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Abstract-FootSLAM (Simultaneous Localization and Mapping) 
is a new technology that addresses the indoor mapping and 
positioning challenge that relies only on sensors that the person 
carries. In this paper, we propose to use maps-based angular 
Probability Density Functions (PDFs), using prior knowledge of 
the building layout as prior maps for FootSLAM and show how 
they can be integrated into the FootSLAM weight update. The 
angular PDFs - that represent PDFs for a human step direction 

at a given location - are derived from a diffusion algorithm based 
on maps. The advantage of using prior maps is that the 
FootSLAM algorithm reaches convergence faster and more 
accurately. 

Keywords-FootSLAM; prior map; angular PDF; diffusion; 
prior strengthening factor; 

I. INTRODUCTION 

Over the last few years digital cartography and GNSS 
(Global Navigation Satellite System) have been supporting the 
growth of commercial and consumer location based 
applications where real time location is combined with accurate 
maps. However, these services are often unavailable in indoor 
or underground locations, where GNSS satellite signals are 
strongly attenuated. 

There exist different techniques to address the challenges 
encountered in indoor navigation. One way is to install 
additional transmitters (for instance radio frequency-based) 
inside buildings to provide precise position information (see [1] 
for an overview). The main drawback of these techniques is 
that new infrastructure needs to be installed to achieve highly 
positioning accuracy. A promising approach or contributing 
technology is to use foot mounted inertial sensors [2] or other 
suitable forms of pedestrian dead reckoning (PDR) with 
alternate sensor placements. In this paper, we will focus on 
foot-mounted inertial-measurement-unit (IMU) based 
positioning estimation for pedestrians, although the methods 
are applicable to other forms of PDR. 

The work of Foxlin [2] describes how we can use foot
mounted IMUs and the supply of zero velocity updates 
(ZUPTs) to the estimation algorithm, in order to address the 
problem of non-linear error growth over time. Nevertheless, in 
particular the heading estimate drifts over time, since it is only 
weakly observable from these ZUPTs. The use of known floor
plans to constraint the heading to some possible directions has 
been shown to solve this problem of estimation error growth 
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[3-5]. However, maps of indoor scenarios are often only partly 
available or even unavailable. Furthermore, there is a risk that 
indoor maps might be outdated or proprietary. To solve the 
problem of unknown maps the pedestrian localization 
technique called FootSLAM [6] builds upon the principle of 
simultaneous localization and mapping (SLAM) using PDR, in 
particular foot mounted IMUs. With the FootSLAM-algorithm, 
which is implemented with a Particle Filter (PF), building plans 
can be learnt automatically while people walk around the 
building. 

The drawback of FootSLAM is that it requires walks to 
revisit areas multiple times. To support this possibly vulnerable 
learning phase we consider floor-plans - if available - as prior 
knowledge to the FootSLAM algorithm. The advantage of 
using prior maps, as we shall show in this paper, is that the 
FootSLAM algorithm reaches convergence faster and more 
accurately. Since the maps are still learned with FootSLAM 
based on real human motion, the prior maps need not 
necessarily be perfect in the sense of containing all walls or 
doors, and there might even be some true errors (e.g. misplaced 
or additional walls) in the map. The FootSLAM approach 
supported by additional prior-maps is very flexible: The prior 
map may consist only of the outer walls of a building, and 
perhaps some of the inner walls. Because FootSLAM can over 
time learn the correct map, we will provide experimental 
evidence in the paper that it is inconsequential if a number of 
walls are missing or erroneous because the map will be 
corrected over time. In this paper, we propose to use maps
based angular PDFs [7] as prior maps. Hereby, PDFs for a 
human step direction at a given location are derived from a 
diffusion algorithm based on maps. The angular PDFs can be 
pre-computed and stored to reduce the computational effort 
during position estimation. 

In this paper, we will present how prior maps can be 
incorporated into the FootSLAM weight update of the particle 
filter. In the experimental section we will investigate the effects 
of different types of prior floor-plans, based on real plans and 
real PDR data. For example we will address the use of the 
complete and correct floor-plan as a prior map, or one with a 
missing wall, or a plan with an additional wall in a corridor, or 
a plan representing only the outer building walls. We will 
quantify the accuracy of the FootSLAM algorithm in terms of 
the wall violation ratio and position estimation error, and 



investigate the influence of a map prior strengthening factor -
that is how strongly the map is considered as prior information. 

II. OVERVIEW OF FOOTSLAM 
FootSLAM is a novel approach for SLAM [8]. In 2009 the 

term F ootSLAM was introduced to refer to a dynamic 
Bayesian estimation formulation for simultaneous localization 
and mapping for pedestrians based on human odometry (step 
measurement) with foot mounted inertial sensors or IMUs [6]. 

The pedestrian's pose - her position and orientation - and 
the building plan can be jointly estimated by merely using the 
pedestrian's odometry that the foot-mounted IMU measures. 
The problem has been addressed using a Rao-Blackwellized 
particle filter that follows the FastSLAM principle [9]. 

Human motion is a complex stochastic process, but for our 
purposes a first order Markov process has proven to be 
sufficient to model it. With this kind of model, every possible 
future next step of the pedestrian can be represented based only 
on his current position and the probabilities of each possible 
next step are learned through observation. 

In the following, we describe the map representation, the 
formal specification and how the map is learned. These are the 
prerequisites for applying angular POFs as prior maps. 

A. Map Representation 
FootSLAM maps are a probabilistic representation (model) 

of human motion. In the first order Markov process model each 
next step of the pedestrian is drawn from a location dependent 
probability distribution that only depends on his current 
position (Le. a person with no memory). A grid of regular and 
adjacent hexagons is used to partition the 20 space of interest. 
Every particle in the particle filter stores its own history of 
transition counts across the edges of the hexagons that it visited 
and updates these counts based on its motion hypothesis (that 
effectively depends on the odometry error assumed by that 
particle), generating what we call a Transition Map. This 
transition map can be used to estimate the distribution of the 
true (but unknown) edge crossing probabilities that affect 
human motion in the map. 

The particles can also use available prior information when 
estimating the probability distributions of the transition across 
the edges. Each particle has an associated weight that is 
updated every time the particle crosses a hexagon edge and 
based on the previous counts of that particle across that 
particular edge. Consequently, a particle is rewarded when 
crossing an edge that it had already crossed; that is, when 
revisiting transitions in the grid. In prior work on single-user 
FootSLAM we had assumed a constant prior for all transitions 
- we shall now use this prior to incorporate known (partial) 
building layouts. 

B. Formal Specification of the Probabilistic Map 
The starting point for our specification of the probabilistic 

map is the 20 grid of adjacent hexagons of a given radius r. 
For each map only the hexagons that were visited by any 
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particle are stored, defming H= {Ho,HI, ... ,Hh, ... ,HNH_J 
as the set of NH hexagons, where the index h refers to the 
hexagon's position. 

Additionally Mh ={M:,M�,M:,M:,M:,M:} is defmed 

as the set of six transition probabilities across the edges of the 
h-th hexagon, 

(1) 

and j *- h (we moved to a new hexagon), where 

o � e(U k) � 5 is the edge of the outgoing hexagon associated 

with the step taken at time k, Uk' that is, the edge of the 

hexagon in which pose PH lies and which borders the 

hexagon in which pose Pk lies (see Figure 1). 

Hh 

Figure 1. Definition of the hexagon transition M;��;) 

Also we can state that I:::M: = 1. But the random variable 

M� denoting the transition probabilities of the hexagon h 
across edge e is unknown to us. We can only estimate 
p(M� IpOk-1) by observing POk-1 • 

The map random variable M can be decomposed as 
follows: 

(2) 

where Mh is a random variable vector of length 6 denoting the 
transition probabilities of the hexagon with index h. To ease the 
notation, from now on we will write h for outgoing hexagon 
h(Pk_1) and ; for the crossed edge e(U k) • 

C. Learning the Transition Map 
The Transition Map is learned by each particle i by 

counting each transition it makes from PL I to P: across edge 

; in its local map for hexagon HJ,' Operating in this manner, 
each particle stores its whole path through the hexagon grid. 
Learning the map is based on Bayesian learning of multinomial 
and binomial distributions [4], by which each particle weight is 
updated as follows: 

(3) 



where N;' are the transition counts for edge ; of hexagon h 
and Nil = I:::N{ , always in the map of the particle i 

computed up to step k-J. 

The terms fJ.� and fJ.- = "e=5 fJ.� represent the a pnon h h L...e=O h 
knowledge regarding the transition counts across the edges of 
hexagon h for particle i. When no other prior information is 
available, fJ.h has been chosen empirically to be 0.8 \j {e, h, i} , 
that is, a uniform prior distribution - with respect to the edges -
is assumed. 

Our objective is to derive a prior map based on prior 
building knowledge. It will be encoded in fJ.� h • 

III. ANGULAR PDFS AS PRIOR MAp 

In this paper, we propose to use angular PDFs as prior maps 
for FootSLAM. Angular PDFs are derived from a diffusion 
algorithm based on maps that can also be used as a motion 
model [7]. The idea of the diffusion algorithm is to have a 
fictive source continuously effusing gas that disperses in free 
space and which gets absorbed by walls and other obstacles. 
The central assumption for defining the angular PDFs is that 
t�e pos�ibl� step directions approximately follow the gas 
dIstrIbution If the current waypomt is the source of the gas. For 
each waypoint a so called diffusion matrix D is pre-computed, 
where the floor-plan is inherently considered during 
calculation. The simulated gas distribution is restricted by walls 
to the areas where it can flow. From this gas distribution we 
can choose a threshold to obtain a contour line of the gas 
distribution. From this contour line we directly obtain the 
angular PDF by using the distance of the waypoint to the 
contour line. 

The angular PDFs directly provide the edge transition 
probabilities for each hexagon of the grid used for FootSLAM. 
For each hexagon, the angular PDF at its center is used. For 
each edge of each hexagon the angular PDF is integrated over 
the range of angles corresponding to this edge. Hereby a prior 
map can be computed from the angular PDFs. 

The principle of the computation of the 2D-diffusion matrix 
based on maps is described in Section A. Section B describes 
the calculation of the angular PDFs. Actually the angular PDFs 
can be pre-computed and stored to reduce the computational 
effort during position estimation. The mapping of the angular 
PDFs to the hexagons is described in section C. 

A. Calculation of the Diffusion Matrix based on Maps 

The c�mputation of the diffusion matrix based on maps can 
be found m [10], where the calculation of the diffusion matrix 
is extended for the cases of using additionally maps and 
handling floor-plans in three dimensions. However, instead of 
computing the diffusion values for the whole area, we use a 
sliding square window of size Nx xNx , where the current 
waypoint (xm,Ym) is the middle point of that window [7]: 
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(4) 

Here, Nx is odd-numbered and represents the size of the 
sliding squared window. Depending on the grid size and the 
size of the squared window the resolution of the angular PDF 
can be .varied. The central assumption for defining the angular 
P�)f� I� th�t the possible headings are following the gas 
dIstrIbution, If the current waypoint is the source of the gas. 

. FOT each .loc.ation of the centre of each hexagon the 
dIffuSIOn matrix IS pre-computed. The diffusion matrix for a 
hexagon centre - that represents the middle point of the sliding 
window - contains the values dk.l for the gas concentration at 

position (k,l) for each other possible location within the 
window when gas effuses from that waypoint. From these 
values - which are reflecting the gas distribution - we can 
directly obtain the angular PDFs. 

B. Calculation of the Angular PDFs 

Figure 2(a) shows the gas distribution (diffusion matrix) 
from one waypoint within a portion of a floor-plan. One can 
see that the gas is restricted by walls to the areas where it can 
flow. From this diagram we can choose a threshold to get a 
contour line of the gas distribution. From this contour line we 
get directly the angular PDF by using the distance to the 
contour line. When the gas is reaching a wall, the contour ends 
at the wall and the distance is equal to the distance to the wall. 
Figure 3 shows the polar diagram of the angular PDF. The 
values of the PDF are higher for those directions in which 
people are more likely to walk. 

(a) (b) 

Figure 2. (a) Diffusion matrix for a square area and the current waypoint in 
the middle; (b) Contour line (dark red) of the diffusion values 

315 45 

135 
100 

Figure 3. Polar Chart of the angular PDF 



The contour-line of the diffusion matrix represents our 
angular PDF. Therefore, to obtain the angular PDF we first 
need to determine this contour-line. Here, we defme a set C 
of Ne contour-line points for the diffusion area. The contour 
line points can be obtained by checking all the diffusion values 
to be below a certain threshold T : If a diffusion value dk,l at 

position (k,l) is below that threshold and the diffusion value 
of at least one neighboring point (direct neighborhood) is 
greater than the threshold T, then the position (k,l) is part of 
the set of contour-lines: 

Ci = (k,l)E C. (5) 

Details of the calculation of the angular PDF are given in 
[7]. Figure 2(b) shows the contour line of the diffusion values 
marked in dark red (T was set to 0.0001). 

The value of the angular PDF for an angle p is obtained 
via the distance of the current waypoint (xm,Ym ) to the 
contour-line point that lies in the direction of that angle p . Here, p is the absolute angle when drawing a line from the 
contour point to the waypoint (xm ,Ym ) in a Cartesian 
coordinate system where (xm,Ym ) represents the middle point. 
The distance b between the current waypoint and the point of 
the contour line (k,l) is defined as: 

(6) 

The values for the non-normalized prior J are obtained 
via the maximum of possible distances to points of the contour
line with a specified angle: 

f(p) = max be(kl) , e(k,!) , qJ(k,l)�p (7) 

where rp(k,l) is the absolute angle between the contour 
point c(k,l) and the actual waypoint (xm, Y m ) • 

Finally, the prior is normalized as follows: 

f(p) = z?(p) 
'Lf(P) f3�O 

(8) 

Additionally, it is checked if the direct line of the waypoint 
to the contour line points crosses a wall. Those contour line 
points that cross a wall are not considered in the computation 
of the angular PDF, since the directions to points behind a wall 
should not be favored. 

In our evaluation we used discrete values for the angle p . The angle spacing was 5° and we had 72 different values for 
computing the weighting function. These values are enough to 
obtain a smooth weighting function. Proceeding like this, we 
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have also taken into account the trade-off between the amount 
of data to be stored, precision of the angular PDF and the 
influence of the precision of the PDF on the results. 

C. Mapping of the angular PDFs onto the Hexagons 

The angular PDFs are mapped onto a prior map in the 
following way: The angular PDF at the center location of the 
hexagon (xm,Ym ) = (c; ,c;) is applied to the respective 

hexagon. The center X-, y-coordinates of hexagon h are 
(c;, c;). For each edge of the hexagon the range re of 
angles p that are associated with edge number e is defmed as: 

(9) 

We obtain the values uk for each edge by integrating over 

the ranges of angles p: 

(10) 

With this, the sum of the 6 edge counters equals 1, meaning 
that the prior is relatively weak. To vary the influence of the 
prior map the values uk can be multiplied by a prior 
strengthening factor. (The prior strengthening factor determines 
how strongly the map is considered as prior information and 
has been introduced in [11] in the context of iterative 
FeetSLAM, hence our use of the same notation.) Figure 4 
shows the resulting prior map for our office building. 

Figure 4. Resulting prior map for the complete floor-plan. White colour 
stands for high counters, yellow for medium counters and black for low 

counters. Hexagons located on walls have no prior (white colour). 

IV. DIFFERENT FLOOR-PLAN SCENARIOSIENTROPY 

Our focus of this paper is to investigate the influence of a 
priori given floor-plans to the convergence and precision of the 
FootSLAM algorithm. In reality, the floor-plans might not be 
complete or even walls are given at the wrong location. 
Therefore, in this paper we also investigate the influence of 



completeness and correctness of the floor-plans. The following 
different floor-plan scenarios are considered in this paper: 

• No plan (I) 

• The complete and correct plan (2) 

• The complete and correct plan including furniture 
(where known) (3) 

• A plan with only the outer building walls (4) 

• A plan with only corridor walls (5) 

• A plan with a long missing wall including two short 
connected walls (6) 

• A plan with an additional wall (7) 

Figure 5 depicts the different floor-plans scenarios of our 
office building environment. 

(a) (b) 

(c) (d) 

(e) (t) 
Figure 5. Different floor-plan scenarios: (a) complete and correct plan, (b) 

complete plan with furniture, ( c) only outer walls, (d) outer walls and corridor 
walls, (e) complete plan with one wrong wall (red color) and (f) a missing 

wall (surrounded in green color). 
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V. EXPERIMENTAL RESULTS 

We have tested the use of angular PDFs as prior maps for 
FootSLAM in the first floor of our office environment. The 
pedestrian walked between 5-14 minutes wearing a foot 
mounted IMU. The radius of the hexagons was chosen as 
r=0.5m. The recorded data is collected during the walk and is 
then processed offline with our FootSLAM implementation 
described before. 10 evaluation runs (with differently seeded 
starting conditions) were performed for each data set and the 
average accuracy of the starting position is computed. The 
maps are compared by calculating the average crossed wall and 
furniture ratio [11] of each resulting probabilistic map - in the 
following we use the shortening "crossed wall ratio". 

To illustrate the improved initial convergence of the 
FootSLAM algorithm with prior maps, visual presentations of 
the results from for the beginning of the data set of one walk 
are shown in Figures 6 and 7. The Figures show the results for 
no use of prior maps and for the use of prior maps, 
respectively. The maximum a posteriori (MAP) map - in short 
"best" map - estimated at different positions is presented here. 
The current position of the pedestrian is shown as a red 
hexagon. In Figure 6(a) we can see that the best map is not 
correctly estimated before loop closure and there appears to be 
a heading drift. In Figure 6(b) the loop closure has just been 
reached but still the best map diverges (there has been 
insufficient time for the FootSLAM weighting to affect the 
estimate). Figure 6( c) shows the results for the walk after the 
pedestrian went into a room (after the loop closure was 
reached). After that the estimator alternated between the 
incorrect map and a more correct map. After a while the 
estimator was stable on the correct map. 

With the use of prior maps the map converges much faster. 
In Figure 7(a) we can see that the direction is corrected before 
loop closure thanks to the use of prior maps. Not surprisingly, 
also in the following Figures 7(b) and 7(c) the map is more 
correct compared to the case without prior maps. 

To show the properties in terms of starting position 
estimation accuracy, Figures 6 and 7 show the same part of the 
map at the same absolute position. In the Figures we can 
observe that the starting position of the maps with no use of 
prior maps within the same area varies: In Figure 6 one can see 
that the first position is at a different location in each of the 
Figures 6(a)-(c). In our coordinate system the assumed starting 
conditions were (x,y,(j))=(-6Im,-9.5m,-35°) with a noise of 

O.2m for x and y and a noise of 0.2° for starting angle (j) . It 
should be noted that the actual starting conditions might only 
be known with some certainty. With no use of prior 
information, the fmal decision of the 10 runs was (-61.2m, -
9.8m, -33.8°) on average. The confidence intervals of the x-, y-
coordinate and (j) were (-l.lm,+0.6m), (-0.5m, +0.6m) and (-
0.5°, 0.5°), respectively. A more accurate starting position 
estimation of the map is achieved with the use of prior maps: 
the fmal decision of the FootSLAM starting conditions was on 
average (-60.7,-9.5,-32.4), where the confidence intervals were 
(-O.lm,+O.lm), (-O.lm,+O.2m) and (-0.4°,+0.3°), respectively. 



It is obvious that with the use of prior maps the accuracy of the 
position of the map is improved. 

(a) 

(c) 

(b) 
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Figure 6. Visual presentation for the FootSLAM results at the beginning of 
a walk (index 1). No prior map is used. The Figure shows the resulting best 

map at different time instances. 
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(a) 

(c) 

(b) 

(d) 

Figure 7. Visual presentation for the results of the beginning of a walk 
(index 1) and the resulting best map. A prior map obtained with angular 
PDFs is used. The Figure shows the resulting best map at different time 

instances. 

For the complete prior map (floor-plan scenario 2) we 
obtain the results for the crossed wall ratio depicted in Figure 8 
applying different prior strengthening factors. Here, we can see 
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that best results are obtained with a prior strengthening factor 
of 40 making the map very strong. Therefore, we used this 
factor for the remaining evaluations. If the map is too strong, 
the results decrease again due to the fact that the walk may not 
fit the prior map perfectly. However, the crossed wall and 
furniture ratios do not differ very much for all investigated 
prior strengthening factors and the results for lower prior 
strengthening factors are even better than the use of no prior 
information (in Figure 8 the value for a prior strengthening 
factor of 0). 

o 
� 0:: 

� 
"0 Q) (/) (/) o 
U 

--&- F ootSLAM with complete prior map (1) :- - - = 
---I ---- -,-- --- ,. --- --r ---

I r 
------� ----- � --------------------

I I 
-----�-----�--------------------

------�--=----=-----�-------�------------
____ : _L __ � _ J __ _ ______________ _ ------� ----- --------------------
- - - - - -1- - - - - - -I - ----- - -------------

______ L _____ � _____________ � _____ _ 

______ 1 ______ --l ______ _ ______ J.... _____ _ 
I 

10-3'-___ '--___ -'---___ -"---___ --'---___ --' 
o 20 40 60 80 100 

Prior Strengthening Factor 

Figure 8. Evaluation of the FootSLAM map with the use of a complete prior 
map (walk index 1). The crossed wall ratio is depicted for different prior 

strengthening factors of the prior map. 

Figure 9 shows the results for the different floor-plan 
scenarios of section IV. In this Figure we can see that the use 
of prior maps outperforms the case with no prior maps in all 
cases. The results for the plan with furniture is as expected 
slightly better than the complete plan without furniture. A 
wrong wall at a really critical position slightly worsens the 
result. Interesting is also that in this particular case the missing 
wall (also at a very critical position) causes slightly more 
degradation than the use of a wrong wall. If only the corridor 
walls are available, the performance slightly degrades, but still 
is much better than without a prior map. Only the result for the 
use of a plan with only outer walls with a prior strengthening 
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Figure 9. Evaluation results for different floor-plan scenarios. The crossed 
wall ratio is depicted for the respective scenario. 



factor (PSF) of 40 is slightly worse than the use of no prior 
map. This is due to the fact that the strong uniform prior used 
inside the building makes the weight of the particles depend 
mainly on the prior but not on its own history of hexagons 
transitions (see equation 3). Since the inner walls mainly 
restrict the motion of the pedestrian, it is understandable that 
the use of outer walls does not really improve the results, 
particularly if the pedestrian's walk takes place only in a 
fraction of the inner part of the building. If we decrease the 
PSF to 20 we obtain better results that are also shown in 
Figure 9. The optimum prior strengthening factor depends on 
the completeness of the floor-plan. The search for the 
optimum prior strengthening factor for different floor-plan 
scenarios and across a wider set of experiments in different 
buildings is foreseen for further studies. 

Results for additional data-sets are given in Figure 10. 
Three different data sets are compared to each other. Data set I 
(1 loop around the corridor, including entering different rooms, 
5 minutes) - already used in the previous evaluations - and 
data set 2 are rather short walks (about 1 loops around the 
corridor, including entering different rooms, 5 minutes). Data 
set 3 is a longer walk (3 loops, including entering different 
rooms, 14 minutes). Data set 2 is a short walk with more 
odometry measurement inaccuracies compared to data set 1. In 
Figure 10 one can see that the use of prior information 
increases performance for all walks. The performance 
improvement is less for data set 2 due to less amount of 
revisited area. Note that data set 3 has the best performance 
without any prior. This may be because it is an extensive one, 
and FootSLAM alone was able to converge well. The prior 
map seems not to be able to help reduce the error, which may 
be because this data set visits many rooms with furniture and 
suffers more violations as a result. 
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Figure 10. Evaluation results for different walks. The crossed wall ratio is 
depicted for the respective walk for no prior maps and the use of prior maps, 

respectively. 

VI. CONCLUSION 

In this paper, we have shown how so called map-based 
angular PDFs used as prior maps can be incorporated into the 
FootSLAM algorithm. It has been shown that the FootSLAM 
algorithm converges faster and estimates the FootSLAM 
starting position more precisely if prior maps are used. 
Different types of floor-plans, based on real building plans are 
investigated and evaluated based on real pedestrian odometry 
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data. For example the use of the complete and correct floor
plan as a prior map, one with missing walls, a plan with 
additional walls, and a plan representing only the outer 
building walls are compared. It has been shown that missing 
walls or wrong walls are not critical when using FootSLAM, 
because FootSLAM adapts the map during the walk and 
corrects these inaccuracies. The accuracy of the FootSLAM 
algorithm is quantified in terms of the wall violation ratio and 
position estimation error of the starting condition, and the 
influence of the map prior strengthening factor - that is how 
strongly the map is considered as prior information - is 
investigated. It has been shown that the use of prior map 
performs best if it is considered rather strong. Future work 
comprises the comparison of the prior maps to the estimated 
maps in terms of KL (Kullback-Leiber)-divergence. 
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