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We propose a probabilistic technique for localiz-
ing people through the signal strengths of a wire-
less IEEE 802.11b network. Our approach uses data
labeled by ground truth position to learn a proba-
bilistic mapping from locations to wireless signals,
represented by piecewise linear Gaussian. It then
uses sequences of wireless signal data (without po-
sition labels) to acquire motion models of individual
people, thereby improving its ability to predict indi-
viduals’ motions. As a result, the localizer becomes
increasingly accurate while it is being used. The ap-
proach has been implemented in an office environ-
ment, and results are reported for a systematic study
involving labeled and unlabeled data.

Recent developments in wireless technology have decreased
the cost and increased the coverage of IEEE 802.11b wire-
less networking. Many businesses, hospitals, airports, schools,
homes, etc. are now equipped with wireless digital networks.
This trend opens up new possibilities for mobile computing,
many of which demand location awareness of individual users.
To attain such awareness, a number of research groups have
begun to use wireless signal strength as a way to localize peo-
ple. In the past months, a number of techniques for peo-
ple localization has been proposed [1; 5; 9; 10; 11; 18; 20;
21].

In all these approaches, localization is achieved by monitor-
ing the strengths of the signals emitted by access points placed
at fixed locations, as those are received on a mobile device.
By integrating such measurements over time, an estimate of a
person’s location can be obtained. Unfortunately, knowledge
of the locations of the access points alone is generally insuf-
ficient to determine a person’s location with accuracy. This
is because building elements, such as walls, doors, and build-
ing geometry severely affect the spread of the wireless signal
(see Fig.1). For this reason, the best present techniques use
data-driven learning to generate maps of signal strength as a
function of location.

For example, Ladd and colleagues [10; 11] have developed a
technique in which a person carries a wireless receiver through
an environment that records the signal strength in regular time
intervals. To ground these measurements in real-world coor-
dinates, the person also measures her own location (e.g., with
tape measure). The resulting measurements are compiled into
a geometric map of the environment, which describes the ex-
pected signal strength as a function of location. Once such

Figure 1: Radio waves from a IEEE 80211.b transmitter take multi-
ple paths to the receiver. Because each path has a different length, the
signal strengths will be different when detected by a mobile receiver.
To accurately model these various paths, an accurate building model
is required.

a map has been acquired, it can be used to localize people.
Ladd and colleagues integrate measurements over time us-
ing Markov localization, a probabilistic localization technique
originally developed in the context of mobile robot localiza-
tion [8; 17]. Probabilistic localization techniques require a
motion model for people; Ladd and colleagues use a random
Brownian motion model in their approach.

Unfortunately, the process of data collection is tedious. Col-
lecting samples of signal strength is relatively easy; however,
labeling these samples with the correct position is an expen-
sive process. This raises the question as to whether data with-
out position labels can be used in any way to improve the sys-
tem performance. Such unlabeled data can be collected contin-
uously as people navigate through their environments. Thus,
techniques that can exploit such data would make it possible
to develop localization software that continuously improves its
performance, and adapts to the building’s users.

This paper proposes an algorithm that does just this: it
continually improves the localization of people by learning
from unlabeled data. Just as various previous localization
techniques, our approach relies on labeled data to acquire a
map of signal strength. However, our approach also exploits
unlabeled data to continually improve the localization accu-
racy. It does this by continually refining a motion model
of people walking about their environment. Learning mo-
tion models from labeled data is straightforward. Our ap-
proach learns this model from unlabeled data, using an online
variant of the expectation maximization (EM) algorithm [6;
12]. In this way, it enables our algorithm to adapts to an in-
dividual person, exploiting regularities when navigating her
environment. The idea of using EM to label unlabeled data
is not new; it has been applied with great success in various
domains, such as information retrieval and geosciences[3; 14;
16]. In the context of the present paper, the result of applying



Figure 2: Map of the building with a 1-dim manifold describing the
space of locations y.

EM to label data can be interpreted as the forward phase of
the Baum-Welsh algorithm used to train hidden Markov mod-
els [15]; but here it is applied to a continuous state space.

In an empirical evaluation, we compare our results to the
most accurate published results. An empirical evaluation
in [10; 11] in shows that an accuracy of 1.5 meters is attained
in 70% of all cases; the accuracy in the remaining 30% is not
reported. By the same measure, our approach achieves a com-
parable error rate of 2.1 meters, but it requires a factor of 50
less labeled training data. These numbers are to be taken with
a grain of salt, since the experimentation was carried out in a
different building, with a different density of wireless access
points, etc. We also show an improvement of the average lo-
calization error by 3.2 meters through continual learning from
unlabeled data.

1 Learning Signal Strength Maps from
Labeled Data

In a first step, our algorithm learns a signal strength map from
labeled data. The input to this learning process is a set of la-
beled data items, consisting of a vector of signal strength mea-
surements and a location at which these measurements were
recorded:

xk = (θ1,k, . . . , θN,k, yk)T (1)

Here xk is the k-th training example, θn,k is the measurement
of signal strength of the n-th access point (from N different
access points), and yk is the position at which the measurement
is taken.

Our approach then learns a piecewise-linear Gaussian
model (with fixed variance) of the conditional probability

p(θ | y) (2)

which related locations y in the environment to signal
strengths θ. Our representation of this probability is based on a
map of the environment, like the one shown Fig. 2. From this
map, we extract a one-dimensional submanifold (with inter-
sections) that corresponds to the thresholded Voronoi diagram
described in [4].1 This manifold defines the piecewise linear-
Gaussian representation. In particular, our approach repre-
sents p(θ | y) by a function µ(y) plus an additive, zero-mean

1We note that such an approach works best in corridor environ-
ments to which our approach is indeed tailored, but it may fail in
open environments. However, we do not view this as a principle lim-
itation of our approach, as our representation is easily extended to
handle those as well.

Figure 3: Distribution of signal strength of a single access point ac-
cumulated over a 10 minute period. The measurements are approxi-
mately normal distributed, with occasional maldetection events. be-
cause of the latter, zero-strength measurements are ignored.

Gaussian noise term with variance σ2. The function µ is a
piecewise linear function that

µ(y) =
1∑

l

d(yl, y)

∑

l

d(yl, y) an,l (3)

where l indexes over a finite collection of “nodes” on the sub-
manifold (whose values define the piecewise linear function
µ(y)), and d is a thresholded negative L1 distance function
(a distance function that is c at distance zero and is bounded
below by 0):

d(yl, y) = max{0, c− |yl − y|} (4)

The nodes yl are spaced a distance c apart from each other.
According to (14), the function µ is defined via the values at
the nodes an,l. Each such value corresponds to the mean signal
strength of the access point n at node l.

The values an,l are now conveniently obtained from the
training data using the maximum likelihood estimator:

an,l =
1∑

k

d(yl, yk)

∑

k

d(yl, yk) θn,k (5)

The variance σ2 of p(θ | y) is learned globally; it is assumed
to be equal for all locations y and all access points n. This
was found empirically to be a good approximation, and train-
ing a global covariance requires orders of magnitude less data
than training variance values that depend on specific locations
and access points. The global covariance is recovered by the
obvious maximum likelihood estimate:

σ2 =
1

NK

∑

k

∑

n

(θn,k − µ(yk))2 (6)

where K is the total number of training examples. We
note that µ is a function defined everywhere in 2D space,
even though its support an,l is focused on a (mostly) one-
dimensional manifold.

Finally, we note that in our implementation, measurements
that sporadically become θn,k = 0 are discarded from the cal-
culation. This is because in practice, wireless receivers occa-
sionally fail to detect a nearby access points, in which cases
they return a zero measurement. This filter effectively catches
such outliers; without it, our Gaussian noise model would be
inappropriate.



Figure 4: Access point strength as a function of measured location:
the size of th circles indicate the strength of an individual access
point.

2 Monte Carlo People Localization
People are localized using the MCL algorithm [19]. MCL is
a version of Markov localization based on particle filters [7],
specifically adept to tracking moving entities in continuous
space.

In essence, MCL estimates a posterior density over a per-
son’s state. The estimate at time t is described by the following
posterior distribution

p(xt | θ1, . . . , θt) (7)

Here θt is the measurement vector received at time t, and xt
is the state of the person at time t. The state is comprised of
a person’s location yt (including orientation) and her velocity
ẏt:

xt = (yt, ẏt)
T (8)

MCL represents this posterior by a set of particles, which are
samples of states:

p(xt | θ1, . . . , θt) ≈ {x[m]
t } (9)

Here m is the index of the sample, and each x[m]
t is a concrete

position and velocity. The set of samples at time t is calculated
recursively from that at time t − 1 using the standard particle
filter algorithm [7]:

1. For each x[m]
t−1, draw a

x
[m]
t ∼ p(xt | x[m]

t−1) (10)

The function p(xt | xt−1) is the motion model of a per-
son, In the simplest case, it is a Brownian motion model,
meaning that a person’s velocities are assumed to change
in small, random increments.

2. Calculate the importance weight

w
[m]
t = p(θ | x[m]

t ) (11)

=
∏

n

1

2πσ2
exp

{
− 1

2

(θn,t − µn(y
[m]
t ))2

σ2

}

where y[m]
t is the location estimate of the m-th particle,

and θn,t is the signal strength of the n-th access point at
time t.

3. Resample the resulting set of particles. Each state x[m]
t is

drawn (with replacement) with a probability proportional
to its importance weight w[m]

t .
In the asymptotic limit, this algorithms recovers the exact pos-
terior. MCL has previously been popular for mobile robot lo-
calization. It application to people localization, albeit new, it
straightforward.

3 Learning Motion Models from Unlabeled
Data

The primary contribution of this paper is a methodology to
continuously improve the performance of the localizer, partic-
ularly in the absence of labeled data. Unlabeled data is of the
form

(θ1,t, . . . , θN,t)
T (12)

It consists of signal measurements without a pose estimate.
Our approach utilizes unlabeled data to learn an informed

motion model p(xt | xt−1). The intuition behind our ap-
proach is that for most people, uninformed Brownian motion
is a poor model of navigation. Instead, people tend to walk
straight through corridors, take specific turns, and enter spe-
cific offices. As will be demonstrated in the experimental re-
sults section below, a motion model specific to an individual
person can yield much better prediction as to where a person is
to go next, which in turn improves the ability of our algorithm
to localize people.

In our approach, the motion model is realized by a Gaussian
mixture model. In particular, a person at location y with veloc-
ity ẏ may, with a certain probability, continue at approximately
the same velocity, stop, or reverse her direction. If the person
faces an intersection she might, with a certain probability, turn
left or right (depending on the type of the intersection). We
will refer to those discrete decisions as actions. Our model
distinguished up to five different such actions, all of which are
modeled by a different Gaussian posterior in state space. The
exact number of possibilities in the motion model is a function
of the topology of the environment (between three in corridors
to up to five at intersections).

Formally, the motion model p(xt | xt−1) is a piecewise-
linear Gaussian mixture over the state space. For each state
xt−1, the mixture is given by the sum of the following Gaus-
sians:

p(xt | xt−1) =
∑

j

νj(xt−1)|2πΣ|−1 (13)

exp
{

(yt − [yt−1 + ∆j ])
TΣ−1(yt − [yt−1 + ∆j ])

}

Here j corresponds to a particular action (e.g., going straight,
turning), and νj(xt−1) is the probability that the person choses
this action at state xt−1. If action j is chosen, the person’s
location will change by ∆j in expectation, with a variance of
Σ; our exact implementation adapts the velocities accordingly.

The function νj(x) is realized by a piecewise linear func-
tion over the locations y and the person’s heading direction
(discretized into N,S,W,E). The location along with the head-
ing direction will be denoted ȳ:

νj(x) =
1∑

l

d(ȳl, ȳ)

∑

l

d(ȳl, ȳ) bl,j (14)

The coefficients bl,j are the variables defining the motion
model. Each bl,j defines the probability that a person, placed
at location l with a specific heading direction, will engage in
action j. The parameters bl,j are learned from data.

In principle, learning bl,j is relatively easy if we know what
action a person chose. In our setting, however, we are only
provided with sequences of measurements. The key insight is
that this problem can be solved via the EM algorithm, along
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Figure 5: The wireless signal strength for one access point over three
separate traversals of a straight corridor.

the lines of the literature of learning models from unlabeled
data [3; 14; 16] and particularly [2]. Since we use particle fil-
ters for tracking, generating training signals for the parameters
bl,j can be done elegantly by counting.

In particular, assume that we are given a specific set of pa-
rameters, which define the motion model in the particular fil-
ter described in the previous section. Then, after the particle
filter prediction step (Step 1 of the algorithm above), the frac-
tion of particles generated from action j will (in expectation)
match the value νj(xt−1) p(xt−1 | θ1, . . . , θt−1). This is be-
cause the particle set at time t − 1 represents the posterior
p(xt−1 | θ1, . . . , θt−1), and (in expectation) νj(xt−1) of all
particles are drawn according to the action j.

The posterior for action j is simply obtained by the (nor-
malized) sum of all importance weights w[m]

t that correspond
to action j:

ĵ =

∑
m
w

[m]
t : x

[m]
t sampled from j

∑
m
w

[m]
t

(15)

where “sampled from” means that action j was chosen in the
generation of particle x[m]

t . Thus, the resulting values of ĵ are
now a “training example” for the function νj(xt−1) at xt−1.

The function ν is a linear interpolation of the points bl,j . To
accommodate this training example, our approach adapts the
parameters bl,j online, and in proportion to their contribution
to νj(xt−1):

bl,j ←− α · ĵ + (1− α) · bl,j (16)

with the learning rate

α = lrate · d(ȳl, ȳ
[m]
t−1)

∑
l′
d(ȳl′ , ȳ

[m]
t−1)

(17)

Here “lrate” is the standard learning rate (e.g., 0.01).
It is important to notice that this update rule implements an

online version of EM [13], where the latent variables are the
discrete action parameters j. In particular, the values ĵ are
Monte Carlo expectations of a particular action at a particu-
lar location. They correspond to the α-expectations for the
hidden state in an HMM. The learning rule converges to the
maximum likelihood values for the parameters b; in standard
HMM learning, those maximum likelihood values are set ex-
plicitly in an offline step (the M-step of EM); here they are
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Figure 6: The crosses plot the location of a person over time, walking
down a straight corridor. The dots are the corresponding locations
obtained as the arithmetic mean of the particle filter. The maximum
error in the run is 5.6 meters with a standard deviation of 1.5 m

changed gradually using an exponential decay (learning rate)
that accounts for the natural stochastic variation in the data.
The convergence of the b-values is only guaranteed to a local
maximum, and under other assumptions such as infinite size
particle sets and appropriate cooling of the learning rate. As
demonstrated in the next section, our approach yields excellent
results when continually learning from unlabeled data.

4 Experimental Results
This section illustrates the major components of our approach
in practice, and characterizes the accuracy of people localiza-
tion as a function of the labeled and unlabeled training data.
In particular, we show successful tracking for a map learned
from labeled data, and subsequent improvement of the accu-
racy when unlabeled data is used to learn a motion model. The
data used in this experiment has been acquired in an indoor en-
vironment, by a person walking with a hand-held laser range
finder. Labels are only available for the labeled training data
and an independent testing set; the training of the model is
done using purely unlabeled data.

Our first set of results pertains to the raw data, justifying
our choice of piecewise linear Gaussian model. Fig. 3 plots
the signal strength of a wireless access point relative to a fixed
location, accumulated over a ten minute interval. This exam-
ple justifies our Gaussian noise assumption for measurements
of value larger than zero, in that it indicates a Gaussian spread
of the signal strength values over time. It also illustrates the
occasional detection failures, which result in a measurement
of zero value. Fig. 4 plots the average strength µ of an access
point measured at different locations. The function is reason-
ably close to locally linear in the distance to the access point,
until it levels off at zero. This is illustrated in Fig. 5, which
plots the signal strength to an access point located at meter ten
in the horizontal direction. This finding justifies our choice of
a locally linear method.

Figure 7 shows an example track by the MCL localizer with
a uniformly initialized motion model (that is, all parameters
bl,j are uniform). The accuracy of this path tracker is apparent
from Figure 6, which compares the ground truth (hand-labeled
position) with the mean of all particles. As this diagram shows,
even with an uninformed motion model the tracking along a
corridor yields very good results.

Figure 8 illustrates our motion model (with uniform



Figure 7: Trace of localized path with ground truth statistics in gray and predicted position in black.

Figure 8: A sample form the motion model with uniform parameters.
The posterior corresponds to nearby turns motion model distribution.
Clearly visible are some of the modes induces by the different actions
a person may take.

weights), in a situation with multiple choices (including a left
turn). The particles sampled from this model correspond to
multiple modes that naturally arise if people pursue different
actions. Different action choices are colored differently in this
plot.

In a longer term experiment aimed at evaluating our learn-
ing algoithm for the motion model, a single person walked
through the environment with a handheld computing device
equipped with a wireless card. In a small number of these
experiments the person also carried a bulky handheld localiza-
tion device using a laser range scanner. This data was used
for testing. While it is difficult to guarantee that the testing
data was actually drawn from the same distribution—after all,
people’s walking habits are somewhat subject to change—we
believe that the testing data is a representative sample of the
person’s normal behavior.

Figure 9 illustrates the result of continual learning from
the unlabeled data set, involving in total several hours worth
of unlabeled training data. The error rate on the far left
is obtained after training from labeled data, and constitutes
the starting point of this experiment. The labeled data pro-
vides no information on the motion model, since its col-
lection involves a sensor assembly that is relatively difficult
to move. Thus, the motion model is initialized uniformly.
As the motion model is being trained, the localization er-
ror gradually decreases through an improved ability to pre-
dict. This specific motion model is trained specific to a sin-
gle person. Figure 9 shows the effect of learning on the in-
dividual sampling process. Shown there is the average error
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Figure 9: Average error in meters, as a function of training epochs
with unlabeled data. See [10;11] for the origin of this specific statis-
tic.

for 70% of all cases, a statistics prevously reported in [10;
11] (see this reference for a motivation of a 70% statistics).
As this graph shows, the initial error of 3.0 meters is gradually
reduced to approximately 2.1 meters. As training in unlabeled
data progresses, the error increases somewhat, which is proba-
bly an effect of overfitting or of a different motion pattern that
occurred when collecting the testing data. Nevertheless, we
believe this is strong evidence that the unlabeled data indeed
improves the performance of the localizer.

We conducted further experiments to evaluate how good the
predictions are of the trained motion models. In general, the
goodness of the prediction can be assessed by the probability
p(θt | θ1, . . . , θt−1), which describes the likelihood of the t-
th measurement under the state prediction of the model (and
convolved with the previous belief). The more likely a mea-
surement under the prediction generated by the motion model,
hence, the better the prediction. In particle filtering, this prob-
ability is measured in a Monte Carlo fashion by the impor-
tance weights. Fig. 10 shows the logarithm of the sum of
the weights; These histograms illustrate the goodness of the
learned motion model for predicting state. As is easily seen
from this diagram, the average value of this histogram drifts
closer and closer to zero as learning on the unlabeled data pro-
gresses, indicating the the predictions are improving in quality.

Figure 11 shows successful particle filtering tracking using
the learned motion model. It shows a sequence of tracking
from global uncertainty to local uncertainty.

5 Discussion
We have presented a technique for learning the parameters of a
people localizer based on the signal strength of IEEE 802.11b
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Figure 10: Histograms of the log of the sum of the weights for 5,000
particles, at various points in time of the continual learning process
from unlabeled data.

wireless networks. Our approach employs a version of the
Monte Carlo localization algorithm for tracking people. The
algorithm requires two sets of parameters: those pertaining
to the sensor model (in particular a signal strength map), and
those pertaining to the motion model (a distribution over dif-
ferent modes in a Gaussian mixture). The former are learned
offline from data labeled by the correct position, whereas the
latter are learned online from unlabeled data, using an online
version of EM to continually adapt to individual motion pat-
terns.

The research raises several open questions that warrant fur-
ther research. For example, unlabeled data is excursively used
to tune the motion model; however, it could equally be used
to further refine the signal strength map. Such an approach,
however, would require a parameter trading off the strength of
labeled vs unlabeled data, to avoid that the information of the
labeled data vanishes over time. Furthermore, the approach
does not model hidden state other than people’s position. Ex-
perience suggests that factors such as the height at which a
receiver is carried may influence signal strength.

Regardless of these limitations, we have demonstrated that
learning individual motion models can significantly improve
the localization accuracy for people localization. We believe
that our approach is unique in its ability to learn models that
improve continually, without a necessity to provide labeled
data. As a secondary result, this paper has shown an effective
way to learn models for people localization, and devised an
extension of MCL suitable for tracking people using wireless
data.
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