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Abstract—WiFi-fingerprint localization is recognized as promising indoor localization technique. However, it suffers from high
implementation overhead such as heavy initial training and fingerprint map maintenance over time. In this paper, we present the
design, implementation, and evaluation of AP-Sequence. It is a fingerprint-based localization system that achieves extremely low
overhead in fingerprint map construction and maintenance. AP-Sequence achieves this by treating a scan from any reference locations
as an input to adjust a large portion of the fingerprint map. The power of AP-Sequence comes from dynamic region partitioning
mechanism generating a fingerprint based on relative RSS values. AP-Sequence offers several advantages over existing methods with
respect to robustness against environment noises, ability to handle dynamic power control, and mobile device heterogeneity. We have
implemented AP-Sequence on Android platform. Experiment results with over one month of evaluation demonstrate that our design
achieves an average localization accuracy of 4− 7.6 m over an extended time period with low-overhead in fingerprint map construction
and maintenance.
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1 INTRODUCTION

With the ubiquitous availability of WLAN infrastruc-
tures in most indoor environments [1], [2], [3], [4], [5],
[6], [7], WiFi-fingerprint-based localization becomes one
of the most viable techniques. Other range-based indoor
localizations treat radio signal distortion due to environ-
ment as a major huddle. Unlike them, WiFi-fingerprint-
based localization utilizes this radio signal distortion as
a unique fingerprint of a location.

WiFi-fingerprint localization typically consists of two
phases: a training phase and a fingerprint matching
phase. During the training phase, the fingerprint map
(i.e., the radio map) is constructed by the site survey,
where RSS values from multiple WiFi APs at different
reference points are collected. In the fingerprint match-
ing phase, a user is localized to one of the nearest refer-
ence points by matching the user measured fingerprints
to the recorded fingerprints in the fingerprint map.

These two phases became a standard approach for all
state-of-art WiFi-fingerprint localization. Unfortunately,
these two phases have led to an unresolved dilemma
between achieving better accuracy and lowering im-
plementation overheads for existing WiFi-fingerprint-
based localization techniques. This is due to the heavy
initial training phase to construct the accurate fingerprint
map [5] and the frequent fingerprint map updating [6].
The heavy training involves a large number of ref-
erence points to better represent an area of interest.
Also, maintaining a reliable fingerprint map requires the
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site surveyor to frequently collect RSS scans at every
reference points. In case of heterogeneous devices, it is
impractical to collect RSS scans for all types of devices.
To tackle these technical challenges, several approaches
were proposed [5], [6], [8], [9], [10].

While all of them address one of these challenges very
well, none of them was able to provide a solution that
reduces heavy training while maintaining the reliable
fingerprint map. This is because all of them applied a
rule: one geographical location must be represented by the set
of reference points. Under this rule, it is difficult to provide
a unified solution that could handle all the challenges
simultaneously.

In this work, we present a new direction to WiFi-
fingerprint localization. It does not apply the rule of
reference points for geographical locations anymore. In-
stead, it divides the area of interest into small regions
and directly assign a unique sequence to each region as
a fingerprint. The reference points are used as additional
inputs to adjust the boundaries of the regions. This
paradigm shift allowed us to design a unified WiFi-
fingerprint-based localization system which provides the
reliable localization accuracy and demands low system
overhead.

Our proposed solution utilizes a metric called AP-
Sequence to handle the temporal fluctuation of RSS
and the device heterogeneity and a dynamic region-
partitioning mechanism is designed to reduce num-
ber of required reference locations. AP-Sequence uses
relative RSS differences among various APs. The RSS
difference between two APs is known to be robust
against ambient noises and interferences, indicating a
good tolerance of short-term RSS variation [5], [11]. Also,
it has been shown that device heterogeneity has little
impact on the RSS difference [12]. AP-Sequence remains
relatively stable over long period of time even when
AP transmission power and environment change. The
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rational is that the environment often changes slowly
and only a few APs change their power significantly at
the same moment. Since our dynamic region-partitioning
mechanism reduces required reference points, the fin-
gerprint map gets updated quickly. Consequently, this
reduces the negative impact of long-term RSS variation.
The region-partitioning mechanism divides the area into
small sub-areas by dynamic linear boundaries between
all pairs of APs and each sub-area is associated with a
unique AP-Sequence. As demonstrated in our empirical
experiments, a single or double scanning of APs at few
reference points (covering as little as 10% of the area of
interest) is sufficient to estimate all the linear boundaries
and generate/update the reliable fingerprint map. This
paper makes following contributions by taking these
advantages of AP-sequence as a fingerprint:

• We show a line is a good approximation of a real
boundary between a pair of APs. The boundary is
where relative RSS order between two APs change.

• In our design, we simplify the radio map construc-
tion by partitioning an area into a set of regions and
each region is identified by the unique AP-sequence.
The partitioning is done by the line arrangement. We
further simplify the implementation of radio map
construction by applying affine transformation of
geometric space into dual space.

• We have implemented a AP-sequence-fingerprint
localization system on Android platform. It is a
complete WiFi-fingerprint localization system which
constructs radio map based on the AP-sequence
with no or few site surveying and localizes users
by AP-sequence matching.

• We extensively test accuracy and practicality of AP-
sequence-fingerprint localization system with real
traces that we have collected for over one month.

2 RELATED WORK

WiFi-fingerprint-based localization has attracted inten-
sive attention because of the ubiquitous deployment of
WiFi access points [13], [14], [15], [16], [17]. However,
heavy initial training, handling of temporal fluctuation
of RSS, and device heterogeneity still hinder its wide ac-
ceptance as a practical solution to the indoor localization.

The heavy initial training is the most significant bot-
tleneck of fingerprint-based localization. ZEE [2] and
LiFS [1] present a system that introduces the crowd-
sourcing (participatory) based training data collection
and thus makes the calibration effortless. However, this
still requires RSS scans from all the reference points to
guarantee high localization accuracy. Also, this approach
introduces new challenges — e.g., the device diversity
issue. Attempts were made to reduce the number of
needed reference points. NearMe [18] achieves this by
estimating the distance between a user and reference
points based on their distance model. In [19], a compart-
mental attenuation model for various signal modalities
such as radio, acoustic and visible light is developed to
provide high accuracy for node localization and tracking

in sensor networks. Although the model based approach
reduces the required reference points, the heavy training
is still required to construct the environment-dependent
distance models. EZ [20] is another RF modelling ap-
proach that does not require any calibration. Instead of
manual site survey, it relies on occasional GPS informa-
tion inside the building. However, GPS information can
be completely absent in some buildings or inaccurate
due to poor GPS signal reception. To reduce the initial
heavy training, model-based approach as been proposed
[21]. Zhang et al. proposed a model-based fingerprint-
free localizing which uses a RSSI distribution model
to dynamically divide field into subareas with unique
signature [22]. Although this work eliminates the initial
RSSI sampling to create fingerprints, it still requires
manual deployment of anchors with known hardware
configuration which is not feasible when localization is
required on a large scale.

Another technical challenge is the temporal fluctuation
of RSS [23], [24], [25], due to channel noise, change of
environment, and dynamic power controlling of WLAN.
A large number of RSS scans from every reference point
was used to address this issue in [23], [24], [26]. After
realizing RSSI difference between a pair of APs is more
reliable than absolute RSS values, Rightspot [11] and
FreeLoc [5] proposed more reliable fingerprint localiza-
tion method based on this RSS difference.

All of the above mentioned fingerprint-based localiza-
tion techniques require heavy training of fingerprints for
all reference locations with extensive WiFi scans, because
they all represent the geographical locations with a set of
reference points. Unlike them, AP-Sequence represents
a geographical location with a small region and the
reference points are used for shifting the boundaries of
this region. This allows AP-Sequence to automatically
create and update the fingerprint map based on sparse
reference points. With such a low overhead, we were
able to design a unified WiFi-fingerprint localization
that is robust against the temporal RSS variances, AP’s
dynamic power control, and device heterogeneity. The
idea of using Ap-sequence as location fingerprint has
also been explored in [27], where the area is divided into
regions by cutting the lines connecting APs in the middle
(i.e., bisectors), assuming a universal radio propagation
model. This is similar to the ideal case we present in
Sec. 5. Similarly, IncVoronoi [28] is designed to provide
zero-calibration accurate RF-based indoor localization. It
utilizes the relative relation between RSS values from
two APs and incrementally reduces the user ambiguity
region based on refining the Voronoi tessellation of
the area of interest. However, in practice, partitioning
with bisectors could be unreliable and inaccurate due
to different AP transmission powers and environmental
interferences, as shown in Fig. 4 based on our experi-
ment results. Also, the maintenance of the fingerprint
map (e.g., due to building renovation and (un)installing
furnitures) is not explored in [27], [28].

In the domain of wireless sensor node localization, it
is not a new idea to represent the geographical location
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with a small region (subareas) and mapping unknown
sensors to one of the regions. This is known as a range-
free localization [29], [30]. The range-free localizations
assume homogeneous sensor nodes with same transmis-
sion powers. Therefore, the positions of any bisectors
are fixed at a mid-point between two corresponding
anchors. Unlike wireless sensor nodes, APs are heteroge-
neous in WLAN and WiFi and often their transmission
power settings are unknown to the users. Therefore, the
boundary partitioning two APs is no longer a bisector.
In AP-Sequence, we first obtain new RSS scans from a
surveyor/volunteer at some reference points and, based
on this, we shift the position of bisector automatically to
represent any environment changes such as dynamically
changing transmission power or ambient noises.

3 MOTIVATION

WiFi-fingerprint-based localization needs a fine-grained
fingerprint map, leading to heavy training overhead.
Here we explain the training overhead, as well as the
stabilities and reliabilities of existing fingerprinting met-
rics based on absolute RSS values.
• Heavy Training Overhead. The accuracy of WiFi-

fingerprint-based localization highly depends on the
number of reference points in the space of interest. For
example, Horus [23] uses 172 reference locations in a
68.2m × 25.9m area and RADAR [31] uses 70 reference
locations in a 22.5m × 43.5m area. Typically, every ref-
erence points needs to be characterized by WiFi RSS
values from multiple APs. According to our empirical
experiments, completing the single scanning of all 11
WiFi channels costs about 1–1.5 seconds on Android
platform (e.g. Samsung Galaxy 3, Sony Xperia, and HTC
Rhyme). This means Horus would take at least 172
seconds for constructing its complete fingerprint map.
This is significant initial overhead if we also consider
the travelling time between the reference points as well.
Worse, it is known that a single scanning is not sufficient
to construct the fingerprint map due to short-term RSS
fluctuation and human body blockage [7].

(a) AP1 (b) AP2

Fig. 1: Signal strength histograms from two APs.

• Access Point Dynamic Power Control. Dynamic
power control has been increasingly adopted in ad-
vanced WiFi networks [32], affecting the absolute RSS
values. We have collected RSS values from two APs for
one day, and the histograms of the two RSS traces are
shown in Fig. 1. The multiple peaks are the evidence
of dynamic power control — dynamic power control
changes AP transmission power several times a day. In
practice, however, it is challenging to predict when the

AP power will change because it depends on both the
instantaneous user density and the traffic loads. As a
result, the accuracy of WiFi-fingerprint system can not be
maintained unless the entire fingerprint map is updated
frequently.
• Heterogeneous Mobile Devices. Many existing WiFi

fingerprinting techniques implicitly assume that homo-
geneous devices are used for both the offline fingerprint
map construction and the online localization. In practice,
this is the unlikely case. Different devices may have
different RSS readings even when placed at the same
location. For example, if a Samsung Galaxy 3 was used to
construct the fingerprint map and a user to be localized
is using Sony Xperia, there may be no matching between
the constructed fingerprint map and the real-time user
measurement. Shifting and scaling of the measured RSS
values can not solve this problem since even devices of
the same model may perform differently [33].

Fig. 2: System overview

4 SYSTEM OVERVIEW

In order to simultaneously tackle all the technical chal-
lenges mentioned in our motivation, we propose AP-
Sequence fingerprint localization. Figure 2 illustrates a
high-level application scenario of AP-Sequence finger-
print localization. When a user A wants to know her
location, she first scans the RSS values of APs in her
proximity. For example, the user A scans wireless chan-
nels and observes AP1, AP2 and AP3 with RSS values of
−42 dBm, −65 dBm, and −72 dBm, respectively. Based
on the relative difference between RSS values of the
three APs, the AP-Sequence of <1, 2, 3> is generated.
Essentially, it is an ordered sequence of APs from high to
low in terms of RSS strength. Then the user A uploads
AP-Sequence <1, 2, 3> to AP-Sequence fingerprint map
server for localization. The AP-Sequence of <1, 2, 3>
is compared to AP-Sequence fingerprint map and she is
ultimately localized to a region associated with the best
matching AP-Sequence.

Two challenges need to be addressed for the AP-
Sequence fingerprint localization: AP-Sequence finger-
print map construction and AP-Sequence matching.
• AP-Sequence fingerprint map is constructed by

partitioning the area of interest into a set of small
regions. To partition the area, the locations of APs are
required, which are readily available in most commer-
cial and industrial buildings because their locations are
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often predetermined by WLAN infrastructure designers
for maximizing AP coverage and link connectivity. AP
manufactures such as ProCurve Networking by HP [34]
and Cisco [32] normally provide guidance to assist in
determining the optimal AP locations. Even in the case
where the AP locations are unknown, there are many
effective solutions to localize those APs in practice [35].
• For AP-Sequence matching, we adopt a novel se-

quence matching algorithm that takes the stability of
measured RSS values into consideration [5]. This algo-
rithm essentially quantifies the robustness of the mea-
sured AP-Sequence against noise and interference, which
outperforms mechanisms such as the classic Longest
Common Sequence [36].

Next, we provide the details of radio map construction
and localization by AP-sequence.

AP 1
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RSS 2 (r')>RSS 1 (r')
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r
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RSS2(r)>RSS1(r)
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(b) Partition into 6 regions

Fig. 3: Bisector-based area partition

5 AP-SEQUENCE FOR THE IDEAL CASE

The key idea behind AP-Sequence fingerprinting is to
partition the WiFi-covered area into small regions ac-
cording to the relative RSS ordering of APs. Ideally,
the RSS values of an AP are expected to be inversely
proportional to the Euclidean distance between a ref-
erence location and the AP [37]. In this ideal case, if
the two APs have identical transmission powers, the
measured RSS values from these two APs on the bisector
of the line connecting these two APs are also identical.
This implies that an area with two APs can be cut into
two distinct regions by a bisector line and each region
has a unique AP-Sequence. However, this bisector-based
partitioning approach may not work well in practice
because radio signals are subjected to multipath fading
and environment noises. In addition, the transmission
powers of different APs may also vary over time, and
are dynamically adapted by the network controller to
maximize bandwidth and coverage.

For presentation clarity, we first describe how to
construct the AP-Sequence-based fingerprint map in an
ideal scenario where all APs possess equal transmission
powers and the received RSS at a receiver is strictly
inversely proportional to Euclidean distances to the cor-
responding APs. In the next section, we present effective
and efficient techniques to construct the fingerprint map
with accurate AP-Sequences in practice, which handle
practical issues such as dynamic power control, signal
noises and heterogeneous devices well.

Let us consider an area covered by multiple APs. Any
location in this area receives periodic beacon messages
from a set of nearby APs. In an ideal scenario, the
area can be partitioned into several distinct regions by
bisector lines that connect different pairs of APs. For
example, consider an area S that is covered by AP1

and AP2, as illustrated in Fig. 3(a). S can be partitioned
into two distinct regions S1 and S2 by the bisector B12

of the line that connects AP1 and AP2. Let RSSi(r)
denote the RSS value of APi measured at location r, then
RSS1(r) > RSS2(r) is expected to hold for any r ∈ S1

because the distance from r to AP1 is always shorter
than the distance from r to AP2. Similarly ∀r′ ∈ S2, we
have RSS2(r′) > RSS1(r′) in the ideal scenario.

Aided with the above-mentioned bisector-based par-
titioning in the ideal scenario, we are able to partition
an area with n APs into at most O(n4) regions [38]. In
our experiment with 15 production APs, we are able to
partition a 22m×107m area into 947 distinct regions. For
instance, Fig. 3(b) shows an area that is partitioned into
six distinct regions by the bisector lines connecting each
pair of three APs. To reflect the order of RSS values from
different APs in each partitioned region, we define AP-
Sequence in each region by an AP string. Each element
in the string represents a specific AP, ordered from the
strongest to the weakest RSS (from left to right). For ex-
ample, the AP-Sequence <1, 2, 3> in region A of Fig. 3(b)
indicates that any location p residing in A will experience
the received RSS in the order of AP1 > AP2 > AP3. The
list of AP-Sequences for all partitioned regions is defined
as an AP-Sequence fingerprint map, which will be used in
the localization phase.

6 AP-SEQUENCE IN PRACTICE

In the previous section, we have discussed the basic idea
behind partitioning the area using bisectors and assign-
ing AP-Sequences to the partitioned regions. However,
partitioning with bisectors in practice could be unreliable
and inaccurate due to different AP transmission pow-
ers and environmental interferences. In this section, we
present a novel design that efficiently identifies reliable
AP-Sequence in practice with a few (organic) reference
training locations.

The objective of area partitioning is to identify regions
with which the strengths of RSS received from all APs
in the area can be ordered in a reliable way. To precisely
identify such regions in practice, RSS values of APs
must be collected from every possible locations, which is
clearly impractical due to the heavy training overhead.
In our design, the identification of these regions is ac-
complished by identifying (i) the shape of boundary that
defines any two adjacent regions, and (ii) the locations
of such boundaries.

6.1 Partitioning with Line Boundaries

Unlike the ideal case, when AP1’s transmission power
P1 is different from AP2’s transmission power P2, the
boundaries of regions may no longer be bisectors. To
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Fig. 4: Experimental results illustrating an area partitioned by a linear region boundary. The two triangles represent
AP locations and the grey line denotes the boundary line. Squares and diamonds are reference locations presenting
relative RSS differences among two APs.

determine the shape of boundaries in realistic indoor
environments in a reliable and accurate manner, we have
conducted extensive measurements in a 25 m × 25 m
area with a complex floor plan and diverse setup of
office furniture. Within the area, there are 122 testing
locations and 20 APs, with an average distance between
adjacent testing locations of 1 m. At each testing location,
we collect RSS values from all APs. For a pair of APs
(APi and APj), the testing locations can be categorized
into two sets based on their received RSS values. For
any reference location r, if RSSi(r) > RSSj(r), they
are represented as the squares. Similarly, any location
r with RSSj(r) > RSSi(r) is represented as diamond.
Figure 4 shows such categorization for two pairs of
APs in our measurements. To validate whether lines
are appropriate approximation of region boundaries, we
use support vector machine to obtain a line that best
classifies two sets of reference locations. We can see
that the boundaries of regions for any AP pair can be
reasonably approximated by lines in general. In our

0 10 20 30 400
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0.1

0.15

0.2

Number of misclassified locations

PD
F

Fig. 5: Number of misclassified reference locations
measurements, the classification of the 122 reference
locations is performed with a total number of 190 APs
pairs, and the distribution of the misclassified locations
obtained throughout these measurements is shown in
Fig. 5. We can see that only about 10 reference locations
are located on the wrong side of the linear boundary on
average.

These measurements show that even with different AP
transmission powers and factors such as obstacles and
multipath effect, we can still use lines to approximate
the boundaries of the partitioned regions. However, as
can be observed, these lines are no longer the bisectors
of the AP pairs anymore.

6.2 The Location of Boundary Lines

Our design in determining the location of region bound-
ary lines is motivated by the observation that when
the transmission powers from APs are different or the
RF noises are different due to environment factors, the
location of lines defining the region boundaries have
to be shifted to reflect the actual AP-Sequence in each
region. For example, if the transmission power of APi

becomes greater than that of APj , the boundary line B̂ij

is more likely to be closer to APj than APi
1.

6.2.1 Boundary Lines and the Measured RSS

In our system, we utilize the RSS values measured at a
few reference locations to identify the correct location of
the region boundary lines. The possible location of the
region boundary line can be inferred from the measured
RSS values at the reference locations. Let us consider the
example shown in Fig. 6(a). The measured RSS values
from a reference location r are RSS2(r) > RSS1(r),
therefore the reference location r should belong to a re-
gion with AP-Sequence <2, 1>. Consequently, the region
boundary line should be above r.

In general, RSS measurements at a single reference
location are able to infer the location of multiple region
boundary lines, because multiple APs can be scanned
at the same reference location. Consequently, a few ref-
erence location measurements are able to determine the

1. For notation clarity, we use Bij to represent the bisector of APi

and APj in the ideal case, and use B̂ij to denote the boundary line in
practice.
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Fig. 6: Infer the location of the boundary line with dual
space transformation.

boundary lines to reflect the real-time fingerprint map
with AP-Sequence. Our experiment results demonstrate
that effective fingerprint map updates and promising
localization accuracy can be achieved with as few as 5–10
reference locations for an area over 2100 m2.
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Fig. 7: Estimate the boundary line location

6.2.2 Dual Space Transformation

The measured relative RSS values from APs at individual
reference locations can be treated as a constraint on the
region boundaries. In the example shown in Fig. 6(a),
this constraint is that the boundary line has to be located
above the reference location r. In this way, the problem
of identifying the location of the region boundary line
can be formulated to find a line in the Euclidean space
B̂i,j : y = ax + b, which satisfies all these constraints.
This 2-D search (i.e., with regard to two parameters a
and b) imposes significant computation overhead to the
localization system, because the entire space may need
to be searched in the worst case, i.e., a, b ∈ (−∞,+∞).

We apply the dual space transformation technique [38]
on the area of interests to reduce the complexity. Dual
space transformation is often used in computational
geometry to reduce the search complexity in Euclidean
space. Specifically, the dual space transformation in this
work transforms the reference locations into lines. As
a result, the search for the boundary line in the 2-D
Euclidean space can be simplified to search for a point
in the dual space and accomplished in O(n2) time, as
we will see later in this section.

Specifically, the lines and reference locations are trans-
formed as follows in the dual space and vice versa.

Euclidean Space Dual Space

Bij : fij(x) = ax+ b ←→ βij : (−a, b)

ri : (xi, yi) ←→ αi : w = xi · v + yi (1)

Figure 6(b) shows an example of the dual space
transformation for the scenario in Fig. 6(a). The original
bisector B1,2 : f1,2 = ax + b and the reference location
r(x1, y1) are transformed to a point (−a, b) and a line
w = x1v + y1 in the dual space respectively.

An important property of this dual space transforma-
tion is that it preserves the proximity relationship, i.e., if
a line is below/above a reference location in Euclidean
space, then its transformed point in the dual space is also
below/above the transformed line from that reference
location. In Fig. 6, because the boundary line should be
above r in the Euclidean space, we know the point in
the dual space corresponding to the region boundary
line should be above (−a, b) as well.

6.2.3 Identify the Boundary Lines in the Dual Space

The proximity property of dual space allows us to easily
determine a feasible boundary line under the constraints
imposed by the measured RSS values.

Let us take Fig. 7(a) as an example, where three
reference locations (r1 = (0.5, 0.5), r2 = (1, 2), and
r3 = (3, 1.5)) exist in an area covered by two APs. If the
received signal strength at reference location r1 satisfies
RSS2(r1) > RSS1(r1), then the boundary line should
be above r1. Similarly, as the measured RSS at r2 and r3
are RSS1(r2) > RSS2(r2) and RSS2(r3) > RSS1(r3), the
boundary line should be below r2 but above r3. Then the
dual space transformation is performed to identify the
location of the region boundary.

Figure 7(b) shows the dual space transformation re-
sults. According to Equation (1), the three reference
locations are mapped to

r1 : (0.5, 0.5) ←→ α1 : w = 0.5v + 0.5,

r2 : (1.0, 2.0) ←→ α2 : w = v + 2,

r3 : (3.0, 1.5) ←→ α3 : w = 3v + 1.5.

According to the proximity property of dual space, if
the boundary line y = ax + b is located above r1 in the
Euclidean space, its transformed point (−a, b) in the dual
space must also be above the line α1 in the dual space.
Similarly, (−a, b) must be below line α2 and above α3.
This is represented in Fig. 7(b) as the shaded polygonal
area. Then we estimate (−a, b) as the polygon centroid,
which can be obtained by existing algorithms [39]. Fi-
nally we remap (−a, b) to the Euclidean space and the
region boundary line is obtained.

In a system with n reference locations, we need a
computation time of O(n) to transform the n sets of
measured RSS values to the constraints on the region
boundary lines, and another O(n) time is needed to
transform the reference locations to the corresponding
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lines in the dual space. Then based on these mapped
lines in the dual space, a time of O(n2) is needed to
identify the points in the dual space that define the
polygon in which (−a, b) is located (e.g., the shaded area
in Fig. 7(b)). Finally, an O(n) time is needed to identify
the polygon centorid [39]. As a result, we can identify
the boundary of the regions formed by two APs with a
time of O(n2). Fortunately, the total number of regions
in the fingerprint map is bounded by O(m4), where m
is number of APs [30]. Therefore, the region-partitioning
algorithm has polynomial time running complexity.

AP1

AP2

r1

r2

1 2

1

2

-3 -2

1

2

Euclidean Space Dual Space

3 3

-13 00

a 1: w = 0.5 v + 0.5

(b)

r3

(1,2)
(3,1.5)

(0.5,0.5)

RSS2 (r  )1>RSS 1(r  )1
RSS1 (r  )2>RSS2(r  )2
RSS1(r  )3>RSS2(r  )3

a 2: 
w = 

v +
 2 a 3:

 w
 =

 3
 v

 +
 1

.5

(a)

Fig. 8: A case where no boundary line satisfying all
measurements exists.

Because lines are essentially an approximated repre-
sentation of the region boundaries, it is possible that a
boundary line y = ax+b satisfying all the measurements
does not exist in practice. Figure 8 illustrates an example
of such conflictions, where the received RSS values show
that RSS1(r1) > RSS2(r1), RSS2(r2) > RSS1(r2), and
RSS2(r3) > RSS1(r3). These indicate that the boundary
line y = ax + b should be located below r1, above r2,
and above r3. Transforming the three constraints into the
dual space, we have the three shaped area as shown in
Fig. 8(b). To identify the region boundary line satisfying
all the three constraints, we need to find a point in the
dual space that is covered by all these regions, which
clearly does not exist in this example.

It is easy to detect such conflicts in the dual space. For
a particular region boundary, if there is no overlapping
area that satisfies all the measurements, the conflict has
occurred. To resolve this conflict, we first identify all the
overlapping regions in the dual space that are formed
based on the RSS measurements from more than one
reference locations, and then use the number of reference
locations as the weight of these regions. Finally, we select
the center of mass of all these weighted regions as our
best approximation of (−a, b). Note we can continuously
improve the area partitioning when new reference loca-
tions become available.

7 SYSTEM IMPLEMENTATION

AP-sequence fingerprint localization system is running
on a server and the user application is implemented
on Android devices. The server performs AP-Sequence
assignment, localization, and fingerprint map-update.

The user application scans RSS and upload it for local-
ization and it also search for any RSS peak as an organic
landmark.

7.1 Region Partitioning

The location information and SSIDs of APs, which are
required to construct AP-Sequence fingerprint map, were
provided by our campus IT managers. We first use this
information to generate bisector lines for every pair of
APs on the area of interest by the method introduced
in Section 5. Initially, site surveyors collect RSS read-
ings near the APs. Based this initial measurement set,
we apply the dual space transformation (described in
Sec. 6.2.2) to obtain the boundary lines, and thus the
area is partitioned into a set of regions.

(a) Partitioned area

A:

B:

C:

D:

E:

F:

G

<1,2,3>

<3,1,2>

<2,3,1>

<3,1,2>

<
2,

3,
1>

<
1
,2

,3
>

<1,3,2> <3,2,1>

<2,1,3>

(b) Divide G further

Fig. 9: AP-Sequence assignment example

7.2 AP-Sequence Assignment

After partitioning the area into regions, we assign an
unique AP-Sequence to each region according to the
relative position of the region to each of its boundaries.
As shown in Fig. 9(a), the reference location r has an
AP-Sequence of <1, 2, 3> because in the corresponding
region A, we have RSS1(r) > RSS2(r), RSS1(r) >
RSS3(r), and RSS2(r) > RSS3(r) by checking the
relative position of r for each of its boundary lines. We
can assign AP-Sequences to other regions (e.g., regions
B-F as shown in Fig. 9(a)) in a similar manner, except
for region G. In region G, we have RSS1(r) > RSS2(r),
RSS2(r) > RSS3(r), and RSS3(r) > RSS1(r), which
is a conflicting sequence. Such conflicted regions exist
because these regions are not partitioned in an exact
manner, i.e., region boundaries are approximated by
lines. We handle each conflicted region by first dividing
it into non-conflicting sub-regions, and then assigning
AP-Sequence to each sub-region. Specifically, for each
sub-region, we assign it an AP-Sequence that is identical
to the one assigned to its adjacent non-conflicting region,
as in Fig. 9(b). Because all the regions are always convex
polygon, the conflicting regions can be divided into a
set of triangles by first identifying the centroid of the
region and then connecting every vertex of the region to
its centroid. Each triangle must share an edge with one
adjacent region so that each triangle can use the AP-
Sequence of its adjacent region.

To validate the higher stability of AP-Sequence over
traditional absolute RSS based fingerprinting, we collect
RSS values from 8 APs for a period of about 30 minutes
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with a sampling frequency of 0.25 Hz. For the absolute
RSS based fingerprinting, we refer the fingerprint as
changed if the difference between two consecutive RSS
values from either of the two APs is larger than the
threshold value. On the other hand, we refer the AP-
Sequence based fingerprint as changed if the relative
order of the RSS values from a reliable AP pair are
changed for two consecutive samples. The stability of
the two fingerprinting mechanisms is shown in Fig. 10,
where the dash blue line indicates duration of AP-
Sequence. We observed that the duration of absolute RSS
based fingerprint was less than 10sec while AP-Sequence
lasted more than few hundreds of second. It is interesting
to note that increasing the threshold value increases
the duration of AP-Sequence linearly. In contrast, the
average length of AP-Sequence decreases fast. Its length
reduce to 40% of its original length when the threshold
increase to 10dBm. The original length of AP-Sequnce
is eight since 8 APs were used for this experiment. The
length of AP-Sequence affects the localization accuracy
so we used 10dBm for the threshold value during our
evaluation.

7.3 Localization using AP-Sequence

After assigning an AP-Sequence to each region, we now
present a novel localization scheme that utilizes such
assigned AP-Sequences. With the assigned unique AP-
Sequence of each region, to determine a user’s location,
we first obtain a measured AP-Sequence by comparing
the RSS values among different pairs of APs. (simi-
lar to how we assign an AP-Sequence as discussed
in Section 7.2). Then the location is estimated to be
at the center of the region with the AP-Sequence that
most closely matches to the measured AP-Sequence. A
straightforward approach is to apply sequence matching
algorithms such as longest common sequence. However,
these approaches may not generate reliable localization
as they do not consider the stability of measured RSS,
especially when only one single scan is available.

To achieve stable and effective localization, we present
a novel sequence matching scheme that takes real-time
RSS variations into consideration. Even though RSS val-
ues are not stable over time, our empirical experiments
show that the AP-Sequence of an AP pair typically
remains stable if their measured RSS difference is greater
than 10 dBm. Similar observations are reported in [5],
[40]. Therefore for a given AP pair, if their measured
RSS difference is greater than 10 dBm, we define it
as a reliable AP pair. Our sequence matching scheme

compares the number of reliable AP pairs appeared in
the AP-Sequence of individual regions.

Figure 11 illustrates an example on the AP-Sequence
matching with two users. The area is partitioned into
regions and each assigned an AP-Sequence. The RSS
values of each AP measured by user A and B are shown
in Fig. 11(b). For APs that cannot be scanned at a
reference location, we use a low RSS value of −120 dBm
to complete the sequence. For user A, her reliable AP-
Sequence pair is {(2, 1), (2, 7), (2, 3), (2, 5), (2, 4), (1, 7),
(1, 3), (1, 5), (1, 4), (7, 4), (3, 4), (5, 4)}. Then we match
these individual AP pairs to the regions. The region
with AP-Sequence <2, 1, 7, 3, 5, 4> contains 12 matching
AP pairs, while regions with AP-Sequence <1, 2, 7, 4,
5, 3>, <1, 2, 7, 3, 5, 4>, <1, 7, 2, 3, 5, 4>, and <2,
1, 7, 4, 5, 3> contains 9, 11, 10, and 10, respectively.
Therefore user A is localized to the center of region
<2, 1, 7, 3, 5, 4>. It is possible that a user may have
multiple best matching regions. For example, user B’s
reliable AP pairs are {(2, 7), (2, 4), (2, 5), (2, 3), (1, 7),
(1, 4), (1, 5), (1, 3), (7, 3), (4, 3), (5, 3)}, and both regions
with AP-Sequence <1, 2, 7, 4, 5, 3> and <2, 1, 7, 4, 5, 3>
contain 11 matching pairs. To resolve this conflict, we
localize B to the center of the two regions.

7.4 Fingerprint Map-Update

Channel quality and transmission powers of APs change
overtime. Because of that, the fingerprint map also has to
change overtime. Since our fingerprint map construction
requires only a small number of reference locations, a
site surveyor can periodically collect RSS scans from a
few random reference locations. Alternatively, we can
leverage the participatory-sensing-based approaches [1],
[2], where participators upload their RSS scans along
with their ground truth locations. This is a fitting ap-
proach for updating our fingerprint map since device
heterogeneity has almost no effect on our localization
accuracy. However, both of these approaches does not
scale well since utilizing the site surveyor for long
period is not cost effective and it is difficult to provide
sufficient incentives to participators for their long term
contribution.

In order to scale, the indoor localization system should
be fully self-contained after the initial setup. To address
this challenges, we utilize the concept of organic land-
marks in our system design. Beside the naturally existing
organic landmarks [3], we also utilized RSS peaks as
another landmark. A distinctive RSS peak can be ob-
served easily when a user walks across the coverage of
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any APs. In Fig. 12, we show the received RSS values
of an AP when a user moves along a trajectory over a
month’s time. The location of RSS peak is very reliable
and unaffected by dynamic power control. Similar obser-
vations have been reported several recent works, such as
Walkie-Markie [41]. Furthermore, the RSS peaks are also
distributed quite evenly since the APs are well spread
over the indoor area. Therefore, using RSS peaks as the
landmarks is effective in fingerprint map-update.

The procedure of map-update follows two phases:
peak discovery and peak scan. In the peak discovery
phase, the site surveyor explores the locations of these
RSS peaks. Generally, one RSS peak is detected for each
AP. But if there are multiple peaks for a same AP only
the strongest peak (one closest to the location of AP) is
used as a landmark. In the peak scan phase, the peak
is continuously searched from RSS scans of all users by
WiFi-Mark Detection [41], while providing the indoor
navigation service to the users. When the peak of some
AP is detected it is compared with stored peak signals of
corresponding APs. If it is a good match the RSS scans
of all APs at that peak location is used in the region
partitioning for updating the fingerprint map. Therefore,
this unsupervised fingerprint map update incurs no
additional cost except for the initial fingerprint map.

8 EXPERIMENT

Experiments are conducted at two different sites I and
II, shown in the Figure 13 and Figure 14 respectively.
These two sites are chosen to demonstrate the effect
of environmental noises on the performance of AP-
Sequence.

For over one month, users with different smartphones
walked around the corridor during both day time and
night time. Each time, they followed same trajectory
to maintain evaluation consistency. Their ground truth
were manually recorded whenever they passed by the
reference points on their mobile application. In the site
I, we found 19 APs (eight of them are private APs) and
total of 365 reference points were regularly placed along
the corridor with interspacing distance of around 1m. In
the site II, we found 29 APs (all are part of one WLAN)
and total of 78 reference points were regularly placed
along the corridor with interspacing distance of around
3m.

For evaluating overhead and reliability of AP-
Sequence, its performance is compared with FreeLoc [5]
and Horus [23]. For many cases, localization accuracy
of Horus is omitted since its performance was nowhere
near comparable to both AP-Sequence and FreeLoc. Each
bar in the figure is an average of 20 random trials and
each error bar is indicating the 90th percentile localiza-
tion accuracy. For comparison fairness, a center of mass
of the top three ranked locations is used as an estimated
position for both Horus and FreeLoc. If the estimated
position is not found we use the most recent estimation
instead.

Our objective here is to show the fundamental perfor-
mance of AP-Sequence fingerprint localization. There are

Fig. 13: Site I is a complex environment with L-shaped
corridor. Grey areas represent private offices and inac-
cessible rooms. Most walls are concretes and bricks

Fig. 14: Site II is an office like environment with almost
straight corridor connecting east and west wing. Grey
areas represent office tables and small rooms. It is mostly
an open space and most of the walls are made out of
glasses and plasterboards.

many position enhancing techniques like time averaging
and limiting feasible positions based on user’s move-
ment. But we did not apply them here since they often
hide the real behavior of core localization techniques.
Nevertheless, such enhancing techniques should be ap-
plied in practice since they would certainly improve the
performance of any indoor localization techniques.

Table 1 shows a default setting of all the experiments,
unless stated otherwise.

TABLE 1: Default Experiment Setting

Configurations Site I Site II
Size of Area 132m × 85m 107m × 7m

Size of Training Points 365/365 78/78
Number of APs 19/19 29/29

Number of Scans 2 2
Localization Time 24 hrs 24 hrs

Device Mi Note 4G Sony LT26w
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Fig. 15: CDF plot showing the number of misclassified
reference locations in AP-Sequence fingerprint map at
both testing sites
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Fig. 16: Site I
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Fig. 17: Site II

• Impact of Calibration. The core motivation of AP-
Sequence is to reduce the overhead in constructing
the WiFi-based fingerprint map. But, low calibration of
AP-Sequence may compromise on accurate modeling
of complex path loss by a set of linear boundaries.
We demonstrate the performance of AP-Sequence by
conducting the experiments in Site I and Site II. In
the experiments, we have observed that radio signals
propagate more irregularly in Site I due to thick walls
and its complex layout. Therefore, as shown as Figure 15,
an average of 11 references in Site I were misclassified by
the linear boundaries calibrated by AP-Sequence. On the
other hand, only about 4 references were misclassified
from Site II. Also, AP-Sequence fingerprint map in site
I contained many larger regions compared to Site II
since many private APs were placed unevenly round
the testing Site I. Clearly, simple layouts like Site II is
favorable to AP-Sequence.

Figure 16 and Figure 17 show AP-Sequence with small
calibration can provide 7.52m average localization accu-
racy at site I and 4.09m average localization accuracy at
site II, respectively. As expected, the localization accu-
racy of AP-Sequence at site I is lower than the site II for
all cases but it could still provide a room level accuracy.

Although AP-Sequence reduces the overhead asso-
ciated with calibration, it is not a calibration-free ap-
proach. Therefore, we compare AP-Sequence with two
calibration-free approaches, Selective-AP [27] and In-
cVoronoi [28], and show the trade-off between small
calibration overhead and expected localization perfor-
mance gain. During the tests, user defined parameters of
Selective-AP and IncVoronoi were manually tuned until
they provide best possible localization accuracy on Site I
and Site II. For example, a constant C used in IncVoronoi
for its obstacle handling was set to 1 on Site I and 0 on
Site II — applying obstacle handling did not improve

IncVoronoi’s accuracy on Site II, likely because many
walls on Site II being the light-partitioning walls rather
than thick concrete walls.

Figure 16(a) and 17(a) show the localization accu-
racy of AP-Sequence, IncVoronoi, and Selective-AP. AP-
Sequence outperforms Selective-AP by up to 33% and
50% on Site I and II, respectively, and outperforms
IncVoronoi by up to 57% on Site II. This is because (i)
Selective-AP assumes ideal path loss model and repre-
sents every boundary between each pair of APs as a
bisector, and (ii) IncVoronoi handles obstacles only as
good as the building layout information. However, RF
signal undergoes complex path loss even in environment
like Site II, which is of many open space and with
only light partitioning between the rooms — consider-
ing walls as homogeneous objects cannot capture such
complex signal path loss. Figure 16(a) shows IncVoronoi
suffers large localization errors as large as 30m, likely
because Site I has many walls with varying thickness and
materials which can not be modeled as a homogeneous
obstacles neither. That said, small calibration is needed
to uncover the effect of dynamic indoor environment on
RF signal propagation, as with AP-Sequence.
• Impact of AP Position Accuracy. Next, AP-Sequence

uses locations of APs in the process of generating AP-
Sequence fingerprint map. Therefore, performance of
AP-Sequence clearly depends on the accuracy of AP
locations. In order to test its effect, Gaussian noise was
added to the location of each AP before generating the
AP-Sequence fingerprint map. Figure 16(b) and Figure
17(b) shows that AP-Sequence is robust against this AP
location error until standard deviation (SD) of Gaussian
noise is larger than 4 (equivalent to noise variance of
16m).

• Impact of Number of Reference Points. In this
experiment, a subset of reference points was randomly
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selected for generating fingerprint maps of AP-Sequence
and FreeLoc. Figure 16(c) and Figure 17(c) show that AP-
Sequence can achieves a localization accuracy of 7.6m at
site I and 5m at site II by utilizing just 11% and 14% of
its total reference points, respectively. Whereas, FreeLoc
suffers greatly when available reference points are low. It
only outperforms AP-Sequence when about 90% of ref-
erence points are available for generating its fingerprint
map. This is expected for FreeLoc since an unknown
position is mapped to its nearest reference point during
its localization phase. Therefore, its localization accuracy
depends on the granularity of reference points covering
the area.

Actually, FreeLoc outperforming AP-Sequence is an
artifact of how localization test was performed. Since
reference points were used for both generating the fin-
gerprint map and testing for localization, FreeLoc could
perfectly localize a position with zero error while AP-
Sequence can never achieves such accuracy since it uses
center of the regions as an estimated position. Therefore,
this type of localization test clearly favors the FreeLoc.
For fair comparison, we made a small modification to
AP-Sequence. Instead of using a center of the region,
we allowed AP-Sequence to use an average location
of reference points as an estimated position if some of
the reference points are present in the region. With this
modification, we noticed that AP-Sequence can always
outperform FreeLoc. This result is not present in the
graph since it is unlikely to happen in practice.

Being able to generate, maintain, and update fin-
gerprint map, is a key feature of AP-Sequence which
differentiates it from the rest of fingerprint-based local-
izations. Therefore, it is ideal to combine AP-Sequence
with crowdsourcing based training techniques such as
ZEE [2].
• Impact of Selected Reference Points. In order

to show the effect of displacement of reference points
used for generating fingerprint map, we built 4 different
fingerprint maps using RSS reading collected from 4
different regions in Site I and Site II. Three fingerprint
maps were calibrated with RSS readings collected from 3
different sets of 20 reference points, each from east wing,
west wing, and centre, respectively. Another fingerprint
maps were calibrated with RSS readings collected from
29 reference points locating closest to 29 APs. This set
is denoted as near APs and it shows an impact of
uniformly distributed reference points since APs are gen-
erally well distributed around the indoor area. Using the
RSS values collected from these four sets of references,
we have generated 4 different fingerprint maps for each
Site I and Site II. Each fingerprint map was evaluated by
applying it to a same a trace file containing RSS value
from every training points for localization.

Figure 18 shows that the displacement of reference
points affects the localization accuracy. When the ref-
erence points were all clustered around the east side
of both sites the average localization accuracy of our
approach was the worst. This is because some APs on
the west wing were never detected at some reference

points on east wing. The center set provides better
localization accuracy than west or east set since the
reference points at the center can detect most of the
APs and their measured signal strengths were generally
strong and unaffected by the channel noise and the mul-
tipath. Uniformly selecting the reference points provides
good localization accuracy on both site. Note that the
the uniform selection, albeit performs the best in the
four reference points distributions, may still suffer from
conflictions — some RSS readings at reference points
from east wing conflict with RSS readings at reference
points from the center, thus obfuscating AP-Sequence to
find the correct locations of boundaries in the fingerprint
map. We will elaborate on identifying the optimal set of
reference points in our future work, as will be explained
in Sec. 9.
• Impact of Size of RSS Scan. The heavy training is

the main overhead of any fingerprint-based localizations
like FreeLoc and Horus. They require a large number
of reference points to cover the area of an interest and
a large number of scans at each reference point for
building an accurate fingerprint map.
To show the impact of number of scans, we collect 1000
WiFi scans from every reference location at site II. The
average RSS and standard deviation are estimated from
those scans and then used to build the fingerprint map
of Horus. The average RSS is used for building the
fingerprint map of FreeLoc and AP-Sequence as well.

Figure 19 shows the effect of number of scans. AP-
Sequence and FreeLoc are almost unaffected by the num-
ber of scans because they both use relative differences be-
tween two RSS values from a pair of APs. Whereas, Ho-
rus uses absolute RSS values. Therefore, its performance
clearly depends on the number of scans. Although Horus
starts to outperform FreeLoc and comparable to AP-
Sequence only when there are more than 250 scans at
every reference point, its localization accuracy reduces
otherwise.
• Reliability of Fingerprint Map Over Time. Per-

formances of any WiFi fingerprint based localization
depends on the environment. Specifically, it depends on
the time of localization, the number of available APs, and
device heterogeneity. To show the impact of the time of
localization, we have conducted experiments for over a
month at site II. The fingerprint map is generated only
once from the RSS scans collected from our initial set of
experiments. The same devices are used for both training
and localization.

Figure 20 shows the performance of AP-Sequence and
FreeLoc at different times. Interestingly, AP-Sequence
maintains its localization accuracy of 4m for about a
week and then reduces to above 6m after a month.
FreeLoc also shows a similar behavior but its accuracy
degrade more gradually after a day (24 hrs). From this
result, it is evident that RSS noises or temporal variation
within 24 hrs period is small and it is not sufficient to
change the relative RSS order of two APs. Therefore,
both AP-Sequence and FreeLoc tolerates the temporal
variation for about a week.
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Fig. 22: Impact of heterogeneous devices.

We have also observed that transmission powers of
some APs are automatically adjusted several times a
day due to dynamic power control mechanism. But
the results shows both AP-Sequence and FreeLoc show
some robustness against this dynamic power control.
The performance of both AP-Sequence and FreeLoc is
effected only when the significant relative ordering of
AP pairs are changed. This means there is a significant
change in the environment or transmission power due
to dynamic power control.

Another noticeable difference between FreeLoc and
AP-Sequence is at time 0 in Figure 20. At this time,
an average localization error of FreeLoc is close to zero.
Whereas, the average localization error of AP-Sequence
is 4.05m. That is when the users are localized right after
generating the fingerprint map. This is expected outcome
since a linear boundary in the AP-Sequence fingerprint
map is only an approximation of a real boundary of
arbitrary shapes. During the process of generating its
fingerprint map, it loses some information about the
radio signal and its correlation to the specific reference
point. But, after just 5 hours later, this benefit fade away
and the average localization error of FreeLoc increase
to 4m. This shows that the short temporal variation of
radio signal has a significant impact on the localization
accuracy of FreeLoc also.

Here we would like to highlight that the performance
of FreeLoc is comparable to AP-Sequence only when
a full set of reference points is utilized for generating
its fingerprint map. In order to maintain its localization
accuracy, FreeLoc would need to update its fingerprint
map daily. This is not a very practical solution since it
would need to train entire reference points again. On the
other hand, AP-Sequence only needs to train about 10%
of reference points to maintain its localization accuracy.

• Impact of Available APs. To show the impact of
available APs in the environment, we randomly re-
moved some APs and averaged 10 random trials for each
case. In site II, 11 APs are from the same floor and 8 APs
are from different floors. APs from different floors are
projected vertically down or up to our testbed. Figure 21
shows the performance of AP-Sequence, FreeLoc, and
Horus under different number of APs. The effect of
available APs is rather significant for all three designs.
When there are 19 APs available, all of them could
maintain the average localization accuracy of 6m and
below. However, when there are less than 10 APs, none
of them could correctly localize the users. One interest-
ing observation is that the performance of AP-Sequence
and FreeLoc is highly depending on the available APs.
When there are enough APs available, its localization
accuracy is better than Horus. On the other hand, when
the number of available APs is low, the performance of
AP-Sequence is the worst. This is because localization
accuracy of AP-Sequence highly depends on the length
of relative ordering of APs. If it is as low as 3, it
can not generate sufficient number of regions in the
fingerprint map which results in a poor performance.
FreeLoc also suffers for the same reason but it is still
able to differentiate one reference point from the other
with a few strong APs. When number of APs increases
above 7 AP-Sequence quickly outperforms FreeLoc since
number of regions in the AP-Sequence fingerprint map
increases exponentially. Horus is better than both AP-
Sequence and FreeLoc in case of low number of APs.
This is because absolute RSS values of same AP can still
be different at different locations due to other channel
effects like multipath and interference.

• Impact of Heterogeneous Devices. To show the
impact of heterogeneous devices, a user carries three dif-
ferent brands of smartphones. The WiFi fingerprint map
is generated using LG Nexus4 smartphone. Figure 22
shows the impact due to heterogeneous devices on the
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three schemes. As seen, the localization accuracies of
AP-Sequence and FreeLoc is almost the same for both
devices while the localization accuracy of Horus is very
different between two devices. FreeLoc can tolerate the
device heterogeneity because it focuses on the overall re-
lationship between RSS from APs rather than individual
RSS values [5]. AP-Sequence can also tolerate the device
heterogeneity due to the same reason as FreeLoc since
AP-Sequence also focuses on the relative RSS rather than
absolute RSS values.

During this experiment, we also observe that the per-
formance of both AP-Sequence and FreeLoc are affected
by which device is used for generating WiFi fingerprint
map. If a device with low antenna sensitivity, like HTC
Rhyme smartphone, is used for generating the finger-
print map, localization accuracy reduces noticeably. This
is because RSS from some APs are not detected by this
smartphone and the effect of it is like having low number
of available APs. In order to test the effect of this, we
have generated a fingerprint map with 4 devices: Sam-
sung Galaxy, HTC One X, MotoXT910, and SonyLT26w.
At each reference location the RSS reading from one of
the device was chosen randomly. In this case, the average
localization of AP-Sequence and FreeLoc were 5.03m and
4.49m, respectively. This result indicates that the effect of
device heterogeneity is negligible as long as a good mix
of devices are used for map calibration.

9 FURTHER DISCUSSIONS

Here we present a few further discussions on AP-
Sequence.
• Limitation. The low overhead of AP-Sequence

is achieved based on the availability of AP locations,
although it does not require their precise locations. AP-
Sequence does not provide a way of identifying the
minimum set of reference locations that is necessary to
achieve certain localization accuracy — it only guaran-
tees a low number of initial calibrations will provide
higher returns in indoor localization accuracy. Also, we
represent the boundaries between pairs as lines, which
may not always hold, e.g., in case of a pair of APs having
large difference in their transmission powers.
• Targeted Market. In the domain of WiFi based fin-

gerprint localization, its initial high overhead and map
maintenance cost was its main draw back. Calibration-
free approaches do overcome this draw back by trading
the localization accuracy or by demanding precise in-
formation about the indoor environment. AP-Sequence
sits between this calibration-free approach and full scale
fingerprint localization with the high overhead. Our
main contribution is that we provide an efficient way of
utilizing the calibration overhead in constructing (and
maintaining) the fingerprint map.
• Future Directions. AP-Sequence achieves low-cost

WiFi fingerprinting. We will further improve it by (i)
exploring the identification of the optimal set of reference
points, whose necessity has been experimentally shown
in Sec. 8, (ii) investigating its potential integration with

state-of-the-art indoor localization techniques such as
[27], [28].

10 CONCLUSION

We design AP-Sequence, a robust metric for fingerprint-
ing in indoor localization, which reduces implementa-
tion overheads while ensuring high localization accu-
racy. A key idea behind AP-Sequence is to use a robust
fingerprinting like the relative RSS differences among
different APs and utilize region-partitioning technique
with AP-Sequence. We implemented an AP-Sequence
based indoor localization and have extensively evaluated
its performance over long-term experiments.
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