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Abstract. The recent indoor localization techniques use inertial sensors
for position estimations in order to obtain a certain degree of freedom
from infrastructure based solutions. Unfortunately, this dependency can-
not be completely eliminated due to the cumulative errors induced in the
localization process. While many methods are designed to reduce the
required number of reference points, completely infrastructure indepen-
dent solutions are still missing. In this paper we extend the approach of
DREAR, a mobile-based context-aware indoor localization framework.
DREAR exploits the ability to recognize certain human motion patterns
with a smartphone, representing activities related to walking, climbing
stairs, taking escalators, etc. This allows the detection of corridors, stair-
cases and escalators, knowledge which can be used to create building
interior related reference points. Based on these a scenario specific con-
text interpreter controls the localization process and provides position
refinement for the elimination of the cumulated errors. However, due to
the cumulated errors in the trajectory, in case of neighbouring reference
points with similar characteristics an adequate distinction cannot made,
based solely on the detected activities, which leads to wrong reference
point associations and erroneous location refinements. Thus, we extended
DREAR with a trajectory reconstruction algorithm, to cope with these
errors and their effect on the outcome of reference point selection. The
proposed solution is evaluated in a complex subway scenario, its per-
formance is analysed focusing on path reconstructions and the benefits
of using specific context-related information. The results are promising,
the proposed algorithm presents further improvements relative to the
performance of DREAR, providing an excellent localization and path
reconstruction solution.

1 Introduction

To obtain a certain degree of freedom from localization infrastructures (e.g.
radiofrequency - RF - reference points) novel indoor positioning solutions lever-
age smartphones’ built-in sensors in dead-reckoning (DR) algorithms to recon-
struct the movement path of the navigated person [1]. Considering conventional
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use cases (localization in shopping centres, office buildings) the current solu-
tions [2] [3] can provide an adequate level of adaptability regarding the config-
uration changes of the RF reference points. Nevertheless, there are scenarios,
certain premises (e.g. subway systems), where the placement of any kind of
reference points is beyond possibility, due to legal or investment issues, expo-
sure to vandalism, or else their usability is simply questionable because of the
effect of crowd dynamics on the system’s performance. It is also hard to build
truly ubiquitous indoor Location Based Applications (LBA) if the used localiza-
tion solution leads to vendor lock-in due to a specific technology (e.g. iBeacon).
Therefore, localization infrastructure dependency must be further relaxed and
completely infrastructure-free solutions have to be introduced for well-defined
use cases to build future ubiquitous indoor LBAs.

In [4] a novel approach for mobile-based infrastructure-free indoor localiza-
tion services was proposed (called DREAR), aimed to provide a context-aware
solution for ubiquitous indoor LBAs. The goal of DREAR was to build a localiza-
tion system, which does not require any kind of localization infrastructure (e.g.
previously deployed RF, visual or acoustic beacons) and where the user’s active
involvement for finding certain reference points can be also omitted. Therefore,
human movement behaviour analysis and activity recognition algorithms were
employed in a context-aware middleware, to control the localization and position
refinement process. A context recognition layer was designed to acquire infor-
mation from user movement events (detected activities, trajectory), infer about
the actual context (likeliness of events, filtering out false detections) and control
the position refinement process based on the recognized environment.

Unfortunately, deterioration in DR, trajectory quality can be expected during
DREAR’s usage, due to the cumulative nature of both the heading and stride
length estimation errors. Due to the erroneous heading information a wrong ref-
erence point (e.g. an escalator/stair, called Topological Anchor Points - TAP)
could be selected from a neighbouring set of TAPs with similar characteristics
by the localization process (TAP association problem), or due to trajectory dila-
tion/shrinkage a wrong turn could be proposed for the user (location refinement
problem). Therefore, we enhanced DREAR to cope with heading errors and
their effect on TAP’s selection outcome. We propose a trajectory reconstruction
algorithm, which extends the context interpreter and improves activity filtering
with TAP selection and trajectory matching. We present a detailed analysis of
the designed algorithm, considering different indoor scenarios from a complex
subway system. As we will show the proposed algorithm presents several posi-
tive effects related to the quality of the constructed trajectory, and the proper
selection of the specific indoor reference points (TAPs).

Besides the relief from infrastructure dependence the proposed solution will
be especially helpful to build end-to-end navigation for multi-modal transporta-
tion services [5]. This way the new trend to provide public transit information
services for subway systems (e.g. Embark) can be extended with navigation and
real-time route guidance solutions.
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The paper is structured as follows: the related work is presented in the next
Section, followed by the main Section presenting the proposed solution. The
performance evaluation of the solution is presented in Section 4. Finally, the
paper is summarized in Section 5.

2 Related Work

Unsupervised localization [3] [6] [7] [8] [9] is a recent trend to create and maintain
indoor localization infrastructures with minimal assumptions or maintenance
costs. To reduce calibration efforts additional mechanisms are proposed for the
unsupervised collection and maintenance of the wireless fingerprint space or to
reduce the assumptions in modelling. Both Zee [6] and LiF'S [7] leverages human
mobility to build user paths and to fuse DR results with WiFi fingerprints. While
in Zee the DR is matched against the map of the building by using a particle fil-
tering algorithm, in LiF'S multidimensional scaling is applied to obtain a higher
dimension fingerprint space representation. The main problem with these meth-
ods is in their mapping and path reconstruction processes, since a longer trail
has to be traversed to get enough information for the backward belief propaga-
tion algorithm (Zee), or only corridor and room recognition is currently possible
(LiF'S). This leads to their limited applicability for complex indoor spaces (e.g.
subway systems) or to the requirement to have uniquely structured scenarios (e.g.
corridors), because shorter or ambiguously shaped trails cannot be unequivocally
recognized. UnLoc [3] introduces an unsupervised indoor localization scheme
where virtual landmarks are created using the existing WiFi infrastructure. The
smartphones are used to collect environment signatures (e.g. produced by an
elevator) and associate these with a locally overheard WiFi AP. Later the DR
algorithm can be corrected if the mobile senses the respective landmark. While
this method can incorporate different type of landmarks the collection and clus-
tering of these must be confined to a small geographical region. Therefore, all
the landmarks are associated with WiFi areas, which lead to an infrastructure
lock-in problem, just like in the case of the previous solutions.

FootPath [10] presents an infrastructure-free solution where only the
accelerometer and compass are used to provide turn-by-turn instructions. The
authors propose matching techniques to compare and project the detected steps
onto the expected route. Unfortunately, the sequence alignment algorithm can
work only for long and specially shaped corridors. Obviously, the drawback of
FootPath is similar to Zee’s: if the planned path and the traversed scenario is
not specific enough the user’s path cannot be reconstructed properly. A different
solution is proposed in FTrack [11], where an infrastructure-free floor localization
system is presented. The accelerometer data is used to detect walking, climbing
stairs and taking the elevator. Then by capturing user encounters (using Blue-
tooth) and analysing user trails FTrack finds the mapping from the traveling time
or the step counts. While FTrack achieves high accuracy in a huge, 10-floor office
building, its methods are inappropriate to be directly applied in the context of
subway systems, where the topology is much more complex and where the exact
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paths must be also reconstructed with a finer granularity. In [12] the authors
propose a solution which uses the mobile’s cameras to recognize store logos for
providing indoor localization. While this solution provides an infrastructure-free
localization it cannot be used in subway systems where there are no such logos
or the texts (commercials) are changing frequently.

Body-attached IMU-based DR uses heuristic drift elimination meth-
ods [13] [14] to minimize the drifting errors. These solutions assume that the
majority of buildings have dominant directions defined by the orientation of
their corridors; consequently a person walks along straight-line paths parallel to
these. However, if no dominant directions are available (larger premises, halls)
or a crowded subway station has to be crossed (sidestep people in your way)
similar methods cannot be applied confidently. The foot-mounted approach of
these solutions is also not applicable for our case.

3 TREKIE: Trajectory REconstruction Based on
Knowledge Inferred from Environment

3.1 Problem Statement

Our goal is to provide a truly infrastructure-free indoor localization solution
precise enough to navigate pedestrians in complex scenarios, such as subway
systems, using only conventional smartphones. Unfortunately, deterioration in
DR trajectory quality can be expected due to the cumulative nature of both
the heading and stride length estimation errors. Since in the targeted scenar-
ios usually there is no localization infrastructure present (e.g., RF, visual or
acoustic beacons) applicable for position refinements, we extended the sensing
capabilities of smartphones to detect and recognize human motion patterns spe-
cific of traversing particular structures of the indoor places. These structures
(e.g. stairs, elevators, escalators) characteristic of building interiors are used to
provide the required reference points (called Topological Anchor Points -TAPs)
for localization error cancellation. While previous efforts [4] managed to provide
an infrastructure-free localization solution through the introduction of context-
related filtering, there are still issues to be solved, in order to provide a fully
functional ubiquitous localization service.

Considering, for example a subway system (Figure 1(a)), along its route the
user have to pass through several TAPs (2 and 4) and make proper decisions,
turns in intersections (Zone A, B) to reach its destination (D). However, due to
the accumulated DR trajectory errors (bluish cones on figure), by the time the
user reaches the respective decision points wrong navigation instructions could be
provided for him/her. In the constructed trajectories (dashed lines on figure) one
of these errors can be attributed to the difficulties to provide proper heading error
compensations, since currently there are no steady solutions, especially for such
extreme indoor scenarios, with unusual topologies and frequent magnetic per-
turbations. Due to the erroneous heading information a wrong association could
happen (TAP 3 in Zone A), respectively due to trajectory dilation/shrinkage a
wrong turn could be made (late turn in Zone B).
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Fig. 1. Problem definition and building blocks for context-aware trajectory reconstruc-
tion

Even in cases when the users selects the proper escalator (and consequently
the respective TAP events are detected) there will be no enough information
for the localization middleware to decide about the outcome of the user’s TAP
selection (TAP 2 or 3), because the heading information of the DR is unreliable.
In such cases a wrong turn could be interpreted as a correct route selection, and
vice versa, following the planned path and choosing the proper TAP could be
considered as taking the wrong direction.

Therefore, we shall employ a mechanism which helps the context interpreter
to make correct associations (the factual TAP selection) in case of multiple
TAPs, to confirm internally the outcome of the user’s decision, and to act
accordingly with localization error cancellation, respectively route guidance/re-
planning. The trajectory dilation/shrinkage, attributed to stride length estima-
tion errors for normal walking and walking on stairs/escalators, can be also
compensated if the TAP event detections are properly fitted to the respective
TAPs (by reducing the gap between the ideal and constructed trajectories” TAP
events).

3.2 Concept of Trajectory Reconstruction Based on Context-Aware
Middleware

The Context-Aware Localization Middleware. To enable the detection
of TAPs DREAR [4] introduces feature detection algorithms used for human
motion recognition, giving the ability to derive information for the error cancel-
lation process. The activity recognition tasks were interpreted as a classification
problem, aiming to recognize unique motion patterns in real-time with a fuzzy
associative classifier. The activity and special TAP recognition (e.g. escalator)
algorithms have been implemented as a separate layer in the middleware (see
Figure 1(b)), producing the respective class labels and the DR information.
The location refinement is controlled by the detected TAP events provided
by the activity detection algorithms. Unfortunately, due to the variance in user



20 A. Torok et al.

movement patterns or phone carrying habits the activity detections can lead to
wrong predictions (on Figure 1(a) the false TAP events on traj. const.), provid-
ing false results (e.g. stair down instead of walking event). These false events will
affect the proper refinement of the user’s position. Therefore, a filtering mecha-
nism was employed to estimate and remove unlikely or false events, to properly
control the localization process. Since there can be long stairs and escalators it
is also important to precisely detect their start/end to provide accurate zone
traversal detections.

Algorithm 1. Trajectory Reconstruction Algorithm

Input: User position, heading (Ugy,1), Buffered trajectory (T'raj), Error Model of Traj
(Err.Maist,head), Valid TAP Activity (T APqgct), Set of neighbouring TAPs
(TAP:.,)

Output: Reconstucted trajectory Reconstr.Traj

foreach TAP; € TAP;., do

if (distance(Ugy, TAP;) <= Err.Mg;st) && (heading(TAP;) C Err.Mpecqq) then

Create temporary Traj; from Traj ;

Calculate Traj.corr = heading(T AP;) — Uy;

Calculate heading-dif f = Traj;[Uy[last]] — Traj;[Uy[first]] ;

foreach U,y n € Traj; do

Calculate Matched.Traj; = Correction(Traj.corr, heading_dif f) applied on
L Traji[Uszy,n]

Estimate reconstruction quality of Matched.Traj; {
Select T APgct[1:k] from Matched. Traj;[TAP[last : last — k]];
Apply TAP Association(TAP Model(TAP;), TAP,..[1 : k]);
Calculate Recon.Quality(Matched.Traj;) from TAP Association;

| Rank Recon.Qualityi.s;

Reconstr.Traj = TrajRecon_Qua”tyl ;
Apply Viterbi Decoding on Reconstr.Traj;

The role of the context-aware localization middleware is to provide the
required functionality by making assumptions about the user’s actual situation,
namely to acquire, match and understand the perceived sensory information rel-
ative to the current belief about the ambient environment. Then the localization
refinement can be influenced based on the recognized context and proper actions
can be triggered during the navigation.

The context interpreter of DREAR is used to fuse and process the different
levels of information, in order to understand the active context in its entirety. Its
core is formed from a Hidden Markov Model (HMM), which is built, managed
by the Context Model, and it will directly influence the constructed trajectory,
respectively the evolution and control of the DR error. Viterbi decoding is effec-
tuated on the model to find the maximum likely sequence of traversed zones
which led to the detected TAP, if there is any TAP event.

Extending the Middleware Architecture. In order to provide solution for
the problems mentioned in Section 3.1 we enhanced DREAR to cope with head-
ing errors and their effect on TAP’s selection outcome. One solution would be to
increase the number of hidden states of the planar 2D grid zones and TAP models
to represent the transition probabilities related to the evolution of the trajec-
tory’s heading. However, this decision would introduce a substantial increase in
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the system state dimensions, hindering the middleware’s deployment on mobiles.
The advantage of such a detailed representation is also questionable due to the
aforementioned difficulties in heading error compensations, which possibly would
result in infrequent heading corrections.

Therefore, we decided to employ a separation of concerns in the Context
Interpreter (Figure 1(b)), treating separately the tasks related to recognition
and understanding the detected TAP events considering the actual context. The
first stage is provided by the Activity Filtering process, with the goal of finding
and affirming valid TAP events from a noisy stream of detected activities and
a distorted trajectory. When a valid TAP activity is detected the Trajectory
Matching process can be triggered, where the reconstruction of the real trajec-
tory can be effectuated, based on the characteristics of the recognized TAP and
the knowledge derived from the actual context.

From the neighbouring TAPs’ information delivered by the Context Model
the TAP orientations can be used to calculate the hypothetical trajectory head-
ings, which would occur if the respective, “virtual” TAP, was crossed by the
user. Then a correction factor is applied on the heading and position elements of
the original, buffered trajectory for each of these hypothetical TAP orientations.
The matching process will search for an optimally fitted event sequence (the best
match) between the detected TAP events along the traversed path and the struc-
ture of the neighbouring, physical TAPs. Its outcome is the TAP selection with
the best match (the associated TAP), for which the trajectory reconstruction
provides the most viable explanation considering the actual context.

Thus, in the trajectory reconstruction process we combine past and present
sensory and context related information. The process is triggered by the occur-
rence of certain events, such as a confirmed TAP detection or acknowledged head-
ing information. These will provide additional knowledge regarding the evolution
of the trajectory by that time the respective event occurred, this information can
be exploited to provide insights about the errors acting on sensor measurements
and DR calculations (the trajectory).

Obviously, besides the utilization of these “virtual” TAP headings, the con-
cept of trajectory reconstruction can also cope with the occasionally acknowl-
edged heading information, coming from a fingerprint database or an orientation
filtering algorithm.

3.3 The Trajectory Reconstruction Algorithm

As we presented above the algorithm starts when a valid TAP activity is detected
by the Activity Filtering process, which is the positive outcome of the Viterbi
decoding algorithm (a certain number of TAP events - parameter k - are detected
and the model’s state converges to a TAP zone). Then from the set of neigh-
bouring TAPs (provided by the Context Model) the trajectory reconstruction
process is triggered for those, where the distance between the user’s position
and the inspected TAP is inside, respectively the TAP orientation is within the
bounds of the error model (Err.M). For such TAPs we calculate the correction
factor (Traj.corr), the difference between the “virtual” TAP and user’s heading,
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and the heading difference (heading_diff ) accumulated along the user’s path (tra-
jectory construction phase). Using these values a Correction algorithm can be
applied on a copy of the original trajectory, by using different heading/position
alteration strategies on atomic/aggregated trajectory sections. Currently we use
a linear and atomic correction algorithm. After this, for each trajectory recon-
struction’s outcome we have to estimate its quality. This will be effectuated
by applying the TAP Model of the respective “virtual” TAP on the TAP events
(1:k) which triggered the reconstruction process. A “virtual” TAP is more prefer-
able than the others if its position, orientation and other physical characteristics
(e.g. length, shape) provide better matching, a more viable explanation (the TAP
Association), for the detected TAP events. Finally, based on the quality ranking
(Recon.Quality) the best match will be selected (the reconstructed trajectory:
Reconstr. Traj), which will be used in the Context Interpreter for Viterbi decod-
ing, together with the newly arriving DR and TAP events; thus, continuing the
localization and position refinement process.

4 FEvaluation

We evaluated the performance of TREKIE focusing on certain aspects of the
localization middleware by designating different walking paths (trails) in the
most complex subway station of Budapest. To validate our solution four users
performed several measurements for each of these trails, by using the escalators
in different ways (e.g. walking and/or standing on it). The localization middle-
ware was implemented on the Android mobile OS platform; the measurements
were made with Samsung Galaxy S3 and S4 phones, mounted on belt. Two DR
algorithms were implemented, based on step counting and different, personal-
ized step lengths calculations [15], both tested with and without heading error
compensations [16]. Due to space limits we present the evaluation only for a cou-
ple of trails; however, we should mention that for over 80% of the measurements
TREKIE provided proper localization performance (enough precision to find the
proper upcoming turning points). The scenarios are presented through a graphic
representation of the world model using R, specifically designed for analysis and
visualization purposes. In this model the planar 2D grid zones are constructed
from grid maps, while the TAPs are represented by a series of consecutive zone
elements, with length and direction conform to their actual dimensions.

Figure 2(a) presents the evaluation of a single scenario, where the user walked
from the upper stairs (middle white TAP), crossed through the hall (2D grid)
and reached the first escalator (TAP at bottom left). We can observe that when
the TAP events are recognized (stairs down activities), due to the heading drift
of the trajectory construction, the plain DREAR algorithm (blue line) selects
the wrong TAP (blue striped stairs at the bottom centre). This would lead to
an erroneous position cancellation and a confused navigation process, which in
this case would be the conclusion that the user missed the correct TAP; thus,
a replanning process is triggered. Such TAP association problems can happen if
the neighbouring TAPs have similar types, or the activity detection algorithms
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Fig. 2. The effect of trajectory reconstruction considering different TAP scenarios

cannot distinguish TAP directions (e.g. up or down stair/escalator was taken).
Fortunately, by applying TREKIE two derived, hypothetical trajectories (red
and green lines) are built for these neighbouring TAPs, from which the best
fit (green line) will help to select the TAP used in reality. While on the figure
the other reconstruction (red line) could seem as a better fit, we must mention
that its reconstruction quality will be much worse, due to its distance to the
corresponding (striped, bottom centre) TAP.

Other aspects of the trajectory reconstruction algorithm are presented on
Figure 2(b), where a plain DREAR trajectory (blue line) and its reconstructed
TREKIE trajectory (green line) are represented. Here the user traversed a long
corridor, which connects two escalators. The outcome of the Viterbi decoding
(Viterbi path) is also represented on the figure. Since TREKIE approximates
better the real path we will get an optimally fitted event sequence between the
detected TAP events (escalator exit event) and the structure of the physical TAP.
This helps to artificially effectuate a dilation on the final, reconstructed trajectory
(green line between trajectory and TAP event), helping to cope with the different
stride length estimations, necessary to properly consider walking on a longer esca-
lator. Therefore, TREKIE’s error cancellation is more efficient than DREAR’s.

The effects of the TAP association on the final trajectory selection can be
observed on Figure 3, where trajectory reconstruction in effectuated for three
neighbouring TAPs (red dashed TAPs), resulting in wrong path reconstruction
qualities (red dashed lines), while the original trajectory represents a better
result (blue line). Fortunately, due to the TAP association step TREKIE selects
the original trajectory instead of the other options, which besides of a more
accurate alignment (TAP events get closer to the actual TAP) it will also provide
a more concise, smaller DR error.

Figure 4 presents a scenario where the walking path starts outdoors
and crosses through two escalators to reach the destination metro platform.
There are two decision points along this path, one at the end of the first hall
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(to find the first escalator), and one after the first escalator, to make a proper
turn, in an intersection, to reach the second escalator, which leads to the desti-
nation platform (left panel on Figure 4). Without position refinements the DR,
error would grow unbounded, leading to inaccurate localization; thus, wrong
navigation instructions would be provided. The question is if the localization
is accurate enough to guide the user to the respective platform and how the
different algorithms are performing in this context. During the measurements
we recorded at specific points a predestined set of positions as ground truth; all
positions on the graphs are related to these points. Thus, we are able to present
the effect of TAPs on the evolution of the localization error. From these mea-
surements we selected three different cases: the users stand still on the first, and
acted differently (walking, standing, mixed movement patterns) on the second
escalator.

On the left figure it can be observed how the trajectory reconstructions of
TREKIE (green lines) and the plain DREAR trajectories (red lines) are related
to each other. In this case the DREAR algorithm also finds the destination
platform, since there is no possibility of TAP confusions, thanks to their type
differences (escalators: grey, stairs: orange). The effect of trajectory reconstruc-
tions on localization error’s evolution can be observer on the right figure. As we
can see, the localization error for the reconstructed trajectories (red lines) is far
below the ones presented by the DREAR algorithm. While at the end of the first
escalator the localization error is reduced consistently to 2 metres, in case of the
second escalator the error cancellation will vary between 1 and 6 metres.

Despite the eventuality to produce huge errors in position refinements (up
to 40 metres for the second escalator) all the cases ended with a controlled and
suppressed positioning error. Without this the raw DR (without DREAR+TR)
would mess up the trajectory, leading to wrong navigation instructions. While in
this case we did not profit directly from the TAP association and event alignment
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Fig. 4. The effect of trajectory reconstruction on trajectory matching

characteristics of TREKIE, since the first escalator was precisely recognized, and
the distance to the second escalator was too short to produce significant DR
errors, it became obvious that trajectory reconstruction can be also helpful for
cases when tracking or map building functionalities must be provided. For such
applications we can guarantee a more precise and realistic user path construction
with less error than in case of a simple DR or even the DREAR algorithm.

5 Conclusions

In this paper we enhanced the approach of DREAR, a mobile-based localization
middleware, which allows to exclude the infrastructural reference points (RF or
visual), hence to provide a completely infrastructure-free localization system.
Our goal was to further improve the context interpretation process, the detec-
tion of user movement activities (e.g. walking, taking stairs, using escalators) and
the selection, association of position refinement points (TAPs) along the users’
trajectories. The proposed solution was thoroughly evaluated in a complex sub-
way system, focusing on different aspects of the trajectory reconstruction and
localization process. TREKIE presents clear improvements related to the per-
formance of DREAR, with promising results and a great potential for real-world
scenarios (e.g. subway stations). As future work we want to consider also the
inclusion of acknowledged heading information in the trajectory reconstruction
process.
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