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Abstract— In large-scale fingerprinting localization systems,
fine-grained location estimation and quick location determination
are conflicting concerns. To achieve finer-grained localization, we
have to collect signal patterns at a larger number of training
locations. However, this will incur higher computation cost
during the pattern-matching process. In this paper, we propose a
novel discriminant minimization search (DMS)-based localization
methodology. Continuous and differentiable discriminant func-
tions are designed to extract thespatial correlation of signal
patterns at training locations. The advantages of the DMS-
based methodology are threefold. First, with through slopeof
discriminant functions, the exhaustive pattern-matchingprocess
can be replaced by an optimization search process, which could
be done by a few quick jumps. Second, the continuity of the
discriminant functions helps predict signal patterns at untrained
locations so as to achieve finer-grained localization. Third, the
large amount of training data can be compressed into some
functions that can be represented by a few parameters. Therefore,
the storage space required for localization can be significantly
reduced. To realize this methodology, two algorithms, namely
Newton-PL and Newton-INT, are designed based on the concept
of gradient descent search. Simulation and experiment studies
show that our algorithms do provide finer-grained localization
and incur less computation cost.

Index Terms— Discriminant Function, Fingerprinting Local-
ization, Gradient Descent Search, Mobile Computing, Pattern-
Matching Localization, Wireless Network.

I. I NTRODUCTION

Location tracking is a critical issue inlocation-based ser-
vices (LBSs). Although GPS [1] has been widely used, it
has some inherent limitations, such as unavailability in in-
door environments and accuracy concerns. Therefore, many
techniques have been developed by relying on existing wire-
less or telecommunication infrastructures to compensate the
drawbacks of GPS [2], [3]. Thecell-basedapproach [4] is
easy to implement. It is suitable for large-scale environments
and does not incur extra infrastructure cost. However, such
systems typically have accuracy concerns. Themulti-lateration
approach [4] is based on some parametric (propagational)
models to measure distances from signal sources. Such sys-
tems are more accurate when the fading effect can be modeled
accurately. However, in most complex environments, such as
indoor environments, the fading effect is hard to predict.
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In this work, we are interested inpattern-matchinglocaliza-
tion based on the fingerprinting approach, such as RADAR [5].
Unlike those localization methods based on parametric models,
such systems do not rely on pre-knowledge of the locations
of signal sources and do not rely on calculating the signal
fading factor. Instead, such systems rely on atraining phase
to learn the received signal strength (RSS) patterns at a setof
training locations from those signal sources [5]–[12]. These
signal sources, or base stations, can be existing infrastructures,
such as IEEE 802.11, GSM, or WiMAX networks. In the
positioning phase, to locate a mobile device, the RSS pattern
measured by the mobile device is compared against the data
collected in the training phase. Such pattern-matching process
usually incur a lot of computational cost. Concerns of the
pattern-matching schemes include the grain size of training
locations and the time complexity in the positioning phase.
Recently, some works have addressed the grain size issue [10],
[13]–[20]. Naively increasing the number of training locations
is not scalable because both the training and positioning
overheads will increase significantly. To reduce the grain size
of training locations, some numerical methods are proposedto
infer somevirtual training data from real training data. Hence,
the training overhead can be limited to a relatively small
number of real training locations. However, the positioning
overhead is still proportional to the total number of real and
virtual training locations. References [11], [21]–[23] try to
reduce the positioning cost by partitioning the training data
into several subsets, each characterized by ameta-feature vec-
tor. Therefore, most subsets can be eliminated after examining
their meta-feature vectors. However, the grain size issue is not
addressed.

Finer-grained location estimation and quicker location de-
termination are typically conflicting concerns in fingerprinting
localization systems. As far as we know, there is no existing
solution that can meet both goals at the same time. In this
paper, we propose a noveldiscriminant minimization search
(DMS)-based localization methodology, which relies on a
continuous and differentiablediscriminant functionobtained
by some numerical methods to stand for those discrete training
data. In our design, the global minimizer of the discriminant
function is expected to be the real location of the mobile
device. Since the function is continuous, finer location es-
timation can be achieved in an easier manner. Also, the
differentiability property of the discriminant function provides
slope information and thus a search direction in the search
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space. This can greatly speed up the positioning process for
finding an optimizer by a few quick jumps.

Relying on the concept ofgradient descent search, we
design two localization algorithms, calledNewton-PL and
Newton-INT. They differ in their definitions of discriminant
functions. The former is based on a path loss model and the
latter is based on an interpolation technique. The Newton-
PL algorithm is close to a parametric positioning method and
has two main features. First, it is much quicker. Second, it
can extract a few scalars from the training data to represent
the gradients that are needed during the search process. In
fact, these scalars can be computed off-line. So the large
amount of the training data can be significantly reduced to a
few scalars. These features make Newton-PL very suitable for
implementation on those resource-limited portable devices. On
the other hand, the Newton-INT algorithm is close to a pattern-
matching technique and is more complicated in its search
process than Newton-PL. However, it is still more efficient
as compared to the classic pattern-matching techniques andit
is more resilient to the unpredictable signal fading problem
in indoor environments than the parametric positioning tech-
niques. Hence, it is quite suitable for indoor applications.

To evaluate the performance of the proposed algorithms,
we have conducted both simulations and experiments. In our
simulations, we adopt theradio irregularity model (RIM)
[24], which has been shown to be able to better reflect the
physical reality, such as the influence of hardware difference,
non-isotropic propagation, and dynamic signal fading effect.
Besides, we further modify RIM to simulate signal attenu-
ation caused by obstacles. These features, which make the
indoor positioning problem more difficult, are used to test our
schemes. In our simulation study, we tune the parameters of
RIM to evaluate Newton-PL and Newton-INT under different
environmental conditions and investigate the issues of training
grain size, initial point selection, and the cost for building
positioning models. On the other hand, we also implement
a median-scale real environment to verify the correctness of
the proposed algorithms by varying factors such as training
location density and user moving speed. These results prove
that our proposed algorithms do achieve finer-grained and
efficient localization simultaneously.

The rest of this paper is organized as follows. Section II
gives some preliminaries of fingerprinting localization. Sec-
tion III briefly presents the prior arts for finer-grained or
efficient localization. The proposed DMS-based localization
algorithms are in Section IV. Performance studies are in
Section V. Finally, Section VI draws our conclusions.

II. PRELIMINARIES

A fingerprinting localization system generally works as fol-
lows. We are given a set ofbase stationsB = {b1, b2, . . . , bn},
each capable of transmitting radio signals periodically ina
field F ⊆ R

2, and a set of known training locationsL =
{ℓ1, ℓ2, . . . , ℓm} also inF . Each locationℓi is labeled by a 2D
Cartesian coordinate(xi, yi). The system works in two phases.
In thetraining phase, at each training locationℓi, i = 1..m, we
measure the signal strengths from base stations for a periodof

time and create afeature vectorυi = [υi,1, υi,2, . . . , υi,n] for
ℓi, whereυi,j ∈ R is the averaged RSS frombj, j = 1..n. The
feature space ofυi is written asS ⊆ R

n. The set of feature
vectors is collected in a databaseV = {υ1, υ2, . . . , υm}.
In the positioning phase, a mobile device can estimate its
location inF by measuring its RSS vectors = [s1, s2, . . . , sn]
and comparings againstV . The positioning process can be
modeled by a mapping functionloc : (L,V , s) 7→ F , whose
goal is to determine the location of the mobile device inF .
If the returned location is within a finite number of locations
(such as those inL), we regardloc as adiscretepositioning
function. For example, in [5], givens, the Nearest-Neighbor
in Signal Space (NNSS)algorithm suggests a distance function
h:

h(ℓi) = ‖s, υi‖ =

n∑

j=1

√

(sj − υi,j)2. (1)

Then the positioning resultloc(L,V , s) = arg minℓi∈L h(ℓi).
In NNSS, the result is obtained through an exhaustive search,
i.e., everyυi ∈ V is examined. On the contrary, if the returned
location can be any one inF , we regardloc as acontinuous
positioning function. The proposed DMS-based localization
belongs to the continuous category.

III. R ELATED WORKS

Most fingerprinting localization systems adopt a discrete
positioning function. The accuracy of estimated locationsthus
depends on the density of training locations. To achieve finer-
grained localization after training data has been collected, one
may try to generate some virtual training locations from real
ones. There are two approaches. The first one is to build
propagational models [5], [13]–[15]. In [5], [15], an open
space propagational model considering wall attenuation factor
is proposed to estimate the signal patterns at each virtual
training location. However, these models do not consider the
effects of signal reflection. Hence, to more accurately estimate
signal attenuation caused by distinct features in an indoor
environment, a hidden environment model is proposed in [14],
which can measure an adjustment for each virtual training
location according to the spatial relationship between itself and
the surrounding training data. In [13], using building layout
and structure, a ray-tracing approach is proposed to derive
signal propagation considering various possible transmission
paths, including direct and indirect ones. However, such ap-
proaches are still too simple to predict detailed signal fading
and propagation in small areas for positioning purpose.

The second approach is by interpolation, such as linear
interpolation [16], [19], [25], Akima splines interpolation [17],
[20], and Shepard interpolation [18]. Through interpolation,
we can more precisely guess the signal patterns at those
untrained locations by referring to nearby training locations.
However, prior arts related to interpolation do not consider
the computation and storage requirements incurred at the run
time. In this work, we do not try to generate individual virtual
training data. Instead, we define discriminant functions to
represent the search space. Fig. 1 compares our approach
against existing ones. Our DMS-based localization algorithm
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uses the model directly, so the required amount of storage
space can be much reduced. As to be shown later on, it also
significantly alleviates the computation cost in the positioning
phase. Therefore, our scheme is more suitable for large-scale
LBSs.

On the other hand, to reduce the pattern-matching cost,
several solutions have been proposed to partition a large train-
ing set into smallerclusters[11], [21], [22], [26]. Hence, the
computational cost can be restricted to searching a smallerset.
In [22], training locations that see the same set of base stations
with the strongest signal strengths are grouped together. This
technique is easy to be implemented, but it is hard to predict
how many clusters will be generated. In [11], [21], [23],
clustering is done by thek-means algorithm, a widely used
technique to partition a set of objects through an iterative
process. The search effort is then reduced to identifying a
proper cluster and examining only the members of that cluster
(such as by a decision tree [21]). In [26], training locations
are clustered according to their physical locations. Hence,
in a continuous tracking scenario, location search can be
restricted in a set of clusters, including the current cluster
and its neighboring ones. In addition, the clustering technique
is also used in improving positioning accuracy [23], which
proposes to group those more likely training locations together
and choose their centroid as the estimated location. Observing
that building clusters also takes time, [27] proposes to not
cluster in the training phase. Instead, it proposes a spatial
filtering technique to eliminate those training locations too
far away from the current RSS patterns in the positioning
phase. The filtering operation does a rough evaluation between
s and eachυi. This rough evaluation could simply be the
number of different base stations and is thus quite time-
saving. After pruning off most inadequate training locations,
we can conduct a more detailed pattern-matching procedure.
Compared to the clustering approach, this spatial filteringis
still more expensive computationally, but can better adapt
to dynamic environments. Our DMS methodology has the
advantages of both approaches. Through simulation studies,
we will show that our approach incurs even lower computation
cost than clustering in large-scale environments. Further, our
model can be easily rebuilt or modified as the environments
change.
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Fig. 1. Comparison of interpolation strategies.

IV. D ISCRIMINANT M INIMIZATION SEARCH-BASED

LOCALIZATION

To motivate our work, we observe that many existing
pattern-matching localization algorithms [5]–[7], [12],[15],
[17], [18], [25], [28], [29] try to determine locations by
exhaustively searching the setV . This could be very time-
consuming whenV is large. For example, in a wireless city,
thousands or millions of training locations may have to be
searched. To relieve this problem, we may exploit thespatial
correlation of the data set inV in the sense that training
locations in proximity should have similar feature vectors,
while those that are farther away should have a higher degree
of difference. For example, Fig. 2 drawsh(ℓi) for 2,500
training locations in a50 × 50 grid field with eight base
stations around the boundary ands is the RSS at location
(42, 42). We can see that from any location in the field,h(ℓi)
is smoothly decreasing asℓi is closer to(42, 42). Intuitively,
if we useh(ℓi) as the degree of difference betweens andυi,
then the slope between twoℓi and ℓj can guide our search
direction. By exploiting gradient search, we can proceed with
some quicker jumps in areas with steeper slopes, and when
it is closer to the target location with gentler slopes, finer
searches can be conducted. Based on this concept, we design
our scalable DMS-based localization methodology.

The basic idea behind our DMS-based localization is to
construct acontinuousanddifferentiablediscriminant function
f : F 7→ R

+ from the given L, V , and s. We then
apply an optimization search algorithm to find the location
in F that minimizesf . The search algorithm is expected to
quickly find a locationℓest ∈ F that is close to the optimal
location ℓ∗ = argminℓ∈F f(ℓ). Specifically, we will exploit
the gradient descent search[30] to find the optimizer of the
discriminant function. This scheme is an iterative process
which can quickly converge to the minimizer of the given
discriminant function. We propose two possible ways to define
the discriminant function, one based on a path loss model and
the other based on an interpolation technique. However, both
have the continuity and the differentiability properties.

A. Gradient Descent Search

The gradient descent search is a well-known technique to
find the optimizer of a given continuous and differentiable
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Fig. 2. (a) The surface view and (b) the top view of the function h(ℓi)
for all ℓi ∈ L given s measured at (42,42). White arrows denote potential
search directions. Longer arrows mean quicker jumps, whileshorter arrows
mean finer searches.
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objective function [30]. This technique is an iterative search
process. In each iteration, we try to get closer to the optimizer.
Initially, a starting locationℓ(0) is randomly selected. Then, we
computeℓ(i+1), i ≥ 0,

ℓ(i+1) = ℓ(i) + αd(i), (2)

where α is a constant scalar andd(i) is a vector inF .
Generally, the gradient descent search is terminated when one
of the following two conditions is satisfied: (i) the absolute
difference of two successive results is less than a predefined
threshold∆ℓmin, that is,‖ℓ(i+1)−ℓ(i)‖ < ∆ℓmin, and (ii) the
number of iterations reaches a predefined boundimax. The
terminated point, written asℓest, is regarded as the minimizer
ℓ∗ of f .

There are several practices to determine a suitable direction
d(i) for each iterationi. One efficient search technique is
Newton’s method[30]. It iteratively uses the minimizers of
quadratic functions to approach the minimizer of the original
objective function. It assumes that the first and second deriva-
tives of the objective function can be obtained. Hence, we can
calculatef(ℓ(i)), its gradient

∇f(ℓ(i)) =

[
∂

∂x
f(ℓ(i)),

∂

∂y
f(ℓ(i))

]T

, (3)

and its Hessian matrix

∇2f(ℓ(i)) =

[
∂2

∂x2 f(ℓ(i)) ∂2

∂x∂y
f(ℓ(i))

∂2

∂y∂x
f(ℓ(i)) ∂2

∂y2 f(ℓ(i))

]

(4)

for any given coordinateℓ(i) = (x(i), y(i)). According to the
discriminant functionf , given ℓ(i) in the i-th iteration, we
find a quadratic functionqi(ℓ) to approximatef(ℓ) such that
f(ℓ(i)) = qi(ℓ

(i)), ∇f(ℓ(i)) = ∇qi(ℓ
(i)), and∇2f(ℓ(i)) =

∇2qi(ℓ
(i)).

With these constraints, instead of minimizingf directly,
we can minimize functionsqi because they have the same
first-order necessary condition and second-order sufficient
condition [30]. In general, we can define

qi(ℓ) = f(ℓ(i)) +∇f(ℓ(i))(ℓ − ℓ(i))

+
1

2
∇2f(ℓ(i))(ℓ− ℓ(i))2. (5)

According to the first order necessary condition,qi’s minimizer
appears when

∇qi(ℓ) = ∇f(ℓ(i)) +∇2f(ℓ(i))(ℓ− ℓ(i)) = 0. (6)

To satisfy this condition, we letℓ = ℓ(i+1). Hence,

ℓ(i+1) = ℓ(i) −
∇f(ℓ(i))

∇2f(ℓ(i))

= ℓ(i) −∇2f(ℓ(i))−1∇f(ℓ(i)). (7)

The value ofℓ(i+1) is the approximation functionqi’s min-
imizer. However, remember that our goal is to estimate the
minimizer of f . So we need to verify if this value is close
enough tof ’s actual minimizerℓ∗ or not. If the termination
conditions are not satisfied, we generate anotherqi+1(ℓ) at
ℓ(i+1) and repeat this process again. Note that the Hessian
matrix ∇2f(ℓ(i)) may not be positive definite, so the search

direction may not point to a descent direction, implying
that the search process may be divergent. Here, we use the
Levenberg-Marquardt modification [31] to avoid this situation.
The idea is quite intuitive: if the Hessian matrix is not positive
definite, we add a small quantityµiI to it, where I is an
identity matrix andµi is a sufficiently large scalar to make
∇2f(ℓ(i)) + µiI positive definite. To sum up, comparing
Eq. (7) against Eq. (2), we define the search direction as

d(i) = −(∇2f(ℓ(i)) + µiI)−1∇f(ℓ(i)). (8)

Generally, the step sizeα can be changed in every itera-
tion. However, deciding a good step size is time-consuming1.
Hence, we simply use a fixedα = 1 here.

In our localization problem, the discriminant functionf(ℓ)
will represent the degree of dissimilarity betweens and the
feature vector of locationℓ ∈ F . Hence, the minimizer off
will be the estimated location. To apply the gradient descent
search algorithm, this function is required to be continuous and
differentiable. The gradient can be interpreted as the spatial
correlation of locations. Via the direction of gradient, wecan
quickly estimate the most likely locationℓ∗ of the observed
signals. Here, it is worth noting thelocal minimum problem
during our search for the global minimum. Fortunately, this
can be effectively avoided by selecting a good initial point. We
will discuss this issue in Section IV-D. Bellow, we introduce
two designs off .

B. Newton’s Method Using Path Loss Model (Newton-PL)

This design tries to estimate the channel fading. It intends
to model the amount of signal degradation, i.e., path loss, from
each base station at each location inF . In the training phase,
some path loss-related parameters will be computed. In the
positioning phase, a discriminant function will be constructed
according to these parameters and the measureds. From this
function, we estimateℓest as stated in Section IV-A.

We adopt thelog-distance path loss model[32] to formulate
signal propagation. The path loss at a distance ofd can be
written as

PL(d) = PL(d0) + 10φ log(
d

d0
), (9)

whered0 is the reference distance (here we setd0 = 1) and
φ is the pass loss exponent. Hence, the RSS ofbj at ℓ can be
expressed by

Pr(ℓ, bj) = Pt − PL(‖ℓ, bj‖)

= Pref − 10φ log(‖ℓ, bj‖), (10)

wherePt is the transmission power,Pref = Pt − PL(d0) is
the reference power, and‖ℓ, bj‖ denotes the Euclidean distance
betweenℓ and bj in F . To obtain‖ℓ, bj‖, the location ofbj

should be known. This could be obtained by configuration or
by inference from training data [33].

In Eq. (10), Pref and φ are unknown environment- and
hardware-dependent factors. We propose to estimate their

1Some sophisticated strategies can guarantee thedescent propertyby an
additional one-dimensional optimization search to obtaina better step size
[30] (i.e., it satisfiesf(ℓ(i+1)) < f(ℓ(i)) in each iterationi).
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values for each base stationbi independently. Specifically, let
P j

ref andφj be these factors forbj. For each training location
ℓi, i = 1..m, it is expected that

P j
ref − 10φj log(‖ℓi, bj‖) = υi,j . (11)

Let x = [P j
ref , φj ]

T . Putting Eq. (11) fori = 1..m together,





1 −10 log(‖ℓ1, bj‖)
...

...
1 −10 log(‖ℓm, bj‖)






︸ ︷︷ ︸

A

×

[
P j

ref

φj

]

︸ ︷︷ ︸

x

=






υ1,j

...
υm,j






︸ ︷︷ ︸

C

. (12)

By the least-squares analysis [30],x can be measured as

x = [P j
ref , φj ]

T = (AT A)−1AT C. (13)

Note that when‖ℓi, bj‖ is too large, it makes no or little sense
to add the corresponding equation into Eq. (12). In this case,
the correspondingi-th row in A andC can be removed from
Eq. (12). Also, note that the above computation is independent
of s and can be done at the training stage.

Given s, we define the discriminant function as

f(ℓ) =

n∑

j=1

(sj − Pr(ℓ, bj))
2. (14)

Note that in Eq. (14),ℓ is a variable inF . To compute Eq. (2),
we derive

∂

∂x
f(ℓ) = (−2)

n∑

j=1

(sj − Pr(ℓ, bj))
∂

∂x
Pr(ℓ, bj),

∂

∂y
f(ℓ) = (−2)

n∑

j=1

(sj − Pr(ℓ, bj))
∂

∂y
Pr(ℓ, bj),

where

∂

∂x
Pr(ℓ, bj) = −10φj

∂

∂x
log(‖ℓ, bj‖),

∂

∂y
Pr(ℓ, bj) = −10φj

∂

∂y
log(‖ℓ, bj‖). (15)

To obtain the Hessian matrix, we have to compute∂2

∂x2 f(ℓ),
∂2

∂y2 f(ℓ), ∂2

∂x∂y
f(ℓ), and ∂2

∂y∂x
f(ℓ). Eq. (16) shows ∂2

∂x∂y
f(ℓ).

The others can be obtained similarly. The rest of the localiza-
tion process follows as stated in Section IV-A. Complete steps
of Newton-PL are listed in Algorithm 1.

Note that in the positioning phase, no differentiation is
involved in Eqs. (15) and (16) because they are pre-computed.
After receivings, the only job we need to do is to plug-ins
andℓ(i) into Eqs. (15) and (16). Hence, the on-line search job
can be done efficiently. Furthermore, the search complexity
only depends on the number of base stations (i.e.,|B|), but
is independent of the size of the training data (i.e.,|L|). It is
expected that|L| ≫ |B| in most practice.

Fig. 3 illustrates an example using the settings in Fig. 2.
A mobile device is located atℓ∗ = (42, 42). Initially, ℓ(0) =
(35, 12). In each iteration, the gradient and Hessian matrix
are computed to determine the search direction, as shown by
arrows. In this example, Newton-PL only needs 4 iterations
to reachℓ(4), which is very close toℓ∗. Hence, compared to

Algorithm 1 : Newton-PL Algorithm

input : an RSS vectors,
the parameterx obtained from Eq. (13),
the locations of base stations

output: an estimated locationℓest

Select an initial locationℓ(0)1

α← 12

i← −13

repeat4

i← i + 15

Compute the received powerPr(ℓ
(i), bj) at ℓ(i)6

for eachbj (Eq. (10))
Generate the gradient∇f(ℓ(i)) at ℓ(i) (Eq. (15))7

Generate the Hessian matrix∇2f(ℓ(i)) at ℓ(i)8

(Eq. (16))
Compute the search directiond(i) (Eq. (8))9

Jump to the next locationℓ(i+1) (Eq. (2))10

until a termination condition ofℓ(i) is met11

ℓest ← ℓ(i+1)12

return ℓest13

exhaustively examiningh(ℓi) for all ℓi ∈ L, we can expect that
the overall computation cost of Newton-PL in the positioning
phase will be very limited.

C. Newton’s Method Using Interpolation (Newton-INT)

The above Newton-PL scheme has an obvious limitation
that the path loss is likely unpredictable in indoor envi-
ronments. Specifically, Eq. (9) may not be suitable in an
environment with obstacles. Hence, positioning errors will be
propagated to Eq. (14). To relieve this limitation, Newton-INT
adopts theinverse distance weighted interpolation(a.k.aShep-
ard interpolation[34]), a numerical data-fitting approach. Sim-
ilar to Newton-PL, Newton-INT also needs to inferPr(ℓ, bj)

10 20 30 40 50
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ℓ
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ℓ
(1)

ℓ
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ℓ
(4)

Fig. 3. An example of Newton-PL. Locationsℓ(i), i = 0..4, are points
examined by the discriminant minimization search. Arrows indicate search
directions (the last iteration is omitted). The minimizerℓ∗ is shown by a
cross.
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∂2

∂x∂y
f(ℓ) = 2

n∑

j=1

(
∂

∂x
Pr(ℓ, bj)

∂

∂y
Pr(ℓ, bj)− (sj − Pr(ℓ, bj))

∂2

∂x∂y
Pr(ℓ, bj)

)

,

where

∂2

∂x∂y
Pr(ℓ, bj) = −10φj

∂2

∂x∂y
log(‖ℓ, bj‖). (16)

for eachbj from the training data. However, Newton-PL has
fixed parameters once Eq. (13) is computed in the training
phase, but Newton-INT has dynamically changing parameters
in its f(ℓ) as ℓ changes in the positioning phase. For this
reason, thef(ℓ) of Newton-INT can continuously pass through
h(ℓi) at each training locationℓi, e.g.,f(ℓi) = ‖s, υi‖ for all
ℓi ∈ L.

The main idea is to use a weighted function to predict the
signal strength at eachℓ ∈ F . We define the expected RSS of
bj at ℓ as

Pr(ℓ, bj) =
1

∑

ℓi∈L

wi

·
∑

ℓi∈L

(wi × υi,j) , (17)

wherewi = ‖ℓ, ℓi‖
−λ. The term1/

∑

ℓi∈L wi is for normal-
ization purpose andλ is a system parameter (typically,λ > 0).
In our experiments, we setλ to a very small value, say 0.01,
because the adopted Shepard interpolation may generate some
suddenly changing gradients in areas with dense training loca-
tions, resulting in misleading search directions. With a smaller
λ, this can be effectively avoided. Also, Eq. (17) guarantees
continuity and differentiability properties [34]. Note that when
ℓ→ ℓi, we havewi →∞, leading toPr(ℓ, bj) = υi,j .

However, there are two concerns in Eq. (17). First, it has
to refer to all training data to computePr(ℓ, bj), thus causing
high computation cost. To relax this, we can restrictPr(ℓ, bj)
to be influenced only by a small groupNr(ℓ, τ), which is
defined as the set of the firstτ training locations inL nearest to
ℓ, whereτ is a system parameter. Intuitively, we will not refer
to those feature vectors whose training locations are too far
from ℓ. In practice, we setτ = 2 ∼ 5. In our implementation,
we let τ = 2 due to performance consideration. Given any
ℓ, how to quickly identifyNr(ℓ, τ) can be efficiently solved
by spatial indexing, such as R-tree [35], which can perform a
multi-value key search with a few comparisons by a bounding
box concept. For example, in Fig. 4, we can use a bounding
box Box(ℓ) centering atℓ to search nearby training locations.
The queried training locations are sorted according to their
distances toℓ. Such a search is quite efficient because it only
involves two-dimensional spatial queries and the number ofthe
queried training locations are very limited. The search time,
however, still depends on the number of training locations.
Hence, we have to conduct this operation as less frequently as
possible. Toward this goal, several literatures have proposed
efficient ways to search nearest neighbors when queries are
proceeded in a continuous manner [36]–[38]. Here, we propose
a simple strategy. First, we can reuse the bounding boxBox(ℓ)
as much as possible. In the example of Fig. 4, for a new spatial

query atℓ′, we can reuse the training locations in the previous
bounding boxBox(ℓ) if ℓ′ ∈ Box(ℓ). However, in the next
query, sinceℓ′′ 6∈ Box(ℓ), a new bounding boxBox(ℓ′′) needs
to be found. Second, we can adaptively change the size of a
bounding box according to its contents. If it covers more than
2τ training locations, we will shrink it in the next iteration;
on the other hand, we will expand it if it only covers less than
τ training locations.

The second concern in Eq. (17) is that the gradient
∇Pr(ℓi, bj) at each training locationℓi will be zero [39].
This flatness property will result in unexpected termination
of the gradient descent search. To solve this problem, we can
guess an artificial gradient∇Pr(ℓi, bj) = [Gx

i,j ,G
y
i,j ]

T at each
training locationℓi for bj . Several literatures [34], [39] have
addressed this issue. We will build a tangent plane at each
training locationℓi = (xi, yi) as in [34]:

Ti,j(ℓ) = υi,j + Gx
i,j(x − xi) + Gy

i,j(y − yi). (18)

This plane passesυi,j , that is, Ti,j(ℓi) = υi,j . To compute
Gx

i,j and Gy
i,j , we first identify a setNg(ℓi) ⊆ L of training

locations which are within a distance ofǫ from ℓi (e.g.,ǫ can
be 10 meters). For eachℓe = (xe, ye) ∈ Ng(ℓi), we construct
an equation:

Gx
i,j(xe − xi) + Gy

i,j(ye − yi) = υe,j − υi,j . (19)

That is, we expectTi,j(ℓ) to be as closed toυe,j as possible.
Combining theseκ = |Ng(ℓi)| equations leads to






x1 − xi y1 − yi

...
...

xκ − xi yκ − yi






︸ ︷︷ ︸

A

×

[
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Gy
i,j

]

︸ ︷︷ ︸

x

=






υ1,j − υi,j

...
υκ,j − υi,j
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.
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Fig. 4. Reuse of bounding boxes. A query location is marked bya triangle
(△) and a training location is marked by a dot (•).
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By the least-squares analysis,

x = ∇Pr(ℓi, bj) = (AT A)−1AT C. (21)

Finally, we store these derived gradients in a set

T = {(ℓi, υi,j ,∇Pr(ℓi, bj)) | ℓi ∈ L, bj ∈ B}. (22)

With the above modifications, we redefine Eq. (17) as

Pr(ℓ, bj) =
1

∑

ℓi∈Nr(ℓ,τ)

wi

·
∑

ℓi∈Nr(ℓ,τ)

(wi × Ti,j(ℓ)) . (23)

Pr(ℓ, bj) is a function to which we can plug in any value
of ℓ. To computePr(ℓ, bj) quickly, we need to maintain
T in a spatial indexing after the training phase. Then, in
the positioning phase, givens, we can define a discriminant
function similar to Eq. (14), except that nowPr(ℓ, bj) is as
defined in Eq. (23). Following this definition, we can derive

∂

∂x
f(ℓ) = (−2)

n∑

j=1

(sj − Pr(ℓ, bj))
∂

∂x
Pr(ℓ, bj),

∂

∂y
f(ℓ) = (−2)

n∑

j=1

(sj − Pr(ℓ, bj))
∂

∂y
Pr(ℓ, bj),

where

∂

∂x
Pr(ℓ, bj) =

DX
j,1D

X
j,2 −DX

j,3D
X
j,4

DX
j,1D

X
j,1

,

∂

∂y
Pr(ℓ, bj) =

DY
j,1D

Y
j,2 −DY

j,3D
Y
j,4

DY
j,1D

Y
j,1

,

and

DX
j,1 = DY

j,1 =
∑

ℓi∈Nr(ℓ,τ)

wi,

DX
j,2 =

∑

ℓi∈Nr(ℓ,τ)

(

wi × G
x
i,j + Ti,j(ℓ)

∂

∂x
wi

)

,

DY
j,2 =

∑

ℓi∈Nr(ℓ,τ)

(

wi × G
y
i,j + Ti,j(ℓ)

∂

∂y
wi

)

,

DX
j,3 = DY

j,3 =
∑

ℓi∈Nr(ℓ,τ)

Ti,j(ℓ)wi,

DX
j,4 =

∑

ℓi∈Nr(ℓ,τ)

∂

∂x
wi,

DY
j,4 =

∑

ℓi∈Nr(ℓ,τ)

∂

∂y
wi. (24)

Eq. (25) shows how to derive∂2

∂x∂y
f(ℓ). The other second

derivatives ∂2

∂x2 f(ℓ), ∂2

∂y2 f(ℓ), and ∂2

∂y∂x
f(ℓ) can be derived

similarly.
Complete steps of Newton-INT are listed in Algorithm 2.

Line 6 searches the spatial indexingR for those training
locations nearest to a given location. These training locations
will be used to compute the following gradient and Hessian
matrix. Different from Newton-PL, Newton-INT’s discrimi-
nant function is dynamically changed according to the refer-
enced training locations. This makes the computation overhead

Algorithm 2 : Newton-INT Algorithm

input : an RSS vectors,
a spatial indexingR containingT

output: an estimated locationℓest

Select an initial locationℓ(0)1

α← 12

i← −13

repeat4

i← i + 15

Find the nearest neighborhoodNr(ℓ
(i), τ) from R6

Compute the received powerPr(ℓ
(i), bj) at ℓ(i)7

for eachbj (Eq. (23))
Generate the gradient∇f(ℓ(i)) at ℓ(i) (Eq. (24))8

Generate the Hessian matrix∇2f(ℓ(i)) at ℓ(i)9

(Eq. (25))
Compute the search directiond(i) (Eq. (8))10

Jump to the next locationℓ(i+1) (Eq. (2))11

until a termination conditions ofℓ(i) is met12

ℓest ← ℓ(i+1)13

return ℓest14

of Newton-INT higher than that of Newton-PL. However,
Newton-INT is more suitable for indoor environments.

In some cases, the selected setNr(ℓ, τ) may not have
the RSS patterns for a specific base stationbj . That will
make calculating Eqs. (24) and (25) impossible. To solve this
problem, we can just skipbj . Alternatively, we may increase
τ . The third option is to adopt the path loss model in this
situation. We can build the path loss model for each base
station as stated in Section IV-B. If the RSS patterns of
Nr(ℓ, τ) containbj , we apply Eqs. (24) and (25); otherwise,
we apply Eqs. (15) and (16). These strategies can make
Newton-INT more practicable.

D. Discussion

The DMS-based localization has several advantages over
traditional exhaustive search-based schemes. First, it can
achieve fine-grained positioning as long as the corresponding
discriminant functions are continuous and differentiable. This
also reduces the calibration labor cost due to collecting less
training data. Second, as to be shown in our simulation studies,
our algorithms normally run much faster than exhaustive
schemes, especially in large environments. Table I compares
the time complexities of NNSS [5],k-means clustering [11],
Newton-PL, and Newton-INT, whereCPM is the cost to
compare two RSS vectors, andCPL andCINT are the costs to
perform one iteration of Newton-PL and Newton-INT search,
respectively. For a simple RSS comparison, like Eq. (1), the
complexity is only dependent on the number of base stations,
i.e., CPM = O(|B|). Newton-PL’s search costCPL has the
same complexity asCPM , but the iteration boundimax is
usually much less than|L| or k + |L|

k
. Hence, the overall

time complexity of Newton-PL is less than NNSS and k-
means algorithms. As for Newton-INT, its search costCINT

does depend on|L| because its spatial indexing contributes
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∂2

∂x∂y
f(ℓ) = 2

n∑

j=1

(
∂

∂x
Pr(ℓ, bj)

∂

∂y
Pr(ℓ, bj)− (sj − Pr(ℓ, bj))

∂2

∂x∂y
Pr(ℓ, bj)

)

,

where

∂2

∂x∂y
Pr(ℓ, bj) =

∂

∂y

DX
j,1D

X
j,2 −DX

j,3D
X
j,4

DX
j,1D

X
j,1

=
DXY

j,1 DX
j,2 + DX

j,1D
XY
j,2 −DXY

j,3 DX
j,4 −DX

j,3D
XY
j,4

DX
j,1D

X
j,1

− 2
DXY

j,1

DX
j,1

∂

∂x
Pr(ℓ, bj),

and

DXY
j,1 =

∑

ℓi∈Nr(ℓ,τ)

∂

∂y
wi,

DXY
j,3 =

∑

ℓi∈Nr(ℓ,τ)

wi × G
y
i,j + Ti,j(ℓ)

∂

∂y
wi,

DXY
j,2 =

∑

ℓi∈Nr(ℓ,τ)

Gx
i,j

∂

∂y
wi + Gy

i,j

∂

∂x
wi + Ti,j(ℓ)

∂2

∂x∂y
wi,

DXY
j,4 =

∑

ℓi∈Nr(ℓ,τ)

∂2

∂x∂y
wi. (25)

a logarithmic complexity, i.e.,CINT = O(log |L| + τ |B|).
However, in practice, it would perform better than the NNSS
and k-means algorithms as|L| becomes larger. Note that
k-means and Newton-INT may involve a dynamic memory
loading costCDL to load training data from database when
memory space is limited. If memory space is not essential,
loading all data into memory would be more efficient, but the
space requirement will becomeO(|L| × |B|).

The third advantage is on space complexity. As shown in
Table I, the storage requirements of Newton-PL and Newton-
INT are much lower than those of NNSS andk-means
because in most practical applications, we have|L| ≫ |B|.
Interestingly, for Newton-PL, it does not need the training
database during the positioning phase, because it has been
transformed to the parameters of the discriminant function. For
Newton-INT, only those neighboring training data is needed
during the positioning phase. This would be beneficial to
enable positioning by portable devices themselves.

However, our DMS-based solution has an inherent limita-
tion, i.e., the local minimum problem. According to our simu-
lation studies in Section V-A.4, falling into a local minimum is
not rare if the initial point is not selected carefully, especially
in a complex environment. Several literatures have discussed
this issue [40], [41]. Fortunately, for the localization problem,
the local minimum problem can be easily avoided because
in most LBSs, continuous locations are needed, which means
that the previous location estimation can be used as the initial
point of the next gradient search.

Time Complexity Space Complexity

NNSS O(CPM × |L|) O(|L| × |B|)

k-means O(CPM × (k +
|L|
k

) + CDL) O((k +
|L|
k

) × |B|)

Newton-PL O(CPL × imax) O(|B|)

Newton-INT O((CINT + CDL) × imax) O(τ × |B|)

TABLE I

COMPARISON OF TIME COMPLEXITY AND SPACE COMPLEXITIES.

V. SIMULATION AND EXPERIMENT RESULTS

A. Simulation Results

We consider a field of size250 × 250 m2 with 169
base stations placed at(20 × i, 20 × j), i = 0..12 and
j = 0..12, and 2 m above the ground. All of these base
stations will emit signals used for the localization purpose. To
complicate the situation, some vertical and horizontal walls
are given along line segments((20× i, 0), (20× i, 250)) and
((0, 20× i), (250, 20× i)), i = 0..12. Training locations are
at integer grid points, where the grain size is a parameter. At
each training location,50 training data are collected and their
average is taken. We modify the RIM [24] to model RSSs:

Pr(ℓ, bj) = PV SP
t (bj)− PLDOI(ℓ, bj)−

PLWAF (ℓ, bj) + N(0, σ), (26)

wherePV SP
t (bj) is to model the transmit power (which may

vary among different hardware),PLDOI(ℓ, bj) is to model the
path loss (which has non-isotropic and continuous properties),
PLWAF (ℓ, bj) is to simulate the signal attenuation caused by
obstacles, andN(0, σ) is a zero-mean normal random variable
with a standard deviationσ to represent dynamic noise. Signal
sensitivity is bounded bysmin, i.e., anyPr(ℓ, bj) less than
smin is ignored.

In RIM, VSP stands forvariance of sending powerand is
formulated by

PV SP
t (bj) = Pt × (1 + N(0,VSP)) , (27)

where Pt is a constant transmit power andN(0,VSP) is a
zero-mean normal random variable with a standard deviation
VSP. In the beginning of a simulation, each base stationbj

randomly selects itsPV SP
t (bj) as its transmit power.DOI

stands fordegree of irregularityto control the amount of path
loss in different directions and is formulated by

PLDOI(ℓ, bj) = PL(‖ℓ, bj‖)×Ki, (28)

where PL(‖ℓ, bj‖) is the obstacle-free path loss equal to
Eq. (9) andKi is to model the level of irregularity at degree
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i (i = 0..359) such that

Ki =

{

1 if i = 0

Ki−1 ±W (0, β, η)× DOI if i = 1..359
(29)

where |K0 − K359| ≤ DOI and W (0, β, η) is a zero-mean
Weibull random variable with a slope parameterβ and a scale
parameterη. Here, we letβ = 1 and η = 0.1. To model
the complicated partitions in an environment and the related
signal attenuation,WAF stands forwall attenuation factorand
is formulated by [5]:

PLWAF (ℓ, bj) = min(Nobs, Nmax)× WAF, (30)

where Nobs is the number of obstacles (walls) on the line-
of-sight path frombj to ℓ, Nmax is the maximum number of
obstacles which can influencePLWAF (ℓ, bj), andWAF is the
amount of signal attenuation caused by one wall.

A mobile device moving by a random waypoint model is
simulated. It switches betweenmoving and pausing states.
In the moving state, it uniformly selects a destination inF
and moves to it at1 m/sec. After reaching the destination, it
switches to the pausing state and stays there for 3 sec. The
mobile device measures RSS from all base stations every 1
sec. The total simulation time is10, 000 sec. Note that for
simplicity, we assume that the mobile device can walk through
the above obstacles. (Refer to [42] for mobility models which
can route around obstacles.) The default simulation parameters
are Pt = 15 dBm, d0 = 1 m, PL(d0) = 37.3 dBm, φ = 4,
smin = −96 dBm, σ = 3, VSP = 0.2, DOI = 0.01, WAF = 3,
Nmax = 4, ∆ℓmin = 1 m, τ = 2, λ = 0.01, ǫ = 10 m, and
training grain size= 5 m.

We compare our algorithms against NNSS with a spatial
filtering mechanism (denoted as SF-NNSS) and thek-means
clustering algorithm (denoted ask-MEANS) [11], [21]. In SF-
NNSS, it only considers thoseℓi whoseυi contains at least
|s| − 1 base stations ins. If all training locations are filtered
out, we will loosen the condition and considerℓi containing
at least|s| − 2 base stations ins and so on. Thek-MEANS
algorithms is a well-known technique to separate a set of data
into k subsets. It is an iterative process. Each iteration has
a regrouping step and a cluster centroid computation step.
Initially, k cluster centroids are randomly selected from the
feature setV . Then, in the regrouping step, each training
locationℓi is grouped to the nearest cluster by measuring the
distance betweenυi and each centroid. After regrouping, the
centroid of each new-born cluster is calculated by averaging
the feature vectors of all training locations in this cluster.
This process will be repeated until convergence is reached.
During the positioning phase, only the training locations in
the cluster whose centroid is closest tos are compared tos.
Its computation cost depends on two factors:|L| andk. In our
simulation, we setk around

√

|L|.
Two performance metrics are considered: positioning error

and processing time. The processing time is measured by
the actual CPU cycles consumed from the first to the last
positioning tasks (i.e., 10,000 rounds). In our simulation, we
adopt a PC with an Intel Core 2 Qual (Q6600 at 2.40 GHz).

1) Study of Maximum Iteration:For Newton-PL and
Newton-INT algorithms,imax indicates the largest number of
iterations that the algorithms can run. Fig. 5 compares Newton-
PL and Newton-INT under differentimax values. Fig. 5(a)
shows that Newton-INT is quite insensitive toimax in terms
of positioning error. So a smallimax is sufficient. Newton-PL
reaches a stable error afterimax ≥ 50. Fig. 5(b) shows the
incurred processing time. We observe that Newton-INT has
a steeper increasing trend than Newton-PL. This is because
CINT is much larger thanCPL. So we can allow a larger
imax for Newton-PL to converge. Considering both Fig. 5(a)
and (b), we will setimax to 100 and 10 for Newton-PL and
Newton-INT, respectively, in the rest of the simulations and
experiments.

2) Influence of Training Grain Size:In Fig. 6, we vary the
density of training locations. A finer grain size incurs longer
processing time for both SF-NNSS andk-MEANS. However,
changing grain sizes does not have dramatic influence on
Newton-PL. As for Newton-INT, its processing time slightly
increases as the grain size decreases. So the proposed spatial
indexing and search strategy work quite well. In general,|L|
should be quite large, making our DMS-based algorithms more
attractive in terms of computation cost.

As to positioning error, SF-NNSS,k-MEANS, and Newton-
INT all benefit from finer grain sizes because they can better
capture the signal fading trend as more training data is given.
However, without sufficient training data, SF-NNSS andk-
MEANS will be much worse than our algorithms due to
low resolution of training locations. Among all, Newton-INT
performs the best in most cases because it can predict signal
patterns quite well.

3) Parameters of the Radio Model:ParameterDOI is to
control the signal irregularity. As shown in Fig. 7,DOI has
little impact on processing time for all algorithms. However, a
largerDOI incurs a much larger positioning error on Newton-
PL because it makes a strong assumption that the decay of
signals follows a logarithmic function, which usually doesnot
hold in indoor environments. On the other hand, SF-NNSS,k-
MEANS, and Newton-INT are all quite insensitive toDOI in
terms of positioning error. In all cases, Newton-INT performs
the best.

Different fromDOI, parameterWAF is to model the impact
of obstacles on signals. We can expect a dramatic change in
our discriminant function values whenever a wall is encoun-
tered. These steeps increase the difficulty of our search job
because the derived gradients might be unsuitable. As Fig. 8(a)
shows, a largerWAF is a disadvantage to all algorithms. But
Newton-PL is most sensitive to this change. Interestingly,
as compared to Fig. 7(a), sudden changes of signals (WAF)
trouble Newton-INT more than continuous changes (DOI).
On the contrary,WAF impacts SF-NNSS andk-MEANS from
a different angle. A largerWAF reduces the number of base
stations that a device can see. This makes training locations
less distinguishable, thus increasing the positioning error.
This also reduces computation costs for SF-NNSS andk-
MEANS, as shown in Fig. 8(b). Contrarily, the processing
time of Newton-PL and Newton-INT remains quite flat as
WAF increases because less distinguishable environments also
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induce more search iterations.
ParameterVSP is to model the variance of transmission

powers among base stations due to hardware differences. How-
ever, for pattern-matching localization, this factor contributes
little influence because we do not make any assumption about
hardware consistency. Fig. 9 verifies this fact.

In Fig. 10, we conduct evaluations under different noise
levels. Fig. 10(a) shows that all algorithms suffer from higher
noise levels. SF-NNSS andk-MEANS are constrained by the
grain size, so even with low noise levels, their positioning
accuracy cannot be improved much. However, whenσ > 3,
the noise level becomes the major factor of positioning errors.

4) Influence of Initial Point Selection:Here, we select a
random initial point for our DMS-based algorithms and run
multiple “rounds” of localization. The first few rounds may fall
into local minimum areas, and we are interested in observing
how continuous rounds may relieve this problem (each round
uses the positioning result of the previous round as its initial
point). In our simulation, the initial point of the first round is
set to(x∗ + d × cos θ, y∗ + d × sin θ), where(x∗, y∗) is the
actual initial location,θ is randomly distributed in[0, 360),
andd is a normal random variableN(dist, 5). Here, a larger
dist means less knowledge about the initial location of the
target. Fig. 11 illustrates the average error distances from the
1-st to the25-th rounds fordist = 0, dist = 10, dist = 20,
and “random” (in “ random”, the initial point of every round
is randomly selected fromF )2. We observe that Newton-PL
converges quicker than Newton-INT. However, after entering a
steady state, Newton-INT has better accuracy than Newton-PL.
This is because the discriminant function of Newton-PL can
better express a global trend to find where the actual location
is, but is weaker in expressing the detailed signal patternsin
small regions.

Although the initial point of the current round can be set
to the estimated location of the previous round, the user’s
moving speed may worsen the problem. When the speed is
high, the adopted initial point may already deviated a lot
from the user’s current location. From Fig. 12, we see that
Newton-PL and Newton-INT both suffer from higher moving
speeds. However, this is not the case for SF-NNSS andk-
MEANS. Fortunately, moving speed over 5 m/sec is already
quite unlikely for pedestrians.

5) Model Building Time: Here, we study the (off-line)
cost to build a localization model. Rebuilding the model
is needed when the environments or the locations of base
stations change. SF-NNSS takes a lazy strategy, so it has
no building cost (except collecting training data). Fig. 13
compares the model building time under different training
grain sizes. Newton-PL can calculate its path loss model very
quickly, so it has the lowest cost. Newton-INT is about two-
order more costly than Newton-PL, but is about one-order
less costly thank-MEANS. Although both Newton-INT and
k-MEANS are more costly than Newton-PL, they have a
difference. Thek-MEANS algorithm is an iterative process.

2Note that each value in Fig. 11 represents the average of multiple
simulations, including those encountering and not encountering the local
minimum problem. However, accurately distinguish these two situations by
programs is difficult, if not impossible.
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Fig. 12. Simulation studies of positioning error under different moving
speeds.

When an environment changes, it has to repeat the iterative
process again. However, the spatial indexing in Newton-INT
allows us to add or delete training data easily.

B. Experiment Results

Next, we further verify our results in a real median-scale
environment, as show in Fig. 14. Training data are collected
through Atheros AR5007EG NICs from 124 training locations,
each separated by 2 m, in the public corridor. At each training
location, 50 samples are collected at a sampling rate of7 ∼ 9
samples per second. Since this building is heavily deployed
with WiFi APs, each sample contains about 30 base stations
in average. Overall, we discover 131 base stations. However,
locations of these base stations cannot be precisely identified
since this environment is not strictly controlled. We cannot
even identify their hardware specifications. We also collect
data at 117 testing locations, each separated by 1 m, for testing
purpose (along the dotted line in Fig. 14). In our experiment,
we evaluate a user walking back-and-forth between the two
ends (A© and B©) of the corridor. Whenever a testing location
is traversed, one random pattern from that location is picked.
This brings some randomness to walking traces. Below, we
only measure the positioning accuracy. The processing timeis
relatively underrepresented because the testing environment is
not large.

Fig. 15 draws positioning error against the amount of
training data (we randomly pick some percentage of the 124
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Fig. 13. Simulation studies of model building time under different training
grain sizes.
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Fig. 9. Comparisons of (a) processing error and (b) positioning time under differentVSP values.
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Fig. 11. Simulation studies of convergence rate of (a) Newton-PL and (b) Newton-INT when the initial location of the firstround is randomly selected.

training locations for experiment; note that this also makes
the pattern of training locations irregular). Naturally, the error
reduces as there are more training locations. Newton-PL per-
forms the worst because correctly predicting path loss is hard.
Through real tests, we find that signal quality can be easily
interfered by room partitions and moving people. Besides,
the locations of base stations are estimated from the given
training data, resulting in further errors. This result confirms
our intuition that propagational models are not suitable for
indoor localization. Overall, Newton-INT has the smallest
positioning error (below 2 m even if we pick 10% of training
locations). The results generally conform to Fig. 6(a).

Fig. 16 further tests the impact of moving speed. In Fig. 15,

we sequentially choose testing locations betweenA© and B©,
each separated by 1 m. Here, we adopt the same trace, but pick
testing locations with some gap. This gives a higher moving
speed. Fig. 16 shows the result. Moving speed does not have
much impact on positioning error, except Newton-PL. The
results generally conform to our simulation results in Fig.12,
except that Newton-INT is quite insensitive to moving speed.
One possible reason is that our experiment environment is not
as complex as the simulation environment because the traces
do not cross walls.

VI. CONCLUSIONS

In this paper, we have presented a novel DMS-based lo-
calization methodology. It is scalable to large environments
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Fig. 15. Experiment results of the positioning error under different amount
of training data.

for three reasons. First, it does not scale or scales up at a
slower speed with the increase of training locations. Most
time-consuming work can be done off-line at the training
stage. The on-line positioning work is quite lightweight. Sec-
ond, DMS-based localization has higher positioning accuracy
due to the continuity property of the discriminant functions.
Third, its space complexity for gradient search is quite low
because training data can be abstracted by a few scalars of
the discriminant function at the off-line stage. We believethat
these are enabling features of large-scale LBSs [43]. Future
research directions may include:

• Development of more efficient discriminant functions.
• Dynamic adjustment of the parameters of discriminant

functions when part of the training data is changed.
• Server-based vs. client-based localization: Traditionalfin-

gerprinting localization systems rely on the localization
server to conduct the on-line search job. Since our DMS-
based solutions are quite lightweight, the on-line search
job may be conducted by the mobile devices themselves.
It deserves to study how to trade the computation with
the communication cost. This may even enhance privacy
because localization is done locally.

• Integration of the DMS-based solutions with other tech-
nologies, such as Kalman filter [44], particle filter [45],
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Fig. 16. Experiment results of the positioning error under different moving
speeds (percentage of training locations= 30%).

averaging method [46], and scrambling method [12], to
further improve accuracy.
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