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Abstract topology control, at different environment complexity.

In this paper we present a simple ray-sector model of ~ Figure 1 shows 4 RSS maps generated using different
signal strength for indoor 802.11 networks. Signal stréingt methods: (a) measured real data, (b) a simple random-
is an important parameter for a variety of important wire- ized circular model, (c) our ray-sector model, and (d) a
less networking tasks, such as localization and topology commercial product mapping the speci ¢ oor. The gure
control. A sufciently accurate, yet generic, method of illustrates how the models are qualitatively different and
generating signal strength maps is needed in order to ac-similar to each other. The randomized circular model is
curately simulate, design and evaluate these systems. Oucharacterized by greater, unrealistic, differences betwe
ray-sector model constructs signal maps by adding signal adjacent points as compared to the other three. For the
bias with sectors de ned by rings and randomized rays, other three data sets, we can observe a greater similarity
using a traditional log-linear decay model as a baseline. in structure. In particular, the commercial product and
We show our model generates distortions similar to mea-the ray-sector model both show radial lines emanating
sured radio maps by quantitatively comparing the behavior from an access point. There are radial patterns in the
of micro-benchmarks using maps from two buildings and measured data, although they are more dif cult to see due
those generated by our model. Finally, we demonstrateto the interpolation used to generate a complete map. The
the utility of our model for higher-level applications by key difference between the commercial product and our
showing it accurately predicts the performance for two ray-sector model is that the commercial product uses a

dissimilar localization algorithms. much more involved ray-tracing technique that requires the
. modeler to know a complete oor plan of the building, the
. Introduction sizes of the walls and the type of material they are made

Recent years have seen keen interest in wireless netof. Rather than tracing rays, our model distorts the basic
working because this technology is critical towards real- signal by using a randomized polar-coordinate method to
izing mobile, ad hoc and sensor networks. The receiveddetermine where to add bias. We found a randomized polar
signal strength (RSS) is a fundamental property of wirelessmethod of biasing signals is a good balance between the
networks, thus modeling it in different environments is realism of ray tracing and the simplicity of very simple
important for both understanding and realizing many tasks. propagation models. In addition, our model only uses
For example, localization, topology control, and routing 4 parameters that are fairly easy to reason about; 2 of
depend on suf cient RSS at the receiver. More importantly, which correspond to the observed signal decay function
many recent works have shown that the RSS patternsand variance, and the other 2 correspond to room size
of real networks deviate substantially from what simple characteristics.
models would predict. The complex shapes and dynamic Our primary contribution in this work is an algorithm
nature of the RSS patterns make modeling a challengingthat generates representative 802.11 RSS maps on par with
problem in many systems. advanced, detailed models and does not require detailed

In this paper we introduce a simptay-sectormodel modeling of the environment. In addition, the model is
that generates realistic RSS maps (i.e. specifying the RSSasy to understand, requires few parameters, and is com-
at any location) for indoor 802.11 networks. A key goal of putationally simple.
our model is to develop a map-generating algorithm that The rest of this paper is organized as follows. Back-
can be used to create a wide range of input representingground on two common models and related work are
environments at different levels of complexity for various presented in Sections Il and Ill, respectively. Section IV
wireless networking tasks. We thus do not seek to modeldetails the ray-sector model. In Section V, we evaluate
Speci ¢ environments, e.g., a speci ¢ building. Insteadro  the model by a combination of quantitative metrics as
goal is to capture the essential features of RSS maps usingvell as by examining the model's ability to predict the
a simple construction algorithm that can then be used toperformance of two localization algorithms. Finally, in
test and evaluate higher-level tasks, such as localization Section VI we conclude.
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Fig. 1. Signal strength maps from sampled and generated data. Tieceed RSS at each point is shown in dBm. The sampled

data map is built via interpolation from 286 sampled points.

Il. Background

When electromagnetic waves encounter objects, they
are re ected, scattered, and dispersed in complex ways. In

order to remain tractable in spite of such complexity, the
majority of current wireless networking work, especially

would then represent signal strength from transmitter
Pi(d)[dBm] Pi(d)[dBm]+ P (2)
with P; N (; i)

Here the mean signal strength; (d)) is computed from

the ones using RSS, abstracts radio propagation by using Zduation 1. Signal strength bias,P;, is thus de ned

basic models: the circular model and the random model. In
this section, we brie y describe these 2 models and their
shortcomings.

A. The Circular Model

This model is essentially derived from the distance
dependent path loss model [1], [2]:

1)

where n indicates the signal strength degradation rate,
P (do) is the signal strength at some reference distalce
andd is the transmitter-receiver distance. Following this
formula, locations with the same RSS form perfect circles
centered at the transmitter; we thus call this the circular
model.

Assuming a constant signal detection threshold, we
can also derive the disk/circular coverage model which is
widely used in MAC [3], routing and range control analysis
and algorithm design [4], [5]. Because real radio waves are
inevitably affected by re ection, refraction and scatteyj
signal maps never really follow perfect circular shapes,
and in fact, it has been empirically observed that often the
shapes are quite irregular [6], [7]. Although the simplicit
of the circular model often makes it the only option to

P (d)[dBm] = P(do)[dBm] + 10n|oglo(d—d0)

as the difference between the measured value and the
predicted value from path loss function. Note that bidy
is different from the short-term variation in signal strémg
due to fast fading, which is usually modeled as Ricean,
Rayleigh or Log-Normal distribution [9] and typically deal
with by taking the mean or median of a few uncorrelated
measurements. Signal strength in our moBe{d), can be
considered as such mean or median measurements.
Because of its simplicity and the integration of signal
strength irregularity, this model has been used in local-
ization algorithm design [10], localization error model-
ing [11], [12], and analysis of the transitional region in
low power wireless links [13]. However, the statistical
modeling of the signal strength bias does not account
for the real geometrical property that RSS in nearby
locations should exhibit grossly similar bias [14]. Fadlin
to account for this property causes modeling inaccuracy,
especially when modeling applications that take advantage
of similarities caused by the spatial locality of the RSS.

[1l. Related Work

Modeling radio signal propagation, either in outdoor or
indoor environments, includes aspects such as large-scale
path loss, small-scale fading, time-delay spread [9],.[14]
Such a vast topic of research is impossible to cover in this
section. Instead, we focus on the most related path loss

make mathematical analysis of wireless systems possiblenodeling.

[4], it is widely criticized for its inability to characteze
the behavior of real systems [8], [2].

B. The Random model

The random model advances the realism of the circular
model by adding statistical properties to it. Signal sttang
at different locations with the same distance to the trans-
mitter is modeled as a normal distribution around the value
predicted by the circular model. The following formula

There are two main categories of path loss modeling:
empirical (or statistical) models and site-speci ¢ (or de-
terministic) models [9]. The former are usually expressed
as functions on transmitter-receiver distance without any
particular reference to environment details. Since we are
looking for a similar generic model, the circular and
random models from this category are used as the baseline
for our model. The primary distinction of our model from
these is its geometrical construction.



The site-speci ¢ models, on the other hand, rely on O+ @)
knowledge of greater detail of the environment and provide @)
accurate prediction of the signal propagation. Ray tracing
is a popular technique in this category [15], [16]. It models  ~  © -+
the signal propagation as a set of discrete ray paths from @
the transmitter to the receiver. The RSS at a given position
is then modeled by accounting for all the paths reaching
that location. Although fairly accurate, such a model is ,
often too complex or time consuming to use. A simpli ed

Sector / "Local aree

model for indoor environments is used in [2]. Here, the VY Transmitter
model only accounts for the attenuation of walls rather than
modeling more general effects like re ections. However Fig. 2. Geometrical construct for Ray-Sector model.
sgch S|mpl| caupn causes some accuracy degradation. Procedure GENERATE_SIGNAL_MAP
Since site-speci ¢ models require detailed plans of the Dmax = max(distance from a location in the modeled arga to
environment, they differ from our model in being not the transmitter, an Access Point (AP)) K
i — D - 2D
generally representative. o Nings = o™ | Nrays = o2l mec
_Two recent works addrgsg the similar task of gener- FORI from 1 t0 Nyings

ating general-purpose realistic maps for use by higher- FORj from 1 t0Nrays
level applications [7], [8]. Both studies are motivated to random biasRBj = random draw fromN (0; )
explore models beyond the classic circular and random FOR each location.; in the modeled afga

. . . . . I IRL; = distance (L ¢;AP )
ones because of result showing large discrepancies in the ring levelRLt = ——pc—qep—
predicted vs. actual behavior of higher level applications ‘;’gg{erKftrO;'-lt forg'f‘“"e angle to AP

. . t
when using these classic models. _ interpolateRB i , from RB i ;j = 1:2;:5 N rays
The work in [8] describes th&oisy disk modethat PR re

is commonly used by localization applications, and then bias Pt = PrL k) = —'zﬁﬁr“
presents an alternative approach based on trace-driven log style path loss function PL(d)
. . . . . . signal strengttP (Lt) = PL(distance (Lt;AP )+ Py
simulation. The noisy Q|sk mo_de_l differs from our sig- sampled value sax (min (P (L(); max_P);min _P)
nal strength approach in that it is concerned only with

connectivity and ranging, as opposed to RSS. Also, our Fig. 3. Ray-sector model algorithm
ray-sector model has the advantage of not requiring traces o '

using measured data to drive a higher-level application. sectpr model. We explain |t.|n detail in the rgst of the
The closest work to ours is [7]. That work introduces section. In Section IV-C we discuss an alternative way for

the Radio Irregularity Model (RIM) in order to build more generating signal maps with similar locality without using

realistic topologies and traf ¢ scenarios. They quanthg t a geometrical model.
resulting impact of the RIM model on various routing A. Model algorithm
algorithms as compared to the circular model. The RIM
model is similar to ours in that it generates qualitatively
similar irregular shapes. However, it differs in that ashwit
the noisy disk model, it operates at a higher level becaus
it describes irregularities in connectivity and interfece,
rather than RSS at a location. We can use the ray-secto
model combined with an RSS-to-connectivity function to
build a higher-level construct similar to the RIM model.

We adopt the geometrical construct and related termi-
nology in [14] as the framework for our ray-sector model.
As shown in Figure 2, locations around the transmitter are

epartitioned into "local areas" (by both distance and angle)
which we callsectors When modeling the signal strength
With sectors, 3 types of signal strength variations are
considered. Large-scale variations account for the normal
path loss while mid and small-scale variations generate
IV. The Ray-Sector Model the additional bias. Notice the eventual sampled values are
constrained in default min-max ranffain _P; max_P] to

In this section, we describe our ray-sector model. It ensure reasonable readings.
takes into account the geometrical characteristics ofagign 1) Large-scale variations:Signal strength variation
strength distribution while trying to maintain a normal among sectors along the same angle with different dis-
distribution. Effectively, the signal strength is still uheled tances (sectors along the same ray from the transmitter in
as Equation 2; however, the biasP;, is not a random  Figure 2) are considered as large-scale variations. Theey ar
draw from normal distribution but rather the aggregate dominated by distance effects from the transmitter. In our
output from the geometrical construct of the model. Fig- model, it's represented by the standard path loss model as
ure 3 shows the pseudo-code that implements the ray-shown in Equation 1.



S
-2 00° o RB1
- RB2
—— B2

0 90 180 270 360
Angle (degree)

(a) Sector partition (b) SS random biases on 2 rings (c) 2 88ora biases from (b) and the aggregation

Fig. 4. Ray-Sector model.

2) Midscale variations:Midscale variations occur be- variations both along the ring and across the ring.
cause of localized effects at locations of similar distance Along the ring, we use spline-based interpolation to
from the transmitter. In the model, they apply for sectors infer the biases for all the other locations on the same
in the same ring, i.e., those with the same distance separing but not on the chosen rays. Thus, the biases across
ration from the transmitter but different angle separation all sectors of a ring are smoothed out, but still follow
(the same pattern in Figure 2). Two critical parameters, the same trend predicted by the midscale variations. Such
(rho_step; perimeter_step) de ne how midscale varia-  interpolations are shown as cross markers in Figure 4(b).
tions are applied in a polar coordinate context. Across ring levels, biases at each ring are not indepen-
Figure 4(a) shows the number of rings in the model is dently generated. Rather, the biases at firrge modeled
determined by the ratio of the furthest distance consideredas an aggregation of their own random prediction and all
in the area torho_step; similarly, the number of rays the randomly generated biases of the inner rings (ring
in the model is determined by partitioning the outer-most 1,2,..i 1). We know from characteristics of normal sum
ring by perimeter _step. The area is thus partitioned into  distribution [17] that if we de ne a random variable as
sectors, which have different sizes in different ring level weighted sum of 2 random distributed variables, i.e.,
In Section IV-B, we discuss choice of values for these L NS
parameters and an alternative method for sector partition. NG Y NCys y)iZ = weX +wy Y
To model the midscale variation, we then generate thenZ also follows a normal distribution with parameters:
random biases from a normal distribution (with the same _ _ 5 9. o 9o
parameters as P; from Equation 2) along each ray (angle 2= We x Wy y; = Wiyt Wy (3)
separation) on each ring. We show such biases on 2 ringsyVe thus model the aggregate bias at a location on ring i
in Figure 4(b): the circles with solid lines represent ring along ray j ( Pj ) as average of the randomly generated
divisions while the ones with dash-dot lines represent zeropiases RB) at itself and all the inner locations along the
bias level along each ring; random biases are shown assame ray: RB
circle markers at the tip of each ray; Each bias results in Py = _=1g__k1
an increase of signal strength when it is outside the dash- !
dot circle and a decrease otherwise. Also important is thatSince all the randomly generated biasB8¢(; ) are from
we apply a random shift on the ray orientation on each the same normal distributioN (0; ), we can infer using
ring to increase the randomness. Equation 3 that the aggregate biasRj ) also follows
Until now, the biases are generated independently alongthe same normal distribution. However, for locations not
each ring. Practically, along the same ray from the trans-along the designated rays, their biases are not randomly
mitter, biases at locations further away would be affected generated from normal distribution but rather interpola-
by those at closer distance; i.e., biases are correlatedscr tions as described above. Aggregation for such locations
rings. This makes intuitive sense because an object causingloes not necessarily follow the desired normal distributio
shadowing (e.g. a wall) or tunneling (e.g. a corridor) is We argue that the interpolation and aggregation natute stil
likely to impact RSS in further rings. Such correlation will guarantees that the generated biases fall into the same
be handled by modeling of small-scale variations. range; more importantly however, in Section V we show
3) Small-scale variationsSmall-scale variations cap- that the distribution for biases generated by this model
ture detailed variations within a local area, in our model follow a similar shape as the actual measured data.
a sector. They essentially represent the spatial locafity o Figure 4(c) shows the random biases along 2 rings from
signal strength mentioned in Section 1I-B. We model such distributionN (0; 1) and the aggregation. We can see that
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Fig. 5. Analysis of sampled signal strength data.

the aggregated bias stays at a middle value when the 2 bas€. Discussion
biases go in different directions (increase or decreasg) an

strengthens it when both perturb along the same direction.  ° .~ . . )
Notice that a cascade aggregation of biases as followingSt""t'St'C"’lI St_UdY sh_owmg that signal strength b_lases)\fmll .
RB P a normal distribution. So here we take a brief analysis
J (i

P, = . of some sampled data. We collect signal strength value
2 for a particular Access Point (AP) at 252 locations in an
seems more intuitive for modeling small-scale variations industrial lab which measures 225ftX144ft (the oorplan is
across rings and it also satis es the statistical requirme shown in Figure 9(b) and details about the data collection
Our current experimentation shows no distinct difference are described in Section V-B.2). Figure 5(a) plots the digna
in performance from the above average aggregation, but itstrength values versus the distance from the locations to
may need further investigation. the AP; and dog curve is tted on the data to represent the
standard path loss. Bias of the signal strength (Sampled-
Fitted) are then plotted in Figure 5(b). One thing we notice
A specic path loss function, PL, the bias from this plot is that the amplitude of the bias does not
variance, , and the 2 geometrical parameters, show a de nite trend with the change of distance, which
rho_step; perimeter_step, de ne the parameter space validates the use of constant variance in generation of
(PL; ;rho _step; perimeter_step), for the ray-sector biases in both our ray-sector model and the random model.
model. Particularly, (rho_step; perimeter_step) are  Figure 5(c) then plots the distribution of signal strength
specic to the ray-sector model, which are used to biases. It does show similarity to a normal distribution
represent environment complexity. Intuitively, the sreall  yet it does not completely follow the typical normal
the values used for these parameters, the smaller the sizegistribution curve. Whether or not signal strength bias
of sectors and the lesser local similarity or the more follows normal distribution, or what distribution it foles
irregularity in the data. is a topic for future research. In our model, we assume the
To validate the ray-sector model, we need to nd normal distribution, and in Section V we show that this
proper parameters to match a particular building (for assumption still results in good predictions by the model.
further use in Section V). WhilgPL; ) can be extracted Given the assumption of normal distribution, another
directly through simple curve tting analysis on some way to create signal maps is to model the signal strength
sampled data, we need to explore methods to choosevias as a correlated Gaussian random eld and generate
(rho_step; perimeter_step). Our current experimentation  samples accordingly. Instead of using the geometrical
suggests the set of numbers approximating the largerparametergrho_step; perimeter_step), it will then use
sized rooms in the building. Intuitively, such a choice is correlations to model signal strength locality. Whether or

Although widely used, we have not seen a complete

B. Parameter space

reasonable, since as shown in Figure 4fap_step not one method is more accurate requires more exploration.
perlmeter_step roughly corresponds to the area of the However, even if such an approach is more accurate,
largest sector in the modeled area. Section V will show that our model can generate quite

Another intuitive method we explored for sector par- accurate maps in an intuitve manner with very little
tition is to construct sectors with constant sized areascomputational complexity.

(by supporting different numbers of rays in different ring
levels). However, our experimentation with constant sized V. Evaluation
sectors did not show good results. Whether this is because

of a mismatch in the environment (different room sizes)
or in transmission nature requires further investigation.

In this section we validate that the ray-sector model
generates realistic data sets. Evaluating the ray-sector
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Fig. 6. Signal strength bias distribution comparison. Legendswshin the plots are variance of the biases.

model is not entirely straightforward because it does not and the bias distribution from the sampled data is shown in
predict RSS values at a particular location in a specic Figure 6 (a). With realistic parametefBL; ), we gener-
environment setting. Thus, we can not simply compare ate a complete signal strength map for the whole building
the generated data with the sampled signal strength at aoor (realized by alft 1ft grid covering the whole oor)
particular location, as when evaluating a ray-tracing nhode using the random model and the ray-sector model. Data are
Our evaluation approach instead makes use of a collectiorthen collected at the same 252 locations where real data
of micro-benchmarks and higher-level applications (macro are sampled. Finally, the generated signal strength values
benchmarks) that use RSS maps as input. Because we caare compared with th® L parameter, which is tted on
show that the maps generated by the ray-sector modethe sampled data, to get the corresponding signal strength
result in similar behavior as real data across this wide biases. Their plots are shown in Figure 6 (b) and (c). The
variety of benchmarks in different environments, we have random model performs as expected while for ray-sector
strong evidence it abstracts the features of actual radiomodel, the created plot does not follow normal distribution
maps relevant to many applications. but it is quite close to normal in shape and it is similar to
To set the 4 parameters of the ray-sector model, we usethe real data, both in shape and in range.
a least squares t of the measured data to obtain the path 2) Variogram: The ray-sector model simulates the spa-
loss,P L, and directly use the measured variance foFor tial locality in signal strength data through modeling smal

the geometric paramete(sho_step , perimeter_step), scale variations. In this section we use a spatial stadistic

we use(20ft; 20ft) for the Core building ( Figure 9(a) ) metric, variogram to quantify this data characteristic.

and (30ft; 30ft) for the industrial building ( Figure 9(b) The variogram characterizes the spatial correlation in

), which roughly corresponds to the largest room size in a data set [18]. Qualitatively, it describes the spatial

each building as discussed in Section IV-B. continuity, or “roughness” of spatial data. Its mathensltic
de nition is

A. Micro benchmark evaluation

. _1 . ) o2
In this section, we take a detailed look at the biases (x5 y)= EE[fZ(X Toxy+ oy Zy)gl ()
generated from the model: how they are distributed, what, are Z(x:y) is the value of the variable of interest

spatial characteristics they have and whether they matchy; |5cation (x;y) and E[] is the statistical expectation

higher level characteristics from observations. Becage t  ,erator. So effectivelyariogramdescribes the increasing
circular model does not model any bias from the standard yitterence or deceasing correlation between sample values
path loss, we compare our model against the random modelg the distance separation increases. The fact that distanc
and the real sampled data. separation is de ned a6 x; ) allows us to do detailed

1) Bias distribution: Bias distribution coarsely looks  gnayysis along different directions. Yet here we only con-
at the generated signal strength set as a whole. Howevergiger the gross omni-directional measure. Thus Equation 4
it is still a good sanity check on whether the model .5, pe simpli ed as

achieves its target against real data. Since biases in the

random model are drawn straightforwardly from a normal ( d)= }E[fz(xd;yd) Z(xy)]
distribution, their distribution plot should nicely trace P 2

normal curve. The ray-sector model's interpolation and where (xq4 x)2+(yq VY)2= d. Forasampled data

aggregation prevents us from mathematically proving the set z(x;;y;);i = 1;2;:::, variogram ( d) can then be
normal distribution for the generated biases. Thus, far thi estimated as follows

micro-benchmark we examine how well it matches the real ng o)

data and how closely it resembles a normal distribution. \(d)= 1 Z(xi:y)  z(x;:y; 12

We use the same set of data described in Section IV-C 2n( d)
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Wherep (xi x))?2+(yi y;)?= dandn( d)isthe which only relies on the statistical modeling of biases.
number of such sample locations at distanakfrom each We use the parameters for an indoor environment (aisle
other. of a building) from [13], and model signal strength and

Figure 7 plot the variograms for signal strength biases pRR as following
from the 3 data sets (each contains 252 data points), which

come from the real samples and from the synthetic maps P(d) = 62 30logiod N(0:3:8) (5)
generated by the 2 models the same way as described (1ss +105)

in Section V-A.1. As expected, biases in sampled data PRR(rss) = (1 e = y400 (6)
exhibit spatial correlation, shown as a line with incregsin 2

slope up to a separation of 50ft. Because the biases are
generated independent]y in the random model, we SeeVisuaIization of the transitional region from such a model
the corresponding independence from its variogram plot can be seen in Figure 8 (a). Notice that such variations in
as well; basically the Gamma value)(stays constant. the PRR are caused by the signal strength bias modeled as
We see the Variogram p|ot for ray-sector model disp|ays a normal distribution in Equation 5. To test our mOdelS, we
a similar upward trend as the sampled data. Althoughconsider &20m 20m area with the transmitter placed in
further investigation is required to conclude how well the center of the area (ray-sector model uges; 6m) as
we model this trend, in terms of taking into account the the geometrical parameter to t this scale). Since the imdoo
spatial correlation of the data, ray-sector model is a deni data collected in [13] corresponds to 21 nodes, with each
improvement over random model. one transmitting for some time and the rest of the nodes
3) Packet Reception Rate (PRRPRR is a number acting as receivers to measure the PRR, it actually involves
between [0-1] that describes the fraction of packets re-different directionality and locality.
ceived against those transmitted which depends on the To create a comparable setting, we randomly choose
received signal strength. Because of the existence oflsigna20 rays from the transmitter (as shown in Figure 8(b))
strength bias, transmitter-receiver pairs over wirelegss| and collect signal strength along the rays. 200 data points
with their distance within a certain range will not have are then randomly selected from the collection to plot the
a de nite connected or unconnected state, but rather will corresponding PRR for both models in Figure 8(c) and (d).
have only a highly varied percentage of a packet receptionTransitional regions de ned as distance range with PRR
rate (PRR). We thus call such a rangansitional region within [0.1,0.9] are also marked with lines on each plot.
and these have quite an impact on the performance of bottSince the random model follows the exact same model
MAC and routing layers [7]. An additional validation of as [13], it should provide comparable results. We see that
the ray-sector model is to show that it has the ability to both models achieve similar results, which are also close
model similar transitional regions as the ones from [13], to the analytical model prediction.
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B. Macro evaluation divided into 2 phases. First, in the ofine phase, signal
ngerprints are empirically measured at locations. All

In recent years, the growth of wireless networking ; | ith their | ) V) S
has generated commercial and research interest in variou§! ngerprints along with their ocaﬂon{;(x,,.y,)., 1] con-
stitute the ngerprints for the sampled building. Second,

methods to track people and objects. In indoor environ- . .
ments, where Global Positioning Systems generally do'n the or_lllne phase, RSS values collected by t_he object to
not work, many approaches leverage the existing 802.11Ioe 'OC"J!"ZEO' c”an thdenfl_ae used t.o comriJiareI Wlth the oor
network making extensive use of the signal strength to ngerprints co ect_e ofine to est|matet e location.
localize objects. Because of their heavy reliance on RSS, 2) Data collection and generationin order to show

these localization systems are excellent applications to@Ur results are not an artifact of a specic oor, we
evaluate the ray-sector model. used measured RSS data from 2 sites. The rst site is

In the rest of this section, we rst give a brief overview OUr Computer Science department CoRE building (CoRE),
about how typical signal strength based indoor localizatio While the second site is an of ce building at an industrial
methods use the signal strength data; then we explain 2aboratory (Industrial). Figures 9(a) and (b) show the
real collected sample data sets and how comparable datiyout of these 2 oors, respectively.
is generated using the model. Finally, we evaluate the We collected ngerprints at 286 locations on the 3rd
model's ability to predict localization performance using ©or of the CoRE building over a period of 2 days. The
2 particular localization methods, RADAR and a Bayesian 00r contains just over 50 rooms in a 200x80ft (16000
Network (BN) algorithm, which emphasize different as- ft°) area. A Dell laptop running Linux equipped with
pects of the signal strength characteristics. an Orinoco silver card was used to collect the samples.

Note that the metric representing good performance The sampling procedure was to run theist scan
for the signal map generation model is how closely the command once a second for 60 seconds. A total of 252
localization algorithms' performance tracks that usinglre ~ ngerprint vectors were collected from the industrial site
data; i.e. if the localization performance on real data All of them lie along the corridors. The ngerprints were
generates a mean positioning error of 10ft, then mapscouected over several da.ys USing a Linux |PAQ The oor
generated using modeling should also cause a mean erroincludes about 115 rooms in a 225x144ft (3240 &rea
of 10ft. We show that performance for data generated fromand has many corridors in-between these rooms.
the ray-sector model matches the results from real data Signal strength values are then collected on the signal
for both RADAR and BN, while the random model and maps generated from circular, random and our ray-sector
circular model can only achieve comparable performancemodel at the same locations where ngerprints for the
for one algorithm and not the other. site are constructed. Although the RSS from different

Although a commercial product (described in Section V- APs for a particular location should be correlated because
B.2) is able to achieve comparable results as real data, itshe underlying environment is the same, we found this
requirement for detailed environment modeling prevents it approach impractical and so we created the signal map
from being used to generate generic data for a large set ofor each AP independently.
different environments. To make our case even stronger, we also use a commer-

1) Signal strength based indoor localizatioypical cial product specialized in signal strength predictionhwit
signal strength based indoor localization systems usakign detailed building plan modeling. Environmental details
strength from then access points present in the build- like wall locations, elevator locations and corresponding
ing, AP1;AP,;::;; APy ; as a ngerprint to differentiate materials are manually put in and AP details are speci ed.
locations. For example, the ngerprint at locatianis We are then able to export signal strength readings at the
Si, (S1;52;::;5n ). Deployment of such systems can be set of locations interested. Currently, such data are only



@
S
w
S
@
S

o SA o SA ® o SA 50 o SA
-e- CR -e- CR -e- CR -e- CR
= 25| 4- RN = 25 ©- RN = -4~ RN = <@ -6- RN
3 RS s 9 RS S 40) RS § 40 \v N RS
5 5 ..
220 A CM gzo A CM g % A oo
5 2 £ 30 S 30 0" 9.
& 3 & 230 g
%15 E 15 s E A
5 & 5 &
= El = 20| = 20|
é 10 ‘_é 10 g r_é -
g g
8 . 3 S1o 310 < o
*-————a
C(J 100 150 200 250 GD 50 100 150 200 250 C(J 50 100 150 200 250 GD 50 100 150 200 250
Training data size Training data size Training data size Training data size
(a) Core localization average error (b) Core localizatioedran error (c) Industrial localization average error  (@fiustrial localization median error
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Fig. 11. Bayesian network localization performance comparisongelnels correspond to different ways the data sets are
generated: SA - sampled, CR - circular model, RN - random m&d® - ray-sector model, CM - commercial product.

hand, over-estimates the performance, since the fundamen-
tal locality in its data determined by standard path loss
model is not swayed by bias.

Interestingly, localization performance on the ray-secto
model data and the real sampled data is not much worse
than that on circular model. It indicates the basic path

Fig. 12. The Bayesian network used in localization. loss model is still the dominant factor in determining the
) o closeness in signal strength. The commercial product gives
available for CoRE building. result similar to circular model, i.e., it has not modeled th

To evaluate the localization performance, we divide pias very well.

each data set into of ine training and online testing sets 4) Bayesian network localization:Bayes nets are
and show how localization accuracy changes with the graphical models that encode dependencies and relation-
training set size. Localization accuracy corresponds toships among a set of random variables. The vertices of the
average or median distance error from the testing set.  graph correspond to the variables and the edges represent
3) RADAR localization:The well known RADAR [2] dependencies [19]. As described in detail in [10], the BN
localization algorithm views the ngerprints as points method encodes the relationship between the RSS and the
in an N-dimension signal space with each AP forms a location based on the standard path loss model.
dimension. It will return the location of the ngerprint Figure 12 shows the simple network the algorithm
closest to the testing RSS in terms of Euclidean distanceused. Each random variabig;j = 1:::n denotes the
in such a space. Clearly RADAR makes use of the spatialexpected signal strength from the corresponding access
locality, i.e., it assumes locations close to each otheibéxh  point AP;. The values of these random variables depend
similar RSS. on the Euclidean distand®; between the AP's location,
Figure 10 shows the average and median localization(x;;y;), and the location where the sigrgl is measured
errors for RADAR for both buildings. In terms of matching (x;y). The baseline expected value f follows a signal
real data, the ray-sector model does the best; it closelypropagation modes; = by + by logD;j, wherely; ; by
traces the performance of real sampled data, while theare tkha parameters specic to eadP;. The distance
random model consistently underestimates performanceD; = = ((x xj)?2+(y Y;)?) in turn “depends” on the
Because randomly assigned bias on RSS ignores spatidbcation(x; y) of the measured signal. The network models
locality, the random model violates a key assumption noise and outliers by modeling the expected vakjeas
RADAR builds on, and thus does a poor job predicting a normal distribution around the above propagation model,
localization performance. The circular model, on the other with variance ;. l.e.,s; N (lg; + by logDj; ). Using




the training ngerprints and the ngerprint vector of the References

object to be localized, the network then learns the specic
values for all the unknown parametdsg; by;; ; and the
joint distribution (gained through Markov Chain Monte
Carlo (MCMC) simulation) of thg(x;y) location of the
object. The mean values along both coordingiey) are
then returned as the estimated location.

The BN localization results are shown in Figure 11.
The unusual performance for the circular model map in the
average error case requires additional investigationlaVhi
the large variation with training size changes in the averag
error plot on CoRE may most probably due to some
outliers (which is similarly modeled by the commercial
product), the results in the median error plots match with [5]
expectations. The circular model data still over-estimate
the performance, because the path loss is exactly what
encoded in the BN algorithm and there is no bias involved.
The ray-sector model and the random model track the
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its assumption of a normal bias distribution matches the
rule used by both the ray-sector and random models.
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