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ABSTRACT
Location fingerprinting is a technique for determining the loca-
tion of a device by measuring ambient signals such as radio signal
strength, temperature, or any signal that varies with location. The
accuracy of the technique is compromised by signal noise, quantiza-
tion, and limited calibration resources. We develop generic, proba-
bilistic models of location fingerprinting to find accuracy estimates.
In one case, we look at predeployment modeling to predict accu-
racy before any signals have been measured using a new concept
of noisy reverse geocoding. In another case, we model a previously
deployed system to predict its accuracy. The models allow us to
explore the accuracy implications of signal noise, calibration effort,
and quantization of signals and space.
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1 INTRODUCTION
Fingerprinting is a common technique for determining location.
By measuring ambient signals such as radio signal strength or
temperature, a device can localize itself down to some degree of
spatial resolution. Fingerprinting is an alternative to GPS that can
work indoors and without the startup time and power costs of GPS.

Accuracy models of fingerprint location systems are impor-
tant for understanding their limits and for configuring them to
meet specifications. Anticipating accuracy can inform decisions
on whether or not to deploy as well as help estimate what levels
of effort and expense will be required to build the system at the
desired level of performance.
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Location-based fingerprinting associates measured, ambient sig-
nals with spatial regions. To increase accuracy and coverage, there
may be multiple measured signals, such as from multiple radio
transmitters. The process converts noisy input signals into uncer-
tain location inferences. This paper models the conversion process,
and in particular maps the noise level of the input to the location
uncertainty of the output. Besides signal noise, the models also
account for signal quantization, spatial quantization, the number
of signals, and the calibration effort. We demonstrate how to use
the models to anticipate how location accuracy varies with the
parameters of the system.

2 PROBLEM SETTING AND RELATEDWORK
Location fingerprinting translates a measured signal into a location.
The signal may be one-dimensional or more. As an example, we
can imagine a mapping between outside temperature and location.
Given a measured temperature, the set of possible locations on the
earth is reduced. We could add more measurements, such as the
strength of gravity [7], outside brightness, and the angle of the sun
in the sky [4] to make a multidimensional signal that would further
reduce the set of possible locations. Another common example is the
signal strength of localized radios, such as WiFi [1], cell towers [14],
or commercial FM [9].

This paper develops two accuracy models. The first, in Section 3,
is a predeployment model. It is intended to model fingerprinting
accuracy before any signal generating devices, such as WiFi access
points, are deployed, which is convenient for planning a deploy-
ment and understanding accuracy limits. The predeployment model
divides space into distinct regions naturally based on the full range
of the available discrete signals. We introduce the concept of noisy
reverse geocoding for predeployment. The second model, for post-
deployment in Section 5, is aimed at fingerprint-based location
systems where the spatial regions have already been defined both
geometrically and by their representative signal strength vectors.
Both models are applicable to any type of signal that varies with
location.

While there has been much work on fingerprint-based location,
especially for WiFi [2], there has been comparably little work on
theoretical analysis of such systems. One exception is the work of
Kaemarungsi and Krishnamurthy [8]. Their work focuses on WiFi,
and they model signal noise as Gaussian, like us. They develop a
probabilistic model of signal matching on a predetermined grid,
testing with simulated signal strengths. Our predeployment model
differs from theirs in that we account for inevitable signal quantiza-
tion as well as the effects of multiple readings during the calibration
phase. Our predeployment model also works independently of a
particular discretization of space in an attempt to generalize per-
formance limits.
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Another related model, also aimed at WiFi, is that of Battiti,
Brunato, and Delai [3]. Their goal was to place WiFi access points
such that network coverage and location accuracy were both op-
timized. Like us, they account for signal noise and quantization,
but their model assumes a predetermined grid of test points, while
our predeployment model generalizes away this assumption. This
allows us to reason about location accuracy vs. spatial resolution.

Both [8] and [3] are tested on simulated signal strengths. In
contrast, our postdeployment model is tested on actual data.

Our accuracy models are designed to be general, not relying on
propagation models nor spatial continuity assumptions about the
fingerprinted signals. For instance, applied to WiFi, our approach
does not depend on a path loss model. This means our performance
predictions are independent of the particular spatial variations of
the measured signals. Without this assumption, we model space
as a collection of discrete regions, each represented by a distinct
signal strength vector. Because of this, our performance metric
is classification accuracy, which is the probability that a set of
signals measured during runtime will be associated with the correct
discrete region. This is the same performance metric used by [8]
and [3] in their WiFi fingerprinting models.

3 NOISY REVERSE GEOCODING
We first build a predeployment model, covering cases where no
signals have been measured. We develop a postdeployment model
in Section 5. The predeployment model is a variant of geocoding,
which is the act of assigning unique identifiers to the discrete spatial
cells covering a region. One example is postal codes which identify
irregular polygons on the earth’s surface with strings of characters.
A modern example is what3words that assigns a unique three-word
string to each 3m × 3m cell on the surface of the earth [15]. For
instance, the Space Needle in Seattle, WA is geocoded with the three
words "clear.sheets.title". A geocode can be thought of as an 𝑛-digit
identifier with an alphabet of size 𝑛 𝑗 for each digit. In the case of
what3words, 𝑛 = 3 and 𝑛1 = 𝑛2 = 𝑛3 ≈ 40, 000, where 40, 000 is
the number of possible words for each word of the geocode. The
number of possible geocodes is 𝑁 =

∏𝑛
𝑗=1 𝑛 𝑗 . For what3words,

𝑁 = 40, 0003 = 6.4 × 1013, which is close to the 5.7 × 1013 3m × 3m
cells that what3words uses to tile the earth.

Reverse geocoding is the translation of a geocode into an actual
location. For instance, a list of WiFi base stations and their signal
strengths could be translated into a region on earth where we expect
to measure those signal strengths from those base stations. This is
a convenient way to measure the location of a mobile device [1].
The alphabet for each base station is the list of possible discrete
signal strengths, normally measured in integer dBm. Noisy reverse
geocoding occurs when the measurement is noisy, leading to uncer-
tainty in the geocode. We are interested in translating this geocode
uncertainty into spatial uncertainty. Our model accounts for intrin-
sic signal noise and measurement noise, signal quantization effects,
spatial quantization, and calibration effort.

3.1 Measurement Distributions
Mathematically, we will designate a geocode representing a spatial
region R𝑖 as a vector of length 𝑛 denoted by boldface m(𝑟 )

𝑖
. (The

(𝑟 ) superscript stands for "runtime", which we explain below.) The

elements of m(𝑟 )
𝑖

are the scalars𝑚 (𝑟 )
𝑖, 𝑗

, 𝑖 ∈ 1...𝑁 and 𝑗 ∈ 1...𝑛. To
reiterate, 𝑖 indexes the 𝑁 physical regions on the ground, and 𝑗

indexes the 𝑛 scalar elements of the vector m(𝑟 )
𝑖

. The number of
possible values for𝑚 (𝑟 )

𝑖, 𝑗
is the size of the alphabet 𝑛 𝑗 . For WiFi, the

alphabet is the list of possible discrete signal strength values. For
temperature, the alphabet is the list possible discrete temperature
values.

The discrete geocode vector comes from discretizing a contin-
uous signal, i.e. the discrete𝑚 (𝑟 )

𝑖, 𝑗
comes from the continuous 𝑠𝑖, 𝑗 .

We will assume that the intrinsic noise of the signal, combined
with the measurement noise of the mobile device, is represented
by a Gaussian distribution such that 𝑠𝑖, 𝑗 ∼ N

(
`𝑖, 𝑗 ,

(
𝜎
(𝑟 )
𝑖, 𝑗

)2) . The
Gaussian distribution function is given by

𝑔(𝑥 ; `, 𝜎2) = 1
𝜎
√
2𝜋

exp

(
−1
2

(𝑥 − `

𝜎

)2)
Then the discrete measurement 𝑚 (𝑟 )

𝑖, 𝑗
is produced by a uniform

quantizer such that its probability is

𝑃 (𝑟 ) (𝑚 (𝑟 )
𝑖, 𝑗

)
=

∫ 𝑚
(𝑟 )
𝑖,𝑗

+ 1
2

𝑚
(𝑟 )
𝑖,𝑗

− 1
2

𝑔

(
𝑠; `𝑖, 𝑗 ,

(
𝜎
(𝑟 )
𝑖, 𝑗

)2)
𝑑𝑠 (1)

This says that region R𝑖 may produce different discrete measure-
ments𝑚 (𝑟 )

𝑖, 𝑗
, due to the noise in 𝑠𝑖, 𝑗 . This is the same quantization

model as used in Battiti et al. [3] for WiFi signal strengths.
Fingerprinting refers to the act of gathering signals inside spatial

regions R𝑖 whose locations are known. The fingerprints serve as
a reference map for reverse geocoding runtime measurement vec-
tors m(𝑟 ) into inferences about the measurement device’s current
region. While these fingerprints can come from simulation (e.g.
radio propagation for WiFi location), it is usually more reliable to
gather fingerprints manually in a calibration phase, such as the
original RADAR system for WiFi location [1]. In Section 4.2 we
show how a simple radio propagation model for WiFi is a poor
predictor of signal strength. A typical scenario is to use sensors to
measure the signals. We refer to these fingerprints as m(𝑐) , where
the superscript “c" stands for “calibration". They are also uniformly
quantized similarly to the runtime signals in Equation 1:

𝑃 (𝑐) (𝑚 (𝑐)
𝑖, 𝑗

)
=

∫ 𝑚
(𝑐 )
𝑖,𝑗

+ 1
2

𝑚
(𝑐 )
𝑖,𝑗

− 1
2

𝑔

(
𝑠; `𝑖, 𝑗 ,

(
𝜎
(𝑐)
𝑖, 𝑗

)2)
𝑑𝑠 (2)

The major difference between quantizing for calibration (Equa-

tion 2) and runtime (Equation 1) is the signal noise variance
(
𝜎
(𝑐)
𝑖, 𝑗

)2
vs

(
𝜎
(𝑟 )
𝑖, 𝑗

)2
. The calibration variance is likely smaller, due to the ex-

tra care taken to make it accurate. One typical scheme is for the
calibration technician to take the mean of 𝑙 signal measurements,
while the runtime signals come from just a single measurement.
For Gaussian distributed signals, this means that 𝜎 (𝑐)

𝑖, 𝑗
= 𝜎

(𝑟 )
𝑖, 𝑗

/
√
𝑙 .

We assume that the 𝑛 constituent scalar signals in the vectors
are statistically independent, which means the probabilities of the
discrete signal vectors are given by products of the probabilities of
the discrete scalar probabilities:
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𝑃 (𝑟 ) (m(𝑟 )
𝑖

)
=

𝑛∏
𝑗=1

𝑃 (𝑟 ) (𝑚 (𝑟 )
𝑖, 𝑗

)
and

𝑃 (𝑐) (m(𝑐)
𝑖

)
=

𝑛∏
𝑗=1

𝑃 (𝑐) (𝑚 (𝑐)
𝑖, 𝑗

)
This independence assumption is justified by the normally inde-
pendent nature of the constituent signals.

We further assume statistical independence between the calibra-
tion and runtime phases. Thus the joint probability distribution of
the calibration and runtime measurements is

𝑃 (𝑐),(𝑟 ) (m(𝑐)
𝑖

,m(𝑟 )
𝑖

)
= 𝑃 (𝑐) (m(𝑐)

𝑖

)
𝑃 (𝑟 ) (m(𝑟 )

𝑖

)
(3)

3.2 Probability of Correct Classification
Equation 3 gives the joint probability distribution of the calibrated
and runtime signal strengths for a spatial region. The runtime
measurement will be properly assigned to the correct region if its
measurement vector m(𝑟 ) matches the region’s calibration vector
m(𝑐) . Thus the probability of a correct match is

𝑃

(
m(𝑟 )
𝑖

= m(𝑐)
𝑖

)
=

∞∑
𝑖=−∞

𝑃 (𝑐),(𝑟 ) (mi,mi) (4)

We will use the probability of correct classification as the accuracy
metric in this paper. This is the same performance criterion used by
Battiti et al. [3] and Kaemarungsi and Krishnamurthy [8] in their
models of WiFi fingerprinting performance.

Formultidimensional signals, such asWiFi signal strengths, there
will be many possible measurement vector values, specifically 𝑁

possible vectors, one from each spatial region R𝑖 . Unless the cali-
bration and runtime measurements are very precise, the multitude
of small spatial regions would lead to low classification accura-
cies. For this reason, it is attractive to combine regions so each is
represented by multiple fingerprints {m(𝑐)

𝑖+𝛿 } : 𝛿 ∈ 𝐷 , where 𝐷

represents index offsets to the calibration vectors of nearby spatial
regions. For the sake of exposition, we will group regions using a
set of indices 𝐷 (Δ, 𝑛) which represents a total of (2Δ + 1)𝑛 index
offsets representing a hypercube of nearby regions. (As a reminder,
𝑛 is the signal dimensionality.) In reality, a technician would likely
group together regions that are physically or semantically close
to each other. As a simple grouping scheme, we can rewrite the
probability that a measurement would be part of the calibration
signals that make up the group:

𝑃

(
m(𝑟 )
𝑖

∈ {m(𝑐)
𝑖+𝛿 } : 𝛿 ∈ 𝐷 (Δ, 𝑛)

)
=

∞∑
𝑖=−∞

∑
𝛿 ∈𝐷 (Δ,𝑛)

𝑃 (𝑐),(𝑟 ) (m𝑖+𝛿 ,mi)

(5)
This is simply combining spatial regions into groups of (2Δ + 1)𝑛
spatial regions. This means the total number of regions becomes
𝑁Δ = 𝑁 /(2Δ + 1)𝑛 .

3.3 Air Temperature Example
Here we present a simple example of noisy reverse geocoding us-
ing ambient outdoor temperature. A mobile thermometer could
measure outdoor temperature and then consult a real-time table
to determine which regions on the earth currently have that tem-
perature. In this case, the signal has only one dimension, so 𝑛 = 1.
The earth’s minimum and maximum recorded temperatures are
-89.2◦ C1 and 56.7◦ C2 [12]. Rounding to integers, the alphabet of
temperatures is [-89, 57], meaning 𝑁 = 𝑛1 = 147. With the earth’s
entire surface area of 510 × 106 km2, the average size of each re-
gion would be about 3.47 × 106 km2, which is roughly the size of
India. These regions would not necessarily be connected. Clearly
temperature is not a high-precision location signal, but it serves as
a simple example, and it could be combined with other signals.

Thermistors are commonly used as thermometers in electronic
devices, and one study found their standard deviations in temper-
ature measurement varied from 0.067◦ C to 0.12◦ C [11]. For the
sake of the example, we will say the calibration is done by existing
ground stations with the higher accuracy value, i.e. 𝜎 (𝑐)

𝑖, 𝑗
= 0.067◦𝐶 ,

and the runtime measurements on mobile devices are done with
the lower accuracy value, i.e. 𝜎 (𝑟 )

𝑖, 𝑗
= 0.12◦𝐶 . From Equation 4, this

gives a classification accuracy of 0.999969. It is possible that the
fingerprinted temperatures may be interpolated or predicted via
weather forecasting, leading to a lower calibration precision 𝜎

(𝑐)
𝑖, 𝑗

.
Figure 1 shows that classification accuracy drops as calibration
precision becomes worse, as expected. While it may seem that a
temperature-based location system is not very flexible, given that
we cannot control outdoor temperatures, this analysis shows that
we can still control the system’s accuracy by making better tem-
perature measurements.

Figure 1: As fingerprinting calibration precision 𝜎
(𝑐)
𝑖, 𝑗

be-
comes worse, the classification accuracy drops according to
our mathematical model.

3.4 WiFi Location Example
For this example, we imagine 𝑛 = 3 WiFi base stations at the three
corners of an equilateral triangle, as shown in Figure 2. Each base
1Vostok, Antarctica, July 21, 1983
2Furnace Creek, CA, USA, July 10, 1913
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Figure 2: The Reuleaux triangle, in gray, represents the re-
gion of three overlapping WiFi ranges, where each range is
a circle of radius 𝑟 .

station has a range of 𝑟 , and we assume each side of the triangle has
length 𝑟 . The region where all three base stations are detectable is a
Reuleaux triangle, which is shown in gray in Figure 2. The area of
the overlap is 𝐴 = 0.5

(
𝜋 −

√
3
)
𝑟2, and we assume there is a mobile

device inside this region whose location we want to compute.
We will use realistic WiFi parameters from [13] to determine

values for our model. The authors of [13] measured WiFi signal
strengths in a building to assess the feasibility of using WiFi for
indoor location. In one experiment shown in their Figure 6, they
found that signal strengths varied over [-89,-46] dBm, giving 𝑛1 =
𝑛2 = 𝑛3 = 44 and 𝑁 =

∏𝑛
𝑗=1 𝑛 𝑗 = 85, 184 distinct geocodes. A

reasonable assumption for the range of WiFi is about 200 feet or
𝑟 = 60.96 meters. This gives the Reuleax triangle an area of 𝐴 =

2, 619m2, and an average area covered by each geocode of 𝐴/𝑁 =

0.031m2. If this small area were a circle, its radius would be about
10 cm.

Using a weak statistical test, the authors of [13] found that the
measured WiFi signal strengths at a static location were Gaussian
distributed with a standard deviation of 2.13 dBm. The authors of [5]
also found a Gaussian distribution for WiFi signal strengths, and [3]
and [8] use this assumption as well. Thus we will assume mobile
devices measure signal strengths from a Gaussian distribution with
a runtime 𝜎 (𝑟 )

𝑖, 𝑗
= 2.13 dBm. We will also assume that the space is

calibrated by taking 𝑙 = 5 signal strength readings to geocode every
region, giving 𝜎 (𝑐)

𝑖, 𝑗
= 𝜎

(𝑟 )
𝑖, 𝑗

/
√
𝑙 = 0.95 dBm. We note that geocoding

all 85,184 regions this way would be very tedious if done manually.
From Equation 4, the probability of correct classification is 0.0048.

This is small, but still about 407 times more accurate than choosing
one of the 𝑁 regions uniformly at random.

3.4.1 Improving Calibration. One way to improve the classification
accuracy may be to calibrate more carefully by averaging together
more signal strength measurements for each geocode. The classi-
fication accuracy above assumed 𝑙 = 5 calibration measurements
for every region. Figure 3 shows what happens when the number
of calibration readings is varied. We see that accuracy increases
significantly up to about 𝑙 = 20 readings, but only slowly after
that. The asymptote is at a classification accuracy of around 0.0065,
which is still low, so increasing calibration effort may not be a good
tactic.

Figure 3: Based on our model, classification accuracy grows
when there are more WiFi measurements used for calibrat-
ing each region.

3.4.2 Consolidating Regions. The natural region size, as discussed
above, is the coverage area divided by the number of distinct, pos-
sible signal strength vectors. This size is relatively small in this ex-
ample. For increased classification accuracy, it may be worthwhile
to reduce the granularity of the space by increasing the region size.
Each region would be associated with multiple calibration vectors.
Equation 5 shows how to compute the new classification accuracy
in this case. We do this by consolidating smaller nearby regions
into groups of larger regions. The grouping is controlled by Δ, and
each group is made up of (2Δ + 1)𝑛 of the smallest regions, with
𝑛 = 3 in our case of three WiFi base stations.

Figure 4 shows the results for different values of Δ. As Δ grows,
the mean size of the regions grow, as shownwith the gray curve. For
instance, at Δ = 4, the mean region size is 22.4𝑚2. With a smaller
number of regions comes better classification accuracy: at Δ =

4, the classification accuracy is 0.842. The classification accuracy
continues to grow with Δ. This shows how our model expresses the
tradeoff between region size resolution and classification accuracy,
and it is helpful for choosing an operating point that satisfies both
criteria.

3.4.3 Adding Another Signal. Our model lets us show the effect of
adding another signal for localization. Imagine adding anotherWiFi
base station of the same radius at the center of the Reuleaux triangle
in Figure 2. The total coverage area would stay the same, but the
number of signals would rise to 𝑛 = 4. Using the same analysis as in
Subsection 3.4.2, we can compute the region classification accuracy
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Figure 4: Classification accuracy and average region size
both grow as smaller regions are grouped into larger regions,
according to our model.

as a function of the size of the regions. As shown in Figure 5,
classification accuracy grows noticeably after adding the new base
station. For instance, at a spatial resolution of around 25m2, three
base stations give a classification accuracy of about 0.842, while
four base stations give about 0.990. At the same resolution, reducing
to two base stations would give a classification accuracy of about
0.270. These performance trends match our intuition that adding
more signals gives more accuracy.

Figure 5: Theoretical classification accuracy improves with
the addition of more base stations.

Our predeployment model thus accounts for signal noise, signal
quantization, calibration effort, and the number of distinct signals.
These two examples show how to use our model to anticipate the
effects of different choices on the performance of the system before
deployment. Before we discuss our postdeployment model, we
explain the experimental data we use to verify the postdeployment
model in the next section.

4 EXPERIMENTAL DATA
This section describes the experimental data we used in the next
section on Voronoi cell classification.

4.1 WiFi Data
The experimental data comes from Mendoza-Silva et al. [10] who
gathered monthlyWiFi signal strength data for 25 months, available
for free download. A trained professional collected the data from
two floors of a library at a set of consistent reference point locations
in the building. The reference points for both floors had the same
relative coordinates, shown in Figure 6. We used data from the
fifth floor where the data collector was facing in the "up" direction,
i.e. toward the top of the floor plan. For each collection session,
there were six signal strength scans taken in immediate succession
from each location and each facing direction. Each scan returned
the signal strengths of all WiFi base stations in range. The paper
raises a suspicion that the first of each group of six readings was
actually buffered from the previous scan location/orientation, so
we dropped the first reading in every group of six. To simplify our
analysis, we considered only the top three most frequently detected
WiFi base stations, which were numbers 16, 50, and 51. We used a
total of 𝑁 = 72 different reference points, which are the green, blue,
and magenta points in Figure 6. For each reference point, there
was an average of about 125 sample signal strength vectors that
contained signal strengths from all three WiFi base stations. The
number of vectors per reference point varied from 12 to 304, and
the number for each reference point is shown in Figure 7. Figure 8
shows a histogram of signal strength values, which varied from -97
to -33 dBm.

Figure 6: These are the reference points in the experimental
dataset from [10]. We used all but the two horizonal lines of
points in red. (Figure copied with permission.)

4.2 Fit With Path Loss Model
The mathematical model from Section 3 does not depend on any
assumptions about the spatial continuity of the signal fingerprints.
This means we can only model classification accuracy, but not the
accuracy of absolute location inference. If the signals did display
some easily expressible spatial continuity, then a more spatially
oriented model would be appropriate. In this section, we show that
our experimental WiFi signals do not follow a simple model of
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Figure 7: The number of signal strength vectors per refer-
ence point varied from 12 to 304, with an average of 125.

Figure 8: This is a histogram of measured signal strengths,
which varied from -97 to -33 dBm.

radio propagation, which helps justify our non-spatial model from
Section 3.

One common model for WiFi signal strengths is the path loss
model [1, 5]:

𝑠 = 𝑠0 − 10[log10
( 𝑑
𝑑0

)
(6)

where 𝑠 is the signal strength at distance 𝑑 from the base station.
The values 𝑠0 and 𝑑0 are a known pair of reference signal strength
and distance, respectively. The variable [ represents the path loss
coefficient. Researchers have investigated more sophisticated path
loss models [1, 6] for indoor location, but these require geometric
models of the building’s walls and/or floors, which are difficult to
express in the kind of generalized models we seek.

We fit the path loss model in Equation 6 to data from the three
base stations as described in Section 4.1. This meant estimating
each base station’s (𝑥,𝑦) location and its own values of 𝑠0, 𝑑0, and
[. The results for the three base stations are shown in Figure 9. The
thick curve in these plots represents the best fit path loss model
from Equation 6, and the dots represent the actual signal strengths.

From the plots, it is apparent that the actual signal strengths
deviate significantly from the best fit path loss model. For the three
base stations, the standard deviations of the error between the actual

Figure 9: These are best fit curves of the path loss model to
WiFi signal strength data.

and best fit models are (5.72, 9.04, 8.13) in dBm. As a comparison,
the average standard deviations of the measured signal strengths
at the reference points are (3.64, 3.49, 3.96) in dBm, meaning that
the modeling error is about (1.58, 2.59, 2.05) times as large as the
signal noise, respectively. This indicates that modeling the spatial
continuity of signals in this way would introduce significant noise,
overshadowing even the inherent measurement noise.

5 VORONOI CELL CLASSIFICATION
In Section 3 we described an idealized system for splitting a region
into imaginary, equal-sized cells, each represented by a distinct set
of signal strength vectors. This geocoding is aimed at predicting the
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performance limits of fingerprint-based location before prototyping
or deployment. In other cases, a region may have already been
fingerprinted, such as the experimental data described in Section 4.
In this postdeployment case, the reference points have already
been chosen, and we can compute statistics on the signal strength
vectors in the fingerprints. In this section we develop and test
a mathematical framework for predicting the performance of a
previously fingerprinted space in terms of location cell classification
accuracy.

5.1 K Nearest Neighbor Experiment
We begin by assessing the performance of a simple algorithm for
determining which region is indicated by a runtime signal strength
vector. The kNN algorithm has been used before for WiFi loca-
tion [1], so we will use it here. The runtime fingerprint is s(𝑟 ) . kNN
compares this to all the calibrated fingerprints from all the refer-
ence points. The winning reference point is the one with the most
votes out of the top 𝑘 most similar fingerprints. For the 𝑁 = 72
reference points from the experimental data in Section 4, Figure 10
shows the accuracy results of kNN for 𝑘 ∈ [1, 20]. The plot shows
a wide range of accuracies, with most clustered at relatively low
accuracies. The thick black curve is the mean accuracy as a function
of 𝑘 .

Figure 10: Classification accuracy varies with 𝑘 in kNN. Each
colored curve shows classification accuracy for one of the
𝑁 = 72 reference points. The thick black curve shows the
mean accuracy over all reference points.

We computed the results in Figure 10 using a leave-one-out
method. For each signal strength vector in the dataset, we found
which other vector in the dataset was nearest in signal space. We
computed distance in signal space as Euclidean distance: If the
runtime fingerprint were s(𝑟 ) , then the distance to calibrated fin-
gerprint s(𝑐)

𝑖
was | |s(𝑟 ) − s(𝑐)

𝑖
| |1/2.

The experimental data from Section 4 was assembled over a
period of many months, with signal strength collections happening
in bursts over time. During a collection, signal strengths at each
reference point and each orientation of the human collector were
measured six times in quick succession. It is unrealistic to have
calibration fingerprints gathered so near to runtime fingerprints in
time. Because of this, we reduced the set of calibration fingerprints

to only those that were separated by at least one day from the
runtime fingerprint.

5.2 Voronoi Cells
We will model the accuracy result for 𝑘 = 1 in kNN, i.e. the single
nearest neighbor case, in order to predict classification accuracy. As
before, there are 𝑁 reference points where the 𝑛-dimensional signal
strength vectors have been fingerprinted in a calibration phase.
In geocoding, the number of reference points was determined by
the number of combinations of discrete signal strengths. In this
section’s analysis, since the calibration phase is already complete
at preselected reference points, we instead assume that the signal
strength vector s𝑖 at reference point 𝑖 is normally distributed, i.e.
s𝑖 ∼ N(`𝑖 , Σ𝑖 ).

Upon receiving a runtime signal strength measurement s(𝑟 ) , the
system compares s(𝑟 ) to each mean vector `𝑖 of the 𝑁 reference
points. This is slightly different from 𝑘𝑁𝑁 where each calibrated
fingerprint is compared to the runtime vector. Instead, we are mod-
eling a comparison to each reference point’s 𝑚𝑒𝑎𝑛 vector as an
approximation to 𝑘𝑁𝑁 . The winning reference point 𝑖∗ is the one
that is nearest s(𝑟 ) , i.e. | |`𝑖∗−s(𝑟 ) | | < | |`𝑖−s(𝑟 ) | | ∀ 𝑖 ∈ {1...𝑁 }, 𝑖 ≠ 𝑖∗.
We can think of a Voronoi diagram in signal space, where the 𝑖𝑡ℎ
Voronoi cell R𝑖 contains the signal vectors that are nearest `𝑖 . The
distancemetric | | · | | could be anymetric, such as Euclidian, Mahalno-
bis, or Manhattan. We used Euclidean distance for our experiments.

The signal noise Σ𝑖 will cause errors in determining the winning
reference point. If the runtime signal s(𝑟 ) is drawn from Voronoi
cell R𝑖 , then s(𝑟 ) ∼ N(`𝑖 , Σ𝑖 ). The probability of s(𝑟 ) being nearest
`𝑖 is

𝑃 (s(𝑟 ) ∈ R𝑖 ) =
∫
R𝑖

𝑔(s; `𝑖 , Σ𝑖 )𝑑s (7)

where 𝑔(s; `𝑖 , Σ𝑖 ) represents the multivariate normal distribution:

𝑔(x; `, Σ) = 1√
(2𝜋)𝑛 |Σ|

exp
(
−1
2
(
x − `

)𝑇 Σ−1 (x − `
) )

Note that the regions R𝑖 are regions in signal space s, not regions
in the indoor space where we are trying to measure location. The
integral is taken over the continuous space of signal vectors in
signal space region R𝑖 . Also, Σ is a diagonal matrix, because we
consider signal values as statistically independent. In our experi-
ment, we computed an individual variance for each base station
at each reference point, i.e. 𝜎 (𝑟 )

𝑖, 𝑗
is different for each 𝑖, 𝑗 , where 𝑖

indexes the 𝑁 = 72 reference points and 𝑗 indexes the 𝑛 = 3 base
stations.

5.3 Experimental Results
Section 5.1 describes howwe computed the experimental accuracies,
of which we only used 𝑘 = 1 for comparing to the model.

We used Equation 7 to predict the winning reference point for
each possible runtime signal s(𝑟 ) in the full space of signals s. These
integrals were computed numerically.

For each of the 𝑁 = 72 reference points, the vertical axis of Fig-
ure 11 shows the predicted probability of the correct reference point
being chosen based on Equation 7. The horizontal axis shows the
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𝑘 = 1 rate of choosing the correct reference point in our experiment
with WiFi signal strengths. Ideally these should be equal for all the
reference points. We do see the results clustered around a diagonal,
indicating good agreement. Averaged over all reference points, the
model predicts an average correct classification rate of 0.181, while
the actual correct classification rate was 0.154, a difference of 2.7
percentage points on a [0, 1] scale. Thus our model does a good job
predicting overall location accuracy.

Figure 11: This shows the classification accuracy for each of
the 𝑁 = 72 reference points as predicted by our model (ver-
tical axis) and realized with a nearest neighbor algorithm
(horizontal axis).

6 CONCLUSIONS AND FUTUREWORK
We presented a predeployment and postdeployment model for esti-
mating the accuracy of location-based fingerprinting. The prede-
ployment model includes effects of signal noise, signal quantization,
spatial quantization, and calibration effort. We showed examples of
how the model responds to changes in these parameters. It intro-
duces the concept of noisy reverse geocoding. The postdeployment
model gives accuracy estimates for an existing fingerprint instal-
lation, and we verified its accuracy with WiFi data. These types
of models are important for anticipating the accuracy of location-
based fingerprinting to make decisions about deployments.

Future work should consider more sophisticated models of the
ambient signals. For instance, we know that extreme signal val-
ues, such as extreme temperatures and radio signal strengths, are
relatively rare compared to signal values in the mid-range. Model-
ing a probability distribution of signal values would likely affect
the predicted location accuracies. We also know that signals from

nearby locations are likely correlated with each other, because the
ambient signals we can measure often vary smoothly over space.
Modeling this spatial correlation may be a way to predict abso-
lute location errors in addition to the classification errors that we
currently model.
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