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cSUNY Polytechnic Institute, 100 Seymour Rd, Utica, NY 13502 

ABSTRACT  
We present a proof-of-concept investigation into the use of sensor networks for tracking of WiFi users in outdoor urban 
environments. Sensors are fixed, and are capable of measuring signal power from users’ WiFi devices.  We derive a 
maximum likelihood estimate for user location based on instantaneous sensor power measurements. The algorithm takes 
into account the effects of power control, and is self-calibrating in that the signal power model used by the location 
algorithm is adjusted and improved as part of the operation of the network.   

Simulation results to verify the system’s performance are presented. The simulation scenario is based on a 1.5 km2 area 
of lower Manhattan, The self-calibration mechanism was verified for initial rms (root mean square) errors of up to  12 
dB in the channel power estimates: rms errors were reduced by over 60% in 300 track-hours, in systems with limited 
power control. Under typical operating conditions with (without) power control, location rms errors are about 8.5 (5) 
meters with 90% accuracy within 9 (13) meters, for both pedestrian and vehicular users. The distance error distributions 
for smaller distances (<30 m) are well-approximated by an exponential distribution, while the distributions for large 
distance errors have fat tails. 

The issue of optimal sensor placement in the sensor network is also addressed. We specify a linear programming 
algorithm for determining sensor placement for networks with reduced number of sensors. In our test case, the algorithm 
produces a network with 18.5% fewer sensors with comparable accuracy estimation performance. 

Finally, we discuss future research directions for improving the accuracy and capabilities of sensor network systems in 
urban environments.  

Keywords: sensor network, tracking, WiFi, urban, outdoor, maximum likelihood 

Distribution A. Approved for public release: distribution unlimited. Case Number: 88ABW-2017-1886. 

1. INTRODUCTION  
1.1 Motivation and background 
There are a number of situations in which it is useful to be able to track the motion of individuals in an urban 
environment. This ability can enable the determination of traffic patterns; it may also enable surveillance, or providing 
directions and location-specific information to the individuals. Urban environments pose a challenge to location 
technologies such as GPS, because “urban canyons” between tall buildings shield users from satellite signals required to 
give them a position fix. 

Using WiFi signals to track individuals is a feasible alternative which has recently received much attention 
([1],[2],[3],[4]). With the exploding popularity of smart phones, the percentage of individuals who produce WiFi signals 
is quite large. Furthermore, the signal produced by each individual is uniquely identifiable, since WiFi devices 
periodically transmit a probe request packet which includes the MAC address of the device [5]. 

Other researchers have studied tracking of targets along roads:  see [6] for example, and the citations therein.  However, 
we are not aware of any prior work that treats urban tracking with a WiFi sensor network.  

In this investigation, we propose, simulate, and verify the performance of a design for a fixed sensor network dedicated 
to tracking outdoor urban WiFi users.  Our design takes into account the possible effects of power control, which is not 
required for WiFi systems but may be implemented in some deployments. We also propose and evaluate an algorithm 
for reducing the number of sensors in the network which minimize the impact on the network’s performance.     
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1.2 Outline of this article 
In Section 2, we present the model assumptions used in designing the location estimation algorithm and constructing our 
simulation.  In Section 3 we describe the power control estimation, target location and channel coefficient update 
algorithms used to estimate target position. In Section 4 we describe the design of system simulations used to verify the 
algorithms described in Section 3. In Section 5 we describe the simulation results; and in Section 6 we summarize our 
conclusions. In Section 7 we describe the code availability.  

2. MODEL ASSUMPTIONS 
2.1 Street network assumptions 
All users are assumed to be located on streets. Streets are assumed to form a network of straight segments–a street may 
bend, but the street bend is assumed to join straight street segments.  Each endpoint of a straight segment is referred to as 
a node: in particular, all crossroads and street bends are nodes.  

2.2 Sensor assumptions  
All sensors have fixed locations, and measure signal powers from all targets that are within range. Sensors are able to 
distinguish targets (using the targets’ MAC addresses, as explained in the previous section). Sensors are placed at nodes 
in order to maximize line-of-sight reception in as many directions as possible. Our initial system has a sensor at each 
node: we also discuss a reduced system in which sensors are placed at a systematically-determined subset of nodes. Note 
that a system with sensors between nodes is also be possible: such a system might increase accuracy but would be more 
costly. We have not yet simulated this possibility. 

Signal samples are assumed to be synchronized from all sensors, and a constant sample rate is assumed. (Note that 
precise synchronization is not necessary, because the targets’ locations do not vary rapidly.)  All sensors’ measurements 
are communicated instantaneously to a single processor, so that the location algorithm can make use of all current and 
past data from all sensors. 

2.3 Channel assumptions 
In order to specify the power received at sensors due to targets at various locations, we first consider the case where the 
target is located on a street segment between nodes (see Figure 1). Mean signal power (in dBm) received by a sensor 
from such a target is assumed to be a linear function of the target’s position along the segment. For example, suppose 
two adjacent nodes are located at x1 and x2, and the corresponding mean signal powers received by sensor j from targets 
at x1 and x2 are P1 and P2 respectively (measured in dBm). Any location on the street segment linking the two nodes can 
be expressed as (1−s)x1+ sx2 for some value of s with 0≤s≤1: and the power received by sensor j from a target located at 
(1−s)x1+ sx2 is modeled as (1−s)P1+ sP2. This linear interpolation model was chosen to simplify the implementation in 
this preliminary feasibility study. More sophisticated models may also be used, which would require the use of nonlinear 
optimization instead of the least squares optimization used in the current implementation (see Section 3.2). 

 
Figure 1 Illustration of power received at sensor j from a target located on a segment joining two nodes. 

Given the above linearity assumption, it follows that the propagation environment is uniquely determined by sensors’ 
received powers due to targets located at nodes. Thus the propagation environment is determined by a matrix of power 
values (measured in dB) with NumberOfNodes rows and NumberOfSensors columns.   We will refer to this matrix as the 
“channel matrix”, and its entries as “channel coefficients”.  Entries in this matrix were computed using the following 
general expression for received signal power as a function of separation distance between node and sensor: 
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 = − (10α⋅ log ( ) + (0, σ )), (1) 

where the variables in this expression have the following significances: 

• P is the power (in dBm) received at the sensor from a target located at the node. 

• d is the separation distance (in meters) between node and sensor; 

• P0 is the received power (in dBm) at a distance of 1 meter. This is referred to as the “reference power level”.  

• α is a dimensionless number which is referred to as the “path loss exponent”. The value of α depends on the 
propagation conditions between the node and sensor, as explained below. 

• N(0,σ2) indicates a normal random variable with mean 0 and variance σ2. σ2 is referred to as the “fading 
variance”, and also depends on propagation conditions. 

This model (which is well-established in the wireless communications literature) is referred to as a “log-distance model 
with lognormal fading”. The normal random variable (which models fading) is due to multipath signals that interfere 
with each other, where the interference varies from location to location. Fading is assumed to be independent for each 
node-sensor channel.  For more details on the physical basis of this model, see [7]. 

Following [8] we distinguish between line-of-sight (LOS) and non-line-of-sight (NLOS) propagation.  Both LOS and 
NLOS were modeled as log-distance with lognormal fading, but with different path loss exponents and fading variances 
as indicated in Table 1: these values are consistent with empirical values measured in [8]. The LOS parameters were 
used when the straight path from node to sensor ran along streets, while the NLOS values were used for off-street 
propagation.   

Table 1 Propagation model parameters for line of sight (LOS) and non-line of sight (NLOS) 

Propagation type Path loss exponent (α) Fading variance σ (dB) 

Line-of sight (LOS) 2 5 

Non-line-of-sight (NLOS) 3 8 

 

The following enhancements to the basic model were added: 

First, we accounted for possible street bends that may occur at or between intersections. Street bends were assumed to 
produce a constant dB loss: the LOS dB loss was assumed to be a function of bend angle as follows: 

dB loss = 10⋅log10(cos(4*bend_angle)),  if |bend_angle| < π/8,   (2) 

dB loss = -100,     if bend_angle ≥ π/8.   (3) 

According to this rule, a bend of π/8 radians essentially causes propagation around the bend to follow the NLOS path 
loss model. (Note that NLOS power was also added to all LOS power estimates.) 

Second, experimental results show that the lognormal fading model fails when signal power is small [9], in part because 
the model fails to account for background noise. To remedy this, we added -90 dBm Gaussian noise [10]. 

Finally, an additional normal random error term was added to each channel matrix value to account for the effects of 
model error.  The exact form of this term is described in more detail in Section 4.4.   

In addition to the propagation parameters described above we set the value of P0 at -30 dBm based on measurements 
done with WiFi devices: this value is also consistent with values found on the Internet  [12][13]. We also set the height 
of the sensors as 4 m above the level of WiFi devices tracked, so that the minimum distance between sensor and target 
was 4 m. From (1) it follows that the maximum WiFi power received at any sensor was -42 dBm (apart from fading 
effects.) 
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2.4 Power control model 
Although not required by WiFi specifications, power control can result in significant performance improvement in WiFi 
networks by reducing power consumption of handsets and reducing interference [14]. For this reason we have modeled a 
system with power control, and designed our system to account for its effects. 

Power control was implemented as follows. For a given sampling time, if the maximum (over all sensors) of the received 
signal power was above a target level of Ptgt, then the transmitted signal power for the next sample was decreased by 1 
dB, up to a maximum total power decrease of PCmax. On the other hand,  if the maximum of received signal powers was 
below Ptgt, then the transmitted signal power was increased by 1 dB: but the transmitted signal power could not surpass 
nominal transmit power (i.e., power adjustment due to power control was nonpositive).   

2.5 Target motion model 
We characterized the network of streets as a graph consisting of nodes joined by straight segments. Nodes can either 
represent crossroads, or bends in a single road, or points where a road reaches the edge of the region being monitored.  
(see Figure 1).  

 
Figure 2. Processed map showing nodes in maroon. Streets are in white, buildings are in grey, and other is in black.  Map 

represents a 0.3 km2 area of Utica, NY. 

Targets are constrained to walk along streets, and make random choices of new direction at crossroads.  Target velocities 
are determined as follows. Each individual target is assigned a default velocity, which is chosen uniformly from a given 
interval and remains constant over the entire track. As the target moves along any street, it encounters obstacles which 
cause it to slow down or stop for a certain period of time: and after the obstacle passes, the target resumes its original 
velocity. The times between obstacle encounters are exponentially distributed with a given mean, and the slowdown/stop 
periods are also exponentially distributed. For slowdown periods, the velocity is chosen uniformly randomly between 0 
and the default velocity. In addition, at each crossroads there is a 50-50 probability of a delay (corresponding to real-life 
delays produced by traffic signals): the traffic light delay (when it occurs) is also uniformly distributed. The velocity and 
delay parameters are given in Table 2 for the two types of targets used: pedestrian and vehicular. 
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Table 2 Target motion parameters 

Motion parameter Value Units 

Target default speed [min,max]   [0.5,2]  (pedestrian) 
[20,20] (vehicular) 

m/sec 

Mean time between slowdowns 20 Sec 

Mean slowdown duration 5 Sec 

Mean time between stops  180 Sec 

Mean stop duration 30 Sec 

Traffic light period between light changes  30 Sec 

 

3. ESTIMATION ALGORITHM SPECIFICATIONS 
3.1 Power control estimation algorithm 
The location algorithm relies on sensor signals which, according to the estimated channel coefficients, should be 
sufficiently strong at the endpoints of any given segment.  In the case of a WiFi system where power control is 
implemented, then the level of power control will influence this determination. Thus, the power control level must first 
be estimated before the location algorithm may be applied. In this section, we describe the algorithm used to estimate 
power control.  

Power control is estimated separately for each candidate street segment. For a given candidate segment, first those 
sensors which (according to the current channel estimates) that have sufficiently strong signals from targets at both 
endpoints of the segment (even with maximum power control) are identified.  At least two such sensors are required: if 
two are not found, the requirement of maximum power control is relaxed (in increments of 1 dB) until at least two 
sensors are found which can meet the criterion.  At least two sensors are required because it is not possible to estimate 
position and power level with data from a single sensor.   These sensors are then used to estimate ΔP and s via least 
squares, as described in Section 3.2. The value of ΔP estimates the power control, and the estimate is truncated to lie in 
the interval between 0 and PCmax. This power control estimate then replaces PCmax in the determination of sensors which 
meet the sufficient strength criterion, and the process is iterated until the power control estimate changes by a negligible 
amount (1 dB) between iterations. 

3.2 Basic least-squares location estimation algorithm 
The least-squares estimation algorithm used for target location is described in this section. The algorithm acts sample by 
sample, where one sample consists of the signal power measurements from one target at all sensors during the same time 
interval.  

First, candidate street segments are identified based on the strongest measured signal power among all sensors. Nodes 
associated with target positions that are capable of producing this strongest signal at the given sensor are identified. All 
street segments adjacent to these identified nodes are added to the list of candidate street segments. 

Next, a maximum likelihood estimate (MLE) for the position is computed on each candidate street segment by 
comparing estimated and actual received signal powers for a selected set of sensors.  The selected sensors consist of 
those sensors whose actual received powers are above a fixed threshold of -84 dBm (6 dB above the noise floor), 
together with those sensors whose estimated received powers from both adjacent nodes are above the same threshold 
(note that these received power estimates will depend on the power control level, which is estimated by the algorithm 
described in Section 3.1).  In this way, we are able to take into account power information from sufficiently large actual 
or theoretical received powers values in computing the maximum likelihood estimate.   

To illustrate the MLE computation for a typical street segment, we consider the particular street segment which joins the 
two nodes x1 and x2, and make the following definitions:  

{si(1),…,si(K)}:  Selected sensor set for targets in segment x1x2;         (4) 

rm : Actual measured received power at sensor sm.             (5) 
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According to the channel model, if the target’s actual location is   (1−s)x1 + sx2 then  the theoretical signal power (in dB) 
received at sensor m  is given according to the linearly-interpolated channel model as 

Theoretical signal power @ sensor  sm= Δ + (1 − )⋅ + ⋅ + σ (0,1),                     (6) 

where qjm is the channel coefficient for the link from a target at node j to a sensor at node m (computed according to the 
specifications described in Section 2.3); ΔP is the power level offset (which may be due to power control and/or error in 
the reference power measurement)  and  σ12m

2 is the averaged fading variance: 

σ12m
2 ≡ (1−s) σ1m

2 +  sσ2m
2,                     (7) 

where σ1m
2 and σ2m

2 are fading variances for the paths x1xm and x2xm respectively. The unknowns in this expression are 
ΔP and s. Assuming that the fading is independently normally distributed for each receiving sensor, then the maximum 
likelihood  estimate (MLE) values of s and ΔP are given using weighted least squares regression, which yields the 
following minimization problem:  

Minimize ≡ ∑ Δ  (  )⋅ , ( )  ⋅ , ( )  ( )
σ , ( ) σ , ( )                    (8) 

If the MLE value of s is not between 0 and 1, then s is truncated to lie within the street segment: in other words, s→ 
max(min(s,1),0).  The actual likelihood of this location is proportional to the MLE value of exp(-L2/2), so the likelihood 
is a decreasing function of L. The value of L is computed for each candidate street segment: and the street segment with 
smallest L is chosen as the best candidate. 

In our implementation we did not take into account the effect of differing fading variances for different paths: since all 
fading variances were assumed to be equal, without loss of generality the denominator in our expression for L was set 
equal to 1. 

3.3 Channel matrix update algorithm 
The power control and location algorithms described above depend on the channel matrix, which gives the estimated 
power at each sensor due to a target located at each street segment endpoint.  These estimates may be updated as the 
system continues to operate. In this section, we describe the algorithm used for updating the channel matrix. Updating is 
based on the fact that it is relatively easy to identify when a target passes right by a particular sensor located at node  j, 
because the received signal at sensor j will show a very strong peak.  This gives us an accurate fix of the target’s position 
at that particular moment: so the measured signal at a sensor at node m is a good estimate of the channel coefficient qjm. 
Since fading is present this estimate will have significant error, so the updated value of qjm  is obtained as a weighted 
average of the previous value and the new estimate. 

Specifically, the algorithm works as follows. As the tracking progresses, power signals for all sensors are averaged in a 
moving window. Whenever the averaged power for any particular sensor passes above a given threshold, the system is 
alerted to look for a peak in signal power. The system continues to record averaged powers for that particular sensor 
until it again falls below the threshold.  If the maximum of the averaged power values recorded during this interval 
surpasses a second (higher) threshold, then the target is presumed to have passed very close to the sensor. The times at 
which the averaged power values reach within 0.5 dB of the attained maximum are selected; the power values at these 
times are adjusted for power control; and the averages over these times of received power values at all sensors are taken 
as a new estimate for the corresponding row of the channel matrix. An updated value for this row is then computed as a 
weighted average of the current value and the new estimate. 

3.4 Sensor placement algorithm for reduced network 
In the initial power control estimate, it is necessary that for each segment there should be at least two sensors whose 
received powers from both segment endpoints are above the noise floor, even taking  power control into account. This 
condition gives rise to an integer linear program that can be solved using the ‘glpk’ function implemented in Octave. 

For the testbench used, with a 7 dB allowance for power control the number of sensors was reduced from to 173 to 141 
(18.5% reduction). 
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4. SIMULATION DESIGN 
4.1 Overview 
The simulation required the construction of a street network (based on a map obtained from Google maps), as well as a 
target motion model. These two constructions are described in this section. 

4.2 Street network digitization 
Street maps used in the simulation were based on .png files obtained from Google maps, where all map overlays were 
removed using the Google API. The .png files were then converted to matrices with R, G, and B values using the Matlab 
command ‘imread’. Criteria for identifying pixels associated with streets were formulated; and a 0-1 matrix was 
produced which identified non-street and street pixels.  

Based on this 0-1 matrix, nodes are identified as follows.  

First, any node that is internal to the region is one of two types.  The node could correspond to a street intersection, 
where two or more streets come together from different directions; or it could correspond to a dead end.  To find street 
intersections, we search for nonconvexities in the set of street pixels. To find dead ends, we look for local tangent points 
in the set of pixels which are internal to the region.   

Second, street segment endpoints at the edge of the region are found by scanning around the edge of the region and 
locating transitions between street and non-street pixels. 

Once the segment endpoints were identified, street segments are identified by exhaustively checking each pair of 
endpoints and seeing if a nearly-straight connected path of street pixels can be found that links the two endpoints, 
without passing close by another endpoint. The street network obtained by these algorithms was plotted and visually 
scanned for errors which were fixed manually. In practice, few corrections were required.  

The street map used in the simulations described in Section 5 made use of a map of a 1.4 km2 region of lower 
Manhattan. The original Google map (with annotations removed using the Google API) is shown in Figure 3.  The 
number of nodes was 173.  

 
Figure 3 Street map of lower Manhattan region used in simulations 

One-way arrows and colors were removed by pixel color identification and reassignment. The reprocessed map (together 
with sensor locations for full and reduced networks) is shown in Figure 4. 
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Figure 4 Processed map showing sensors (magenta dots) for full sensor system (left) and reduced system (right). 

4.3 Target motion simulation 
The target’s path was determined as follows. First, a random sequence of consecutive adjacent nodes was chosen in 
order to determine the streets on which the target would travel. If the target reached any particular node a second time, 
the target was prevented from making the same choice of subsequent direction: this was done to avoid loops. The 
target’s initial position was chosen randomly along the initial street segment. The target was then assigned a random 
default speed in one of the ranges specified in Table 2 according to target type (pedestrian or vehicle). The target’s 
position was then generated at successive time steps, where the time step was chosen so that target distance traveled 
during one time step at maximum target velocity was equal to 1 meter for pedestrians and 2 meters for vehicles  (for 
pedestrian tracking this was 0.5 sec, while for vehicle tracking this was 0.1 sec). Target slowdowns and stops were 
implemented according to the target motion model described in Section 2.4. 

4.4 Signal power simulation 
Signal power and sampling parameters are summarized in Table 1.  

Table 1 Signal sampling and power values used in simulations 

Parameter name Symbol Value 

Sampling frequency f  10 Hz 

Reference transmit power level P0 -30 dBm 

Maximum received power at sensor P0 − 20log104 -42 dBm 

Noise power level ν -90 dBm 

Target power (for power control) Ptgt -60 dBm 

Maximum power control level (when 
power control is implemented) 

PCmax 30 dB 

 

In the tests of convergence of the channel matrix update, the following modification of signal power model (6) was used: 

  Mean actual signal power @ sensor  sm =Δ + (1 − )⋅ + ⋅ + σ (0,1),            (9) 

where  and  are perturbed received powers from targets at nodes 1 and 2: = min (max + εν , −110 , −45)    (j≠m),     (10)      
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 = = −42,                    (11) 
and  

ε  = standard deviation of difference between actual signal power and theoretical model,            (12) 
νjm = standard normal random variables (independent for each j,m).                   (13) 

The upper and lower limits in (10) were imposed to prevent values that are too extreme; while the equality in (11) is 
justified because very close-in  propagation is not susceptible to random perturbations due to surrounding conditions. 

When power control was used, power control was implemented at all nodes. (This corresponds to the assumption that the 
nodes of the WiFi network with which the target is communicating are located at street intersections and street bends.) 

5. SIMULATION RESULTS 
5.1 Convergence of channel coefficient estimation algorithm 
The channel estimation algorithm was run for pedestrian users for different values of  ε  (standard deviation of the 
difference between actual channel coefficients and theoretical model values) and different values for maximum power 
control PCmax.  The tracking initially used the theoretical model channel coefficients, and these values were changed 
dynamically during the tracking process according to the algorithm described in Section 3.3.   Results are shown in 
Figure 5 and Figure 6. Figure 5 show that convergence is good (rms error less than 1.5 dB) in systems with limited initial 
error (rms = 6dB) and limited power control (PCmax≤6 dB). When maximum power control and/or initial error is 
doubled, then rms errors increased significantly, to more than 3 dB. 

 
Figure 5 RMS errors in channel coefficients as a function of tracking time. ‘One tracking hour’ refers to tracking a single 

user for one hour: so 300 tracking hours is equivalent to tracking 30 users for 10 hours, or 300 users for 1 hour.   

Figure 6 shows the distribution in channel coefficient errors after 330 hours under different simulations conditions. For 
the different simulation conditions, final coefficient errors for channel coefficients greater than −84+PCmax dBm are 
sorted and plotted. (This cutoff was chosen because when power control is implemented, channel coefficients less than 
−84+PCmax dBm will not be adjusted since maximum power control is applied when the target is close to any particular 
node where a sensor is based.) We find that regardless of simulation conditions, 90 percent of channel coefficients 
converge to within 5 dB of their correct values.  In each case, a small number of channel coefficients have rms errors 
greater than 10 dB: the cause of these errors has not yet been ascertained. 
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Figure 6 Sorted errors in channel coefficients following 330 hours of target tracking with channel estimation. 

5.2 Performance of tracking algorithm 
The tracking algorithm’s performance was verified under the assumption of channel coefficient rms error of 1 dB (ε=1). 
This is consistent with the results of the previous section, which showed that similar accuracies are practically obtainable 
if the initial theoretical channel power estimate error has a standard deviation of 6 dB and power control is limited to 6 
dB or less during the calibration phase.   

Figure 7 shows the location accuracy performance for pedestrian users in the system without (left) and with power 
control. The different curves correspond to different delays in the position estimate: this means for example that the 
curve marked `tdelay = 0.25 sec’ gives the error performance of location errors that are obtained 0.25 seconds after the 
target was at that particular location. In all of these case, position estimates were obtained as averages: the delay 
corresponded to ½ the averaging period. For example, in the case of 1.75-second delay, the position estimate at time t 
was obtained by averaging distance estimates based on signal power samples between t—1.75 and t+1.75. The figure 
shows that estimate averaging (up to ± 3.75 sec) leads to significant improvements in pedestrian location estimation. The 
best achieved rms errors for pedestrian users without (with) power control were 5.05 m (8.44 m), with 95% of location 
estimates accurate within 12 m (18m). With no power control virtually all estimates were accurate to within 20 m; but in 
systems with power control, about 2% had errors greater than 25 m. It is evident that power control does pose a 
challenge to accurate location, and significantly degrades the accuracy of position estimates. This is not surprising, since 
power control will greatly reduce average transmit power, thus weakening the signals received by sensors used in the 
location algorithm. 
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Figure 7 Cumulative distribution for location errors for pedestrian users without (left) and  with power control (right), for 

different time delays. The rms errors of location estimations are also given in the legend.  

Figure 8 shows location estimation errors for users in vehicles. Accuracies are comparable to (or slightly better than) 
those obtained for pedestrian users, even with shorter delay periods.  When the delay is larger than about 3 seconds the 
accuracy plummets, probably due to the fact that the vehicle will often change direction or velocity during that time 
period.  

 
Figure 8 Cumulative distribution for location errors for vehicular users without (left) and with power control (right), for 
different time delays. The rms errors of location estimations are also given in the legend. 

The shape of the distance error distributions was investigated using QQ plots. Figure 9 shows a QQ plot for the 
pedestrian case with power control and a 3.75 sec. delay, versus an exponential distribution. The figure shows that up to 
about 30 m, the distance error distribution quantiles closely align with the exponential distribution quantiles; but the tail 
of the distribution is much fatter than the best-fit exponential at small distances.  QQ plots for other scenarios have a 
similar shape.   
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Figure 9 QQ plot for distance error distribution versus exponential distribution. Distance error distribution corresponds to 

the following scenario:  pedestrian, power control, 3.75 sec. delay, full system.  

Table 2 summarizes the relative performance of the algorithm under various conditions. In the table, “area of 
uncertainty” (abbreviated AOU) refers to a circular area around the target’s estimated position within which the actual 
target position was located for the stated percentage of cases. The table shows that systems with power control typically 
have 20-50% increases in corresponding AOU radii. The table also shows the reduced-sensor system has virtually the 
same performance as the full system.  In fact, the reduced system with power control has significantly smaller AOU radii 
than the full system. This anomalous behavior indicates that the system is still not making optimal use of sensor 
information, and further performance improvements may be achieved. 

Table 2 Performance results for different tracking scenarios. 

PC/no 
PC  

Full/ 
Reduced Ped./Veh 

Delay 
(sec.) 

Radius of area of uncertainty (m) R.m.s. 
error (m) 75% conf. 90% conf. 95% conf. 99% conf. 

No PC Full Ped 3.75 4.3 8.1 10.5 14.5 4.6 

No PC Full Veh 1.55 4.4 8.4 11.1 16.0 4.9 

No PC Reduced Ped 3.75 4.8 8.9 11.6 17.1 6.0 

No PC Reduced Veh 1.55 4.9 8.7 11.4 17.4 5.5 

PC Full Ped 3.75 7.4 13.6 18.1 >25 8.4 

PC Full Veh 1.55 6.4 12.4 16.5 >25 7.4 

PC Reduced Ped 3.75 4.8 8.7 11.6 21.8 7.7 

PC Reduced Veh 1.55 5.0 9.6 13.1 >25 30.4 

6. SUMMARY AND CONCLUSIONS 
 Our simulations indicate that WiFi-based tracking is possible in outdoor urban environments for both pedestrian and 
vehicle-based users. Errors on the order of  about 13 m (at 90% confidence) can be expected for systems which 
implement power control. Tracking does not rely at all on GPS signals, and does not require active cooperation on the 
part of the user, but makes use of a fixed network of sensors which may or may not be associated with the WiFi network. 
The system works with some degradation in performance even if power control is implemented in the WiFi network. 
The size of the sensor network can be reduced by almost 20% using the method described in Section 3.4, with no loss in 
performance. 
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Future improvements may focus on implementing a more accurate channel model than the linear interpolation (6), and  
on creating target motion models that will reduce the delay in obtaining the location estimate; as well as investigating the 
cause of the large errors obtained in channel coefficients when using the channel matrix estimation algorithm.   

7. CODE AVAILABILITY 
The code is publically available on openABM at: www.openabm.org/model/5611 
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