝑳𝑳𝑳𝜽𝜽−𝑳𝑳 ∗ 𝑺𝑺𝑳𝑳𝑳𝑳𝜽𝜽�                   (12) 

 

These values are used to update the estimate of the distance travelled.  This 

update step can take values from Wi-Fi fingerprinting algorithm, Magnetometer finger-

printing algorithm or raw GPS values as well. When available one of these values can be 

also used to correct the estimate. 
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The conceptual framework of the system is shown in Figure 5. 

 

Figure 5 System Design 

 

Unlike recent research work on localization, instead of considering external signals 

(like GPS, BLE) to update the position estimate, we use the values calculated in equation 

(12) to update the position estimate. This approach makes the calculation simple, faster, 

and easy on the battery.  We set to find if there was a way to use only default sensors in 

smartphone like accelerometer and gyroscope to provide reliable position estimates in an 

indoor environment, in absence of inputs like GPS, Wi-Fi fingerprint, and BLE hardware.  

 

3.4 Implementation 

Values from the equations (9), (10), (11) and (12) are used to build two of the 

equations for the Kalman Filter. The first is the prediction equations. This predicts the 

current state based on the previous state and the commanded action. The second set of 

equations are known as the update equations. This filter works by predicting the current 

state using the prediction equations followed by checking how accurate the predication 

was by using the update equations. This process is repeated continuously to update the 
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current state. The values obtained from (9), (10), (11) and (12) are substituted in equations 

(4) and (5) for the implementation. 
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CHAPTER 4  

 EVALUATION 

4.1 Goal  

 External signals like GPS, Wi-Fi, Magnetometer, BLE are usually used to correct 

localization estimates on a smartphone as PDR is inaccurate and accumulates error 

quickly. The evaluations in this section explore if we can improve PDR to make better 

location estimates using just the MEMS sensors. This will be useful in indoor path finding 

applications when external signals are absent or sparse. 

4.2 Methods 

For testing, we built a software which corrects its distance predictions using 

accelerometer or gyroscope values as explained in previous sections. We measured the 

localization estimates using a traditional PDR algorithm and after correcting values using 

the algorithm explained in this paper. The same experiment was repeated 10 times with 

3 different people of different height. The step length was not adjusted based on the 

height of person. 

 

 

Figure 6 Picture of strapped phone and walking patterns 
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4.3 Layout: 

The experiment was conducted in short distances emulating popular walking 

pattern that would be found in an indoor scenario. Walking paths in indoor spaces, 

especially huge public spaces like library, universities, retail store, etc.., is characterized as 

walking along the aisles/corridors to reach the final place of interest.  The walking 

patterns selected for evaluation mirrors the paths and includes straight and diagonal 

pattern. as shown in Figure 6.  

The experiment was repeated with 3 people of different height. Height of 

volunteers - 1.219m, 1.651m and 1.8034m. The experiment was repeated 10 times with 

each volunteer with smartphones tightly strapped on to volunteer’s right leg and asked 

to walk the pattern. At the end of the walking pattern the localization estimates from both 

algorithms was recorded. 
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4.4 Results 

 

Figure 7 Experiment Data and Results 

 

Box and Whisker plot of the experimental data is shown in Figure 7. The results 

show the data for three individuals P1, P2 and P3 listed shortest to tallest from left to 

right. The data was collected both with and without the approach. P1-A, P2-A and P3-A 

shows the results with the approach outlined in previous sections in this paper. P1-B, P2-

B and P3-B shows the result calculated using the traditional PDR algorithm without the 

correction/updates applied.  Table 1 shows the comparison of mean error calculated.   
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Table 1 Mean error of the position estimates 

Height of the 

volunteer 
Mean error   

Mean error with 

approach 

1.219m 1.262925176 1.163125789 

1.651m 1.042645673 0.667308025 

1.8034m 1.306801439 0.902164065 

  

The evaluation data shows that the approach discussed in this paper provides 

reliable estimates of the position when compared to the traditional PDR. Two important 

observations were made: 

 The step length assumption in the paper is based on average adult person. The 

accuracy of the estimates is proportional to step length assumption used in the 

application.  

 The standard deviation of the error decreased when the approach discussed in 

this paper was applied. 
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CHAPTER 5  

 CONCLUSION AND FUTURE WORK 

In conclusion, the experiment proves that we can use IMUs present in a 

smartphone in absence of GPS values to estimate position in an indoor environment. The 

experiment result shows that proposed PDR solution using Kalman Filter to integrate 

results from accelerometer and gyroscope can give satisfactory result. The advantage of 

using PDR-only approach is that it does not require an offline data collection (fingerprint, 

floor plan) or installation and maintenance of beacons. The algorithm was tested with 

different step length and results are encouraging.  

The step detection method needs to be sensitive enough to register slow-paced 

walks as steps. A missed step detection or false positive may accumulate errors. Position 

of smartphone also makes a difference on reliability of step detection algorithm.  

Smartphone strapped on to volunteer legs were more reliable as step detectors than the 

ones when carried in bag or hand.   

Future work can focus on potentially improving the sensitivity of step 

detection and perhaps use variable step lengths as a function of the persons height to 

further improve the accuracy of localization and way finding. Increasing the sample size 

of experiments is also likely to improve confidence in the results.   
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