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Abstract: The most promising solution to the ubiquitous 

positioning problem is the smartphone, and many smartphone-

based indoor tracking methods exist today. To ensure consumer 

acceptance of the technologies, it is critical that these systems do 

not have a significant effect on the battery life of the device. 

Methods exploiting signal fingerprinting have been shown to 

provide good performance with low processing overhead but 

require prior surveying. Methods exploiting opportunistic 

sensing and machine learning techniques such as Simultaneous 

Localization and Mapping (SLAM) need no prior data but at the 

cost of high computational load. This paper describes a 

smartphone-based indoor positioning system that exploits a new 

intelligent filtering approach to reduce this computational load. 

SmartSLAM moves between different sensor fusion algorithms 

depending on the current level of certainty in the system, 

reducing the computational load of the tracking engine, 

maintaining good positioning performance, improving battery 

life and freeing CPU cycles for foreground processes. 

Key words: Opportunistic radio positioning, SLAM, indoor 

navigation, smartphone positioning 

I.  INTRODUCTION  

There is a long standing interest in ubiquitous positioning, or 
the ability to determine a location in any environment, outdoors 
and indoors. This desire has increased in recent years due to the 
developments in machine-to-machine interfaces and the 
"Internet of Things", two new areas of development where 
accurate and autonomous positioning of devices will be an 
important feature. We have all become used to the availability 
and performance of Global Navigation Satellite Systems 

(GNSS) for accurate outdoor radio positioning with a 
reasonable degree of reliability and availability. However 
indoor radio positioning is more challenging since GNSS 
signals do not penetrate buildings well, and indoor positioning 
therefore relies typically on local infrastructure and other 
support. Indoor radio positioning is available today via 
databases of WiFi or Cellular signal strength fingerprints 
collected, managed and provided by a third party provider such 
as Skyhook [2]. These systems have two constraints:  the area 
must already have been surveyed, and the user must have a 
data connection available to them. 

An ideal system would not rely solely on these constraints, but 
would develop its own database in real time during operation 
using techniques such as Simultaneous Localization and 
Mapping. Such a system has been described and demonstrated 
by Faragher in previous work [3]. The benefits of this system 
are significant - it can provide situational awareness and asset 
tracking in new and unknown environments for the military, 
emergency services, lone workers, security personnel and 
autonomous vehicles. This method does not require a data link 
to function, nor any prior surveying of the radio environment, 
nor any other prior knowledge such as a floor plan or database 
of signal fingerprint maps (it can, however, incorporate these 
data if they are available). This method can be used to rapidly 
survey an area and generate a signal fingerprint database for 
others users to exploit if periodic data links are available. Its 
primary disadvantage is resource consumption: a device 
continuously performing SLAM will typically require 
significant computation. In this paper we develop a flexible 
SLAM scheme that can move between different fusion 
algorithms in order to improve the resource consumption of a 
smartphone-based indoor positioning system. 

II. INDOOR POSITIONING 

A. Smartphone positioning 

Smartphone positioning is provided today by three main 

approaches – GNSS, Cell-ID and fingerprinting.  

 

The GNSS chips in smartphones are at the cutting edge of 

consumer-grade GNSS receiver design. They are typically 

assisted by the cellular or WiFi communication links to permit 

rapid acquisitions without downloading ephemerides using the 

GNSS signals themselves. They also typically contain 



thousands of correlators per channel to permit parallel signal 

searches of all possible code phase offsets and Doppler shifts 

on each satellite. Even so, the weak GNSS signals can be 

rendered useless by buildings and even dense foliage. Their 

application in indoor environments is limited.  

 

Cell-ID is the simplest of cellular positioning techniques, 

whereby the position and approximate coverage area of the 

cellular base station serving the smartphone at that given 

moment is provided to the user as their position estimate. The 

accuracy of this approach varies wildly depending on the 

power of the serving base station, with accuracies ranging 

from a few hundred metres to dozens of kilometres [4].  

 

Fingerprinting is currently the most accurate indoor 

positioning scheme deployed on standard smartphones. Radar 

[5], Horus [6] and Compass [7] are good examples of WiFi 

fingerprint schemes. A fingerprint refers to the pattern of radio 

signal strength measurements that is made at a given location 

in space and consists of a vector of signal identity information 

(such as cellular Cell-IDs, or WiFi MAC addresses) and a 

corresponding vector of Received Signal Strength (RSS) 

values. Typically WiFi signals alone provide the fingerprints, 

but cellular measurements and data from a smartphone 

magnetometer could be stored too. WiFi signals provide 

greater dynamic range than cellular signals because they are 

short range transmitters and are generally deployed inside 

buildings. They therefore exhibit greater anisotropy than the 

external, and often very distant, cellular signal sources. 

Magnetometer data provides a high dynamic range on a very 

fine scale (see Figure 1) but can only provide a single 

contribution to the fingerprint vectors, which will be 

dominated by the many WiFi and cellular measurements 

available in a typical metropolitan indoor environment. As a 

receiver moves through a complex signal environment, such as 

a building full of walls and objects, the RSS of any non-line-

of-sight signal can vary rapidly on a fine spatial scale (metre 

level) as that signal penetrates different media and interacts 

with different objects as it moves along different paths through 

the building (see Figure 3). Fingerprinting relies on these RSS 

values varying rapidly on the spatial scale, but only very 

slowly over time, such that a receiver coming back to a 

fingerprint location in the future should record the same RSS 

measurements, within the limitations of measurement noise 

(see Figure 2).  

 

A database of fingerprints recorded at known locations during 

a manual survey can be used in the future to estimate the 

position of a user based on comparisons of the fingerprints 

they capture and those in the database. In reality fingerprints 

inevitably degrade over time as inevitable changes occur – the 

density of people within the building at different times, the 

positions of furniture, even the positions of walls and 

partitions. This means that traditional fingerprinting schemes 

require regular re-surveying to ensure the accuracy of the 

system. WiFi fingerprints can also be heading dependent [7], 

as the user’s body is typically an excellent attenuator at WiFi 

frequencies.  

 
Figure 1. Magnetic field strength along a corridor in an office 
environment measured on four different days using a 
smartphone. The repeatability is clear. The slight spreading 
between traces is caused by slight differences in step length. 

 
Figure 2. Received signal strength distributions for 21 WiFi 
access points recorded over ten minutes from a fixed location 

B. Alternative indoor positioning approaches 

Many indoor positioning solutions exist that have do not need 

access to signal fingerprint databases, but they introduce their 

own restrictions. A standard approach is to deploy specific 

infrastructure to support robust positioning with a known 

performance and availability envelope [8][9][10]. The 

drawback of these systems is that they do not scale up to 

provide ubiquitous positioning to consumers globally. An 

alternative approach is to use low drift inertial measurement 

systems to track users during periods of GNSS loss. The cost 

of inertial measurement units is however inversely 

proportional to their performance, and the low cost devices 

deployed in consumer smartphones cannot provide useful 

tracking via traditional strap down processing [11] for 



timescales beyond about one second. The application of Zero 

Velocity Updates for shoe-mounted low cost inertial 

measurement units can provide excellent (low) drift rates with 

low cost devices [12], but mounting smartphones to shoes is 

not a practical solution to the consumer indoor positioning 

problem. In the future we may see an increase in “smart 

clothing”, and shoes may contain sensors to assist in a ZUPTs 

solution for indoor tracking but they are unlikely to be as 

commonplace as the already-well-established smartphone. 

III. SLAM ON A SMARTPHONE 

Simultaneous Localization and Mapping (SLAM) [13][14][15] 

is a well-established technique in the robotics industry to 

allow a platform to map out an environment without a 

confident absolute knowledge of its own location at any given 

point. The platform only has good knowledge of its relative 

motion, and a model of how its relative position estimates are 

expected to degrade over time (i.e. gyro drift, wheel slip, etc.). 

Traditionally the positions of landmarks (objects) in the 

environment are measured using lasers or some other high-

resolution sensor and these provide accurate relative 

measurements of the “anchors” in the world that the system 

can rely on – a critical assumption is that these landmarks do 

not change position during the journey. 

 

The key to SLAM is to maintain correlations between 

measurements of landmarks and the estimated position and 

pose of the platform, such that when the platform revisits a 

location it can recognize this fact by recognizing landmarks. It 

can then observe and correct the relative positioning error that 

has accumulated throughout the journey. This new 

information can also be used to correct the historical path that 

the platform has traced out. The locations of the landmarks in 

memory also update, as they are positioned in the system 

relative to the historical path itself. Following these “loop 

closures”, corrections can be made to the map of the 

environment and the path taken through it [13].  

 

SLAM can be applied to the smartphone indoor positioning 

problem, as has been demonstrated by a number of authors 

[3][16][17]. Here the measurements are not of distances to 

physical objects, but of the fingerprints recorded by the 

smartphone at the user location. Most smartphone SLAM 

approaches rely on an offline SLAM optimization scheme, but 

the approach taken here builds on the authors’ interests in 

online schemes that can provide instant feedback to the users. 

 

An offline optimization scheme should always provide the 

best solution available, as it iterates towards the global 

minimum in the search space representing the joint estimator 

of the path taken through space and the underlying ”map” that 

the measurements have been drawn from. We assume that any 

large scale deployment of a consumer smartphone indoor 

positioning system will provide a backend service to provide 

these offline post-processing stages to ensure that the data 

gathered by users produces the best fingerprint maps possible 

for future use, while the users themselves can still benefit from 

the best positioning possible in real time without needing a 

live data link at every measurement epoch. The datasets 

generated by the movement of individual users also merely 

represent a subsampling of the entire signal coverage map of 

any WiFi access point or other signal. Amalgamating multiple 

journeys and using a regression scheme such as Gaussian 

Processes [18][19] allows this ”training data” to be used to 

predict the entire coverage map.  

 

 
Figure 3 Signal strength coverage maps for a single WiFi access 
point in the William Gates Computer Laboratory in Cambridge 
(top) and in a Cambridge supermarket (bottom). The supermarket 
has roughly double the floor area as the Computer Laboratory. 
The marked difference in signal coverage area is caused by the 
large number of internal walls in the laboratory. 



IV. CONCEPT OF OPERATION 

The user model we assume here is a pedestrian moving from 

open sky conditions into an indoor environment and losing 

GNSS coverage. There will be various types of indoor 

environment, ranging from those with rich existing signal 

fingerprint databases and digital vector floor plans, through 

partially-surveyed/crowd-sourced environments, to completely 

new environments with no prior fingerprint databases 

available. Ideally an indoor positioning scheme would offer 

good positioning performance in all of these situations, whilst 

minimising resource consumption. We assume that a service 

provider maintains databases of signal fingerprint maps and 

uses opportunistic measurement data from anonymous users to 

maintain and update them. This service provider can employ a 

computationally-intensive SLAM scheme to reprocess crowd-

sourced data offline. This ensures that the crowd-sourced 

fingerprint maps are as accurate as possible without resorting 

to painstaking manual surveys.  

V. SMARTSLAM - REDUCING THE COMPUTATIONAL 

LOAD 

The drawback of indoor positioning on smartphones 

exploiting the inertial measurement unit and constant sensor 

recordings from radio sensors is the effect on battery life. 

Some IMU chipset manufacturers are helping to reduce this 

problem by offering low power step detection processing at 

the hardware level [20][21]. The computational load, and so 

power consumption, associated with the software processing 

at the application level is the responsibility of the software 

application programmer, and the focus of this research.  

 

SmartSLAM moves between four operating regimes as 

described below.  

 

PDR-only: a step-and-compass Pedestrian Dead 

Reckoning (PDR) solution 

 

FEKF: a modified Extended Kalman Filter that uses 

supplied fingerprint maps and PDR  

 

FEKFSLAM: a low-cost online SLAM-like algorithm 

that uses both PDR and fingerprint measurement 

sequences when fingerprint maps are not available 

 

DPSLAM: a more costly online SLAM algorithm 

using a particle filter, PDR, fingerprinting, and 

magnetic anomaly measurements 

 

The detail of the decision process, which depends on the level 

of knowledge of both user and environmental parameters, is 

demonstrated in the flow diagram of Figure 4. 

 

The SmartSLAM state vector tracks the three spatial 

dimensions (     ), the user's average step length (  , the 

compass heading (   and the heading bias (   .  
 

 ̂  [            ]
  

 

The different states are updated by a series of different 

algorithms, as discussed below. The step length and heading 

bias are referred to in this paper as the ‘PDR parameters’.  

VI. SMARTSLAM OPERATING REGIMES 

Here we describe the four SmartSLAM operating regimes in 

more detail. Our discussion is in order of increasing 

complexity: PDR, FEKF, FEKFSLAM, DPSLAM. 

 

A. Pedestrian Dead Reckoning (PDR) 

A PDR scheme is a core part of this concept. In a smartphone-

based SLAM system, odometry is provided by the inertial 

sensors: accelerometers, gyroscopes, magnetometers and 

barometer. The quality of these sensors is not high enough to 

allow a free-running strapdown inertial navigation system 

without resulting to ZUPTs or some other method of 

observing and correcting the drifting sensor biases. Typically, 

smartphone pedestrian navigation systems exploit a "step-and-

compass" odometry approach where the accelerometers are 

used to detect walking motion and the user's position estimate 

is updated one step at a time along the heading provided by 

the magnetometers, accelerometers and gyroscopes [3].  

 

For these systems, the step length of the user needs to be 

calibrated somehow, either using confident GNSS fixes when 

they are available [3] or by direct user input. It has been 

shown that the step length typically varies with stepping 

frequency [25]. However, given a calibrated floor plan and 

coarse initial position estimate within that map, the user step 

length and any compass bias can easily be estimated using a 

wall-sensitive particle filter [26]. 

 

The user heading can be determined using a tilt-compensated 

three-axis magnetometer and smoothed using a thee-axis 

gyroscope. This smoothing can be provided using a 

complementary filter, Kalman filter, or other fusion scheme. 

The magnetic declination may be unknown at the user’s 

location, and so this bias can be determined in the same 

manner as the user step length – i.e. by exploiting GNSS 

measurements, floor plans, or existing signal strength maps 

whenever they are available.  

 

It is possible to process the accelerometer and barometric data 

within a moving window to assess the likelihood of a user 

traversing floors by staircases, escalators and elevators 

[22][23]. 

 

Humans may undertake a variety of motions such as backward 

steps, side steps, crawling, running, jogging, jumping, 

shuffling, etc. Recognising these different gaits is a well-

researched aspect of pedestrian dead reckoning and there are 

many established methods based on machine learning or 

signal processing [27][29]. For the purposes of this work, 

which concentrates on SLAM methods and opportunistic 

positioning, the user attempted to always walk forwards in the 

direction they were facing in order to reduce the effects of gait 



recognition algorithms on the experimental results presented 

here. In the context of SmartSLAM, a PDR-only scheme is 

applied when GNSS is first lost to account for the possibility 

that the user is only briefly denied GPS by moving into a 

building for the purposes of a simple rapid task like making an 

enquiry at a reception desk or buying an item in a small shop. 

Good modern PDR schemes can operate with drift rates of a 

few percent of distance travelled [24]. We propose therefore 

that once the position estimate error has grown by 2-3 metres 

(which may only occur after around fifty steps or more), the 

system moves to a new regime, as it is clear that the user is 

undergoing extended indoor operations. 

 

B. Fingerprint Extended Kalman Filter (FEKF) 

The Fingerprint Extended Kalman Filter can be applied when 

a trusted database of fingerprints is available. It incorporates 

signal strength maps and measurements into the update step 

of an Extended Kalman Filter (EKF). We define a fingerprint 

to be a vector of N Received Signal Strength (RSS) 

measurements received from N distinct WiFi access points. 

 

  [              ] . 

 

The FEKF uses a standard EKF prediction stage [30] with a 

process model provided by the step and compass PDR 

scheme discussed above. In the standard EKF formulation, 

the measurement update stage at time t requires the 

population of a measurement vector   , a measurement 

prediction vector   , and a Jacobian matrix   .  In the FEKF, 

when a WiFi scan returns a set of RSS measurements, the 

measurement vector    is populated accordingly: 

 

    . 

 

The variances   
  of these noisy RSS measurements populate 

the measurement noise matrix 
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] . 

 

In the standard EKF scheme, predictions of the values in the 

measurement vector are calculated using an analytic function 

and the current values of the state vector. Here this could 

naively be provided using the radio free space path loss 

equation, but only if the locations of the WiFi routers and 

their transmit powers are known, which is rarely the case. A 

radial free space path loss model is also expected to be a poor 

estimator of WiFi signal strength in cluttered indoor 

environments. Therefore, no analytic measurement model is 

available in the FEKF scheme to populate h. Predicted values 

of each RSS measurement are instead drawn from the signal 

strength maps   previously generated by manual surveys or 

SLAM. 

 

   [  (       (       (    ] ; 

 

These predicted values do of course have some error 

associated with them which must be accounted for within the 

Kalman Filter’s probabilistic framework. Conveniently, 

generating the signal strength maps using Gaussian Processes 

regression [18] ensures that each position in the signal 

strength map has associated with it both a predicted value 

and a variance providing a measure of uncertainty on that 

value. The variances   
  associated with the predicted signal 

strength values extracted from each map are adding to the   

matrix, in effect decreasing the confidence on the radio 

measurements. 
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Alternatively, the   matrix can be constructed as a full 

covariance matrix by calculating the correlation coefficients 

for all pairs of WiFi signal strength maps. This will allow any 

correlated behaviour between WiFi routers (due to their 

relative locations) to be captured and accounted for within 

the filter update stage. These values can all be calculated by 

the service provider and passed to the users as needed along 

with the prior maps. 

 

Within an EKF estimation scheme a Jacobian matrix is 

required in order to allow any differences between the 

measurements and predictions to provide a weighted update 

to the states of interest. The Jacobian is normally generated 

using the derivative of a mathematical model describing the 

relationship between the measurement and the system’s 

states of interest but here we have no such function.  

 

To solve this problem we introduce the concept of the 

Jacobian map. Given a dense WiFi signal strength map for 

each access point (for example generated using Gaussian 

Processes regression following an offline SLAM calculation 

using a rich set of training data gathered from journeys of 

previous users in the building of interest) the derivatives of 

these maps with respect to the states of interest (for example 

Cartesian x and y coordinates) can be generated and stored 

along with the normal fingerprint maps. The FEKF scheme 

can therefore use lookup routines to generate the values for 

the h vector and H matrix. Not only does this provide the 

Jacobian matrix terms we need, but it reduces the 

computational load of the simple EKF algorithm even 

further. For each WiFi signal strength map,  , the spatial 

Jacobian maps can be generated in advance using 
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And provided to the user such that the spatial x and y terms 

of the H matrix can be populated accordingly using the same 

database lookup coordinates that were used to extract the 

fingerprints and their variances. 
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Traditionally a scheme such as K-Nearest Neighbour [5] 

classification would be used to provide a user with position 

estimates if a rich fingerprint map is available.  The 

advantage of an EKF-based scheme is the use of the process 

model to restrict unrealistic large jumps in position as the 

user moves through an environment (the KNN classification 

returns position estimates that are uncorrelated with the 

previous state of the system unless further constraints are 

applied to the KNN output). An EKF scheme should 

inherently produce a smoother user path through the 

environment by fusing PDR data with successive WiFi 

measurements. 

 

The performance and reliability of the FEKF scheme is 

dependent on the validity of its assumptions and the accuracy 

of the prior maps (mean, variance, and gradients for each 

WiFi access point). The consistency and stability of the filter 

can be monitored using the normalised innovation squared, 

and the system can switch to a more flexible algorithm 

(DPSLAM) if necessary. 

 

If the prior WiFi maps are generated using a regression or 

interpolation scheme, then their values will be correlated 

over some spatial scale. Passing correlated data into the 

FEKF scheme can result in overconfident terms in the 

covariance matrix. However the typical correlation length 

scale generated during Gaussian Processes optimisation is 

around 2-3 metres for indoor WiFi maps (we have observed 

this ourselves and it is also confirmed by Ferris [16] and 

Huang [17]). Therefore if we assume typical walking speeds 

of around 1 ms
-1

, then limiting the WiFi scan update rate to 

around 5 seconds between scans will help to ensure that 

fingerprints extracted from the prior maps have uncorrelated 

errors. 

C. FEKFSLAM 

If there are no fingerprints available but the user’s PDR 

parameters are well known (e.g. the step length and any 

compass bias were recently calibrated during a period of 

GNSS availability) then we propose the use of the Fingerprint 

Extended Kalman Filter Simultaneous Localization and 

Mapping (FEKFSLAM) scheme. This is a highly efficient 

approximation of the full SLAM solution which ensures low 

computational load. 

 

FEKFSLAM maintains only a single hypothesis of the state 

vector (unlike the DPSLAM scheme discussed below) and 

requires a loop closure detection step at every measurement 

epoch. We use the 3-sigma covariance ellipse available from 

applying the FEKF scheme to restrict the amount of the user’s 

history that must be searched for a loop closure. When 

historical positions do lie within the covariance ellipse of the 

current location, the age of the historical location is tested. 

Any locations that are less than a few steps old are ignored 

(else the routine will constantly be testing the previous few 

steps of the journey). The old (from times      
) and new (at 

time  ) positions are tested by generating a distance metric 

between their associated WiFi fingerprints. Here we use the 

normalised Euclidean distance, 

   √(         
)
 

   (         
) 

 

Where    and       
 are the WiFi fingerprint vectors captured 

at times   and      
 and   is the number of WiFi 

measurements in the fingerprint. If the two fingerprints being 

compared do not contain identical WiFi access point 

measurements, then only the matching pairs of measurements 

are used in the fingerprint comparison. If the fingerprint vector 

contains fewer than four radio measurements it is considered 

too weak a fingerprint to be used for a position update [28].  

 

In our two test environments, we found that the Euclidean 

distance between WiFi fingerprints increased linearly with the 

spatial separation (Figure 5). This provides a useful empirical 

measurement model for loop closure of the form  

 

       , 

 

where   is the expected Euclidean distance,   and   are the 

typical best fit parameters of the linear empirical model and   
is the spatial separation between the current position estimate 

and the historical position under test. If the user position is 

accurately known and this test is applied to a nearby historical 

location, then the fingerprint distance should be predictable 

(within the bounds of measurement noise) using the linear 

measurement model. If the calculated Euclidean distance is 

consistently lower than this prediction, then the true spatial 

separation is likely to actually be smaller, and vice versa. This 

test can be performed for each historical location that lies 

within the current spatial covariance ellipse, and so provide 

values for the z, h and H terms of a Kalman Filter update. 

Note that the plots of Euclidean distance with spatial 

separation exhibit noise about the lines of best fit. This noise 

is however white for moderate and short separations (see 

Figure 6) and so this approach lends itself well to the Kalman-

based filtering scheme we describe. 

 

It is interesting to note that the gradient of the measurement 

model was shallower in the supermarket environment than the 

office environment. This is likely caused by the office 

environment being denser with many walls spanning the full 

floor to ceiling distance (the supermarket was characterised by 

aisles with large gaps to the ceiling). The best-fit parameters 

for this linear model are therefore expected to vary slightly for 

different buildings (due to wall thicknesses, density of objects, 

etc.), but can be easily gathered on-the-fly during a journey. 

To do this a moving window processing the most recent 15 

metres or so can be used to gradually build up a dense scatter 

plot of the type shown in Figure 5. The two parameters can 

then be tracked as extra states within the FEKFSLAM state 

vector. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. The decision process for SmartSLAM (see Section VII) 
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Figure 7 shows the evolution of the estimates of the 

measurement model parameters as the user moved through the 

environment. A moving batch window processing the 

fingerprint data over the most recent 30 steps was used to 

calculate pairs of Euclidean distance and actual separation in 

order to build up scatter plots like those shown in Figure 6.  

 

The first order polynomial fit to this growing dataset was 

calculated at each step, and the best fit parameters are plotted 

in Figure 7 for ten experiments involving two distinct 

handsets: a Nexus 4 (solid blue lines in the office, red lines in 

the supermarket) and a Galaxy Nexus (dashed green lines). 

The results show that the FEK-FSLAM measurement model 

parameters are well estimated within the first 100 steps of the 

journey (equivalent to moving around 70 metres). They also 

demonstrate the variation in best fit parameters between 

devices, environments, and over time, and show that 

maintaining an online estimate of the FEKFSLAM 

measurement model parameters ensures optimal performance. 

 

Once the measurement model parameters have been 

determined, the measurement vector    is populated 

whenever a set of historical positions is overlapped by the 

FEKFSLAM covariance ellipse. This vector contains the 

Euclidean distances    calculated using the WiFi RSS 

measurements at the current location, and those from each of 

the L historical locations under test 

 

   [        ]. 
 

 
 

Figure 5 demonstrates that the Euclidean distance between WiFi 
fingerprints increases linearly with actual separation for short 
distances. The shallower gradient evident in the supermarket 
environment is to be expected as this environment is more open 
than an office environment. At zero physical separation the 
Euclidean distance is not zero because of measurement noise, 
with standard deviation around 3dBm (see Figure 2). 

 

 

 
Figure 6 shows the residuals of the data compared to the lines of 
best fit given in the previous figure. The distribution is roughly 
Gaussian, suggesting that an EKF approach is well suited to 
fusing data from this proposed empirical measurement model. 
The noticeable tail of positive error is attributed to the simple 
empirical model used starting to break down for large 
separations.  

 
Figure 7 demonstrates the ability to learn the FEKFSLAM 
measurement model parameters (the best fit line intercept and 
gradient) during the user journey. 

The corresponding predicted values    are calculated using the 

empirical measurement model and the Euclidean distances 

between the physical locations of the current user position 

estimate and each of the historical locations under test 

 

   [        ]. 
 

The Jacobian matrix is populated using the first derivatives 

of the measurement model with respect to the states of 

interest (spatial coordinates x and y), as usual for an EKF. 
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Where the i
th

 historical position under test is labelled as 

(      
       

) and B is the current estimate of the slope of 

the first order polynomial measurement model. Following 

this update to the EKF , three outcomes can occur: the 

current position state estimates are unchanged (the predicted 

and measured Euclidean distances were very similar); the 

position state estimates move towards the historical positions 

(the measured Euclidean distances were consistently lower 

than predicted); or they may be pushed away (the measured 

Euclidean distances were consistently higher than predicted). 

A SLAM-like update can at this point be propagated 

backwards through the journey to the historical positions 

marking the start of the loop, updating the estimated 

positions of the section of historical track. 

 

A traditional EKF-SLAM scheme would allow the state 

vector and covariance ellipse to grow without bound as the 

number of landmark observations increases. This is to allow 

the correlations between any historical journey points to be 

maintained via the landmarks observations they share, 

thereby allowing accurate historical corrections to the path. 

In our FEKF framework, however, we can assume our PDR 

scheme is well modelled and our drift characteristics are well 

understood
1
. This means we can avoid maintaining a large 

history of correlations and allowing our state vector and 

covariance ellipse to grow dynamically. Instead we assume 

that the PDR drift that has occurred during this loop in the 

journey can be well estimated by a linear error growth with 

time in the x and y spatial dimensions. When the position 

update is provided to the current state vector by the 

Euclidean distance comparison, a weighted component of 

this update is driven back through the loop, providing a very 

simple approximation to SLAM. In this way we trade high 

resource consumption for lower (but acceptable) accuracy. 

The user will still benefit from useful corrections to their 

current position estimate as they journey through the 

environment, and the historical positions and associated 

fingerprints will improved too, although the quality of these 

updates (and the resulting final overall journey track 

accuracy) will not be as high as for schemes such as 

DPSLAM or GPLVSLAM, which have much higher 

computational load. We have chosen to sacrifice a more 

exact SLAM scheme for an approximation with the benefits 

of reduced computational load. 

 

If the current location and the historical location really are 

displaced (e.g. two parallel corridors within a building 

separated by rooms), then the resulting Euclidean distances 

predicted by the model are expected to be consistently 

similar to those resulting from processing the real 

measurements. In this case the user track will not erroneously 

                                                           
1
 The validity of this assumption can be monitored by running 

a gait recognition scheme to classify each step [29]. 

collapse onto the old track via a loop closure SLAM update 

as there will not be a consistent gradient generated in the 

Jacobian to drive the path back towards the historical 

locations.  

D. DPSLAM 

The most computationally-intensive algorithm in this toolbox 

is the Distributed Particle SLAM scheme we described in [3]. 

SmartSLAM applies this algorithm if a building floor plan is 

available for PDR parameter calibration; one of the FEKF-

based schemes begins to diverge; or when the PDR gait 

recognition scheme is returning inconclusive information 

regarding the motion of the user. DPSLAM maintains multiple 

hypotheses can operate on highly non-linear and non-Gaussian 

systems through its use of a particle filter. Other schemes such 

as FASTSLAM, GRAPHSLAM or GPLVSLAM could be 

used, although DPSLAM can easily be implemented to run in 

real time on a smartphone 

 

In order to minimize the computation load, the DPSLAM filter 

should make use of a dynamic particle number based on the 

size of the spatial area that the particle cloud covers and a 

minimum particle density [31]. 

VII. BRINGING IT ALL TOGETHER 

A decision tree based on the flow diagram of Figure 4 can be 

used to move between the different fusion algorithms. The 

initial position of the user must be provided by either GNSS 

fixes or prior WiFi signal fingerprint maps. If the latter is 

required then a traditional fingerprint look up scheme such as 

KNN can provide a useable initial position fix. Given the 

availability of confident GNSS, or rich prior fingerprint maps, 

the user calibration parameters can be determined as discussed 

in Section VI. 

 

The system is then free to move through the PDR-only and 

FEKF schemes to the DPSLAM scheme if necessary. Once 

the particle cloud has confidently collapsed into a small region 

below a trigger threshold the system can switch back to the 

FEKF algorithm.  

 

When the SLAM methods apply a loop closure correction and 

update the current position estimate, the corresponding spatial 

error ellipse (in FEKFSLAM) or particle cloud (in DPSLAM) 

will contract accordingly. It is important however to note that 

the historic position that is being used to drive the correction 

itself carries some spatial uncertainty in terms of the global 

position coordinate. We use the same approach proposed in 

the previous work on DPSLAM [3] to account for this 

problem by storing the level of uncertainty (particle cloud size 

or FEKFSLAM covariance ellipse spatial terms) along with 

the coordinates of each point on the historical track. When 

loop closure occurs the global spatial uncertainty can then be 

accounted for. In the DPSLAM solution this can be provided 

by an error ellipse based on the distribution of the particle 

cloud from the historical, rather than the current, user position. 

In the FEKFSLAM solution the spatial covariance terms from 



the historical position can be incorporated into the current 

covariance matrix.  

VIII. RESOURCE CONSUMPTION 

Here we assess the costs associated with each of the schemes 

described above. We do not consider the costs of inertial and 

WiFi sampling; floor determination; or PDR algorithms 

because these are common to all schemes and result in a 

common overhead. 

 

Assuming the DPSLAM scheme makes use of P particles, 

there is an O(P) cost to updating the states. We have found 

that P needs to be at least few hundred for reliable results. 

Testing the proximity to historical positions requires some 

form of spatial indexing, which can cost O(1) if a simple 

lookup grid is used, or a logarithmic form if a more space-

efficient structure is preferred. However, the space cost is 

dominated by the need to store the particle histories.  The 

actual space requirement at any given moment is dependent on 

the environment and the route taken through it. As a guideline, 

however, we have found it necessary to retain multiple 

hypotheses for the last 100 steps or so. 

 

The FEKF scheme requires the lookup of nearby values within 

a signal strength map: as with DPSLAM and history lookups, 

this can be achieved in O(1) time or similar. It has a constant 

size state vector (3D position and, if required, the step length 

and compass bias) and the Kalman update step involves 

inverting an MxS matrix where M is the number of 

measurements used in the fingerprint (typically around 4-6 for 

WiFi) and S is the number of states in the state vector to be 

updated (two spatial dimensions, or two spatial dimensions 

and two PDR parameters if these need to be 

calibrated/tracked). Assuming that M>S in general, the 

associated matrix inversion is O(M
3
) or better (depending on 

the method used). This is significantly faster than an O(PM) 

update for DPSLAM. Note that during epochs with no 

measurements available the FEKF update complexity is O(1) 

whereas the DPSLAM complexity is still O(P) if all particles 

are propagated with some additional random noise in their 

spatial states. In addition there is no need to store historical 

state, making the space requirements much smaller. When a 

loop closure occurs and the particle weights change, driving 

this update through the historical path of N steps is O(PN). 

 

The FEKFSLAM scheme is an approximation to the SLAM 

problem with the key benefit that we do not track all historical 

landmarks/positions within the state vector and covariance 

matrix. In traditional EKF SLAM schemes these structures 

grow without bound, resulting in the need to invert sparse 

matrices with hundreds of rows and columns. Here however 

the SLAM scheme maintains a state vector of fixed size and a 

covariance matrix of size equal to that in the FEKF approach, 

regardless of the size of the SLAM loop. A SLAM loop 

closure and position update results in a simple linear 

correction being applied to each historical position in the 

corresponding section of the journey. The resulting historical 

path is not expected to be corrected as well as is possible for 

the DPSLAM scheme, or any of the offline SLAM schemes, 

but the FEKFSLAM approximation is much more efficient 

and represents an excellent compromise between accuracy and 

resource consumption. Given an historical path consisting of 

N positions, the FEKFSLAM correction step following a loop 

closure detection is O(N) and is not iterative, compared to the 

iterative optimisation schemes of GRAPHSLAM (O(N
2
) per 

iteration) or  GPLVSLAM (O(N
3
) per iteration) [17]. 

IX. EXPERIMENTAL RESULTS 

The SmartSLAM scheme was tested using Galaxy Nexus and 

LG Nexus 4 smartphones. The indoor navigation smartphone 

application processed the sensor data from the accelerometers, 

gyroscopes, magnetometers and barometer within a step 

detection scheme. When steps were detected the gyro-

smoothed compass heading was recorded for that epoch, along 

with the magnetometer readings and WiFi scan results. All 

experiments could therefore be rerun offline for further testing 

and analysis. 

 

In order to compare the errors associated with each algorithm, 

a ground truth reference is required. The Cambridge Computer 

Laboratory is still home to the Active Bat indoor positioning 

system [32], although it is only functional in a very small 

section of the building. Active Bat provides 3D positioning 

with an accuracy of 3cm.  The output of the DPSLAM 

algorithm when constrained by the vector floor plan and 

making use of a large particle number (1000) was validated 

using the Active Bat system. The accuracy was determined to 

be around 1.6m with 66% confidence, and 2.7m with 95% 

confidence. An example validation journey is shown in Figure 

8. A DPSLAM solution constrained by the floor plan was 

therefore used as the ground truth for longer journey 

experiments exploring the whole building where Active Bat 

was unavailable.  

 

 
Figure 8 shows a comparison of the accuracy of DPSLAM (green 
solid line) constrained by the floor plan and the Active Bat indoor 
positioning system (red dotted line). 



Figure 9 shows an example of a figure-of-eight journey 

through a large office building. The top row demonstrates the 

performance of two extremes – the PDR solution (red) and a 

DPSLAM particle filter solution with both prior signal 

strength maps and the vector floor plan available (green). The 

PDR solution exhibits noticeable drift over this five minute 

walk (the final PDR position estimate carries an error of 15 

metres). The second row demonstrates the performance of the 

FEKF scheme (blue) and DPSLAM schemes (green) for the 

same journey when the prior WiFi coverage maps (but no 

vector floor plan) are available. The third row demonstrates 

the performance of the FEKFSLAM (blue) and DPSLAM 

schemes (green) with no prior information whatsoever 

available. The differences between each of these tracks and 

the baseline track are given in Figure 10. Note that for the 

SLAM schemes the corresponding error plot is calculated 

using the full track at the end of the journey, which has been 

corrected at multiple stages as the journey progressed. The 

particle filters used for Figure 9 used a fixed particle number 

of 500 for each algorithm under test. 

 

Figure 11 shows the online errors during a series of SLAM 

tests (with no prior information whatsoever) in the Computer 

Laboratory, each test consists of a journey around the 

laboratory consisting of at least one loop closure after around 

200-300 steps, and a further loop closure at the end of the 

journey. This time the error traces are representative of the 

instantaneous position estimate at each step, i.e. the SLAM 

back-corrections are not applied to earlier position estimates in 

this figure. The plots therefore demonstrate the range in 

current-position errors that a user could observe in real time 

during an indoor journey. Each plot shows the mean of the 

traces from the whole set of journeys, with the standard 

deviation providing error bars. The distribution of errors are 

not expected to follow Gaussian statistics, the error bars and 

choice of mean have merely been used to combine the data to 

permit a qualitative analysis of the range in errors for each 

method, and the effect of varying the DPSLAM particle size. 

The PDR errors are shown in red. The FEKFSLAM scheme 

(blue plots) exhibits excellent performance compared to 

DPSLAM (green plots). This is due to a number of factors.  

 

Firstly, the user motion was valid under the FEKFSLAM 

assumptions, i.e. the user mostly walked at a steady pace along 

their heading. At times the gait changed, such as when 

interacting with security doors, and false steps are likely to 

have been recorded by the system, but these errors can be 

corrected to some degree by the SLAM corrections. Secondly, 

the linear Euclidean measurement model proposed in this 

paper has proven to be reliable in cluttered indoor 

environments. Thirdly, there is an issue with DPSLAM which 

does not affect FEKFSLAM. When a user approaches part of 

their historical track to begin a loop closure, only the extreme 

particles at the edge of the particle cloud can be tested against 

their histories at first. As this small subset of particles begins 

to overlap with their past positions weightings begin to be 

applied to the cloud. This can bias the DPSLAM loops to start 

to close slightly early, and while this can be rectified later as 

further measurements and comparisons occur, it can result in a 

reduction in the real time positioning accuracy as each loop 

closure occurs. FEKFSLAM on the other hand does not suffer 

such a problem as it is based on a measurement model with 

continuous variation with range from the historical track 

positions. Under the current formulation, DPSLAM particle 

updates can only provide a probability that a particle is back in 

a historical location, not that it is a certain distance from a 

historical location. However, given the availability of a floor 

plan, DPSLAM has a strong advantage over FEKFSLAM, as 

it can easily deal with the highly discontinuous nature of the 

geometrical constraints of walls and passageways. DPSLAM 

can also make use of magnetic anomaly measurements, which 

have not been included yet in the FEKFSLAM or FEKF 

frameworks because they vary on a very rapid spatial scale. 

X. CONCLUSIONS AND FURTHER WORK 

We have presented a new smartphone indoor positioning 

scheme that uses different sensor fusion algorithms depending 

in the level of prior knowledge available, in order to improve 

battery life while maintaining good performance. We have 

also introduced two new sensor fusion concepts: the Jacobian 

Map, which allows WiFi signal strength maps and fingerprints 

to be incorporated directly into an Extended Kalman Filter; 

and a fast self-correcting extension to this Kalman-filter based 

scheme which provides an approximation to a SLAM solution 

without any of the computational scalability issues of 

traditional SLAM schemes. This FEKFSLAM scheme is 

enabled by the use of a novel measurement model based on 

the linear increase with spatial separation of Euclidean 

distances for WiFi fingerprints in indoor environments. The 

computational benefit of this new scheme is significant, with 

FEKFSLAM loop closure scaling as O(N), where N is the 

number of steps taken on the journey. DPSLAM scales as 

O(PN) during a loop closure, where P is the particle number 

(typically a few hundred or thousand). GraphSLAM and 

GPLVSLAM scale as O(N
2
) and O(N

3
) per iteration of their 

optimisation routines. 

 

While it is well known that the magnetic signal strength 

patterns recorded indoors provide rich and fine scale 

fingerprints, they have not yet been incorporated into the 

FEKF, as they vary on too fine a spatial scale for the 

linearization approximation of the Jacobian Map to be valid. 

Future work will involve incorporating magnetic 

measurements into FEKF and using them to assist in 

FEKFSLAM loop closure. More advanced loop closure 

schemes for the FEKFSLAM scheme could also provide 

improved performance, especially in situations where the 

user’s motion is not ideal, and where the heading error is 

dominated by gyro drift rather than magnetic compass noise 

and spurious readings. Finally, a method to fuse vector floor 

plan data directly within the FEKF and FEKFSLAM schemes 

would make a further important contribution. 
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Figure 9. A comparison of the different tracking algorithms available in the SmartSLAM system. The top row of images shows six stages through a figure-of-eight journey in 
the Cambridge Computer Laboratory. The red dashed line is the PDR solution. The solid green line is the DPSLAM solution with prior WiFi maps and a floor plan available. The 
second row shows the FEKF (blue line and error ellipse) and DPSLAM (green line and particle cloud) solutions when prior WiFi maps are available to the user. The bottom row 
of images shows the performance of the FEKFSLAM (blue) and DPSLAM (green) algorithms when no prior knowledge at all is available and SLAM alone constrains the user 
error growth over time. 



 
Figure 10. The positioning performance of each tracking scheme relative to the baseline scheme for the journey shown in Figure 9. The 
PDR error increases approximately linearly with distance travelled and represents a 2% error with distance travelled. 

 
Figure 11. The effect of increasing the number of particles available to DPSLAM on accuracy. The red line is the PDR estimate, the blue is 
FEKFSLAM and green is DPSLAM. The four panels show the same data for PDR and FEKFSLAM, but varying numbers of particles in the 
DPSLAM solution. In the test walks used to generate these datasets SLAM loop closures occurred around the 200-300 step region, and at 
the end of the journey when the user returned to the start point. The data suggests that when the FEKFSLAM assumptions regarding 
user motion are valid, the Euclidean distance measurement model parameters have been determined, and floor plans are unavailable, 
FEKFSLAM typically outperforms DPSLAM for small particle clouds of around a hundred particles. 
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