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Abstract 
 Receive signal strength localization techniques, due to its simplicity, can be 
applied without any hardware requirements in almost every wireless system. These 
techniques, however, usually suffer with lack of accuracy, resulting from phenomena 
of multipath propagation, shadowing and wireless fadings, which are common 
especially in indoor environments.  
 In this technical document, we consider the RSS localization accuracy, 
presenting the results of a measurement campaign performed in an indoor 
environment: I3A Institute, UCLM, Spain. Localization is performed with receive 
signal strength data collected by a sensor network of 43 TelosB nodes. Both static 
scenarios (the object to be localized is located at a lab desk), as well as mobile ones 
(the object is attached to a moving person) are investigated. We discuss two possible 
transmission schemes: with and without the Tx-Rx synchronization. We analyze the 
efficiency of frequency diversity. For the mobile scenarios, we show the results with 
the Kalman filter applied to object tracking. We also present the impact of the time of 
collecting the RSS samples.  
 
 
 
1. Introduction 
 
 There is currently a strong market demand for a robust indoor wireless 
localization technique that could be commonly used by people with their wireless 
devices like smartphones, tablets and laptops. Satellite navigation (with GPS Navstar) 
is a widely accepted standard, but satellite signals do not penetrate building walls and 
thus these kind of solutions cannot be applied indoor. While numerous other 
techniques are discussed (like ToA, UWB), the receive-signal-strength (RSS) 
algorithms are gaining significant attention, mainly due to their simplicity and the 
ability of collecting data from the wide variety of heterogeneous wireless devices 
which share the common radio spectrum. This was also recently confirmed by Apple 
when the company acquired an indoor location startup WiFiSLAM, paying 20 M$ [1].  
 
 In this technical document, we analyse the localization accuracy of RSS 
techniques on the basis of measurement results gathered with a sensor network in an 
indoor environment. The network consisted of 43 TelosB nodes distributed on a  
46×15 m2 laboratory area and was operating in a common ISM band of 2.4 GHz. All 
the sensors were collecting RSS samples, aiming to cooperatively calculate the 
position of a wireless transmitter (that could be static or mobile) located somewhere 
in the laboratory. The measurement results reported here are a continuation and an 
extension of the campaign performed in 2011 and discussed in [2]. Here, not only 
static, but also mobile scenarios are included, some refinement techniques like 
Kalman filtering and movement prediction are discussed, the impact of time period of 
collecting samples is presented and the issue of the WSN network size is addressed.  
 
 As this measurement campaign is going to be continued, this technical 
document includes the results of the initial measurement data analysis that we would 



like to discuss on the IC1004 forum. The measurement scenarios and the localization 
algorithms are described in Sections 2 and 3, respectively. Then, in Section 4, we 
introduce the list of cases that have been measured and analyzed so far
Section 5 concludes the document. 
 
 
2. The sensor network, measurement conditions and scenarios
 
 All the measurement were performed in the laboratories located on the 1
of the Albacete Research Institute of Informatics, UCLM, Spain. In all the scenarios, 
both static and mobile ones, there was one object to be localize
continuously transmitting some data using one of the 16 radio channels 
2.4 GHz band dedicated for IEEE 802.15.4 networks
consisting of 43 TelosB sensor nodes (
here) were used to collect the RSS data. The 
floor (see Fig. 1) and had fixed positions
measurements were performed in the lab marked 
motivated by the fact that this area is the largest open space on the floor; other room
are much smaller and usually 

Fig. 1. The 1st floor of the I3A building with the 43 TelosB sensors. 
The area of measurements is shown as a blue rectangle.

 The static measurements were performed in series: 88 points each. The 
transmitter (sensor to be localized) was being placed
table or a desk) and RSS data were collected by each of 43 receivers. 
RSS data, the transmitter position was estimated using the algorithms 
Section 3. For the purpose of 
(Fig. 2). A person keeping the transmitter was walking slowly along a trace. Again, the 
transmitter position was estimated with RSS data for each point on each trace. 
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Fig. 2. The traces for mobile measurement scenarios. 

The IEEE 802.15.4 standard enables sensor devices to communicate using one 
of the 16 channels, numbered from 11 to 26. During the measurements, the 
transmitter was using the channel 11, 12, 13 or 26, because other channels were 

occupied by other wireless systems (e.g. IEEE 802.11 networks) working in 
the lab. We were also trying the scenario with frequency diversity
transmitter switching between two channels. Here, there were two possibilities: with 
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the first channel, switched the channels and continued in the second channel. The 
next cycle was being initiated again with a beacon, etc. A receiver that heard the 
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in both radio channels. However, taking into account the sensors distribution, as well 
as shadowing and fadings occurring in the environment, not all the receivers
guaranteed to hear the beacons. Fortunately, the receivers closest to the transmitter 
(the most important ones for the localization process) were usually receiving the 
strongest signals and thus were able to synchronize correctly. The results of these 
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respective anchor in the equation set. We follow the same method as in our previous 
measurement campaign, see [2] for the details. 

 The second algorithm, the weighted mean, does not require any knowledge 
about the propagation channel. The estimated object coordinates are calculated as a 
weighted mean of the coordinates of the anchors receiving the transmitted signal. 
Again, we use the measured RSS levels as the weighting coefficients.  

 Additionally, in case of mobile scenarios, the subsequent measurement points 
are close to each other, as they are lying on a sweep line being a trace of a moving 
person. Thus, when estimating a point location, we could take advantage of the 
knowledge of the previous locations of the moving object. This is the idea that stands 
behind two refinement techniques we use here: (a) tracking with Kalman filter and 
(b) movement prediction using linear regression.  

 Kalman filters are commonly used to decrease the noise level when estimating 
a state of a process. They exploit the fact that the previous state is already estimated. 
Similarly, they can be applied to decrease the position errors when tracking an object. 
Here, we adopt a Kalman filter as described in [4]. After doing a short heuristic 

search, we assumed 3
22
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m
υ  and 2

n
υ  are the filter parameters: the 

variance of the object motion process and the variance of the measurement noise, 
respectively.  

 In the second approach, we try to predict the movement of our transmitter on 
the basis of its three previous position estimates. For each position i being estimated, 
we assume that the trace along the three previous positions (i–3, i–2 and i–1) can be 
approximated with a straight line. Thus, we first calculate the equation describing 
this line, using the linear regression method. Then, we calculate the projections of the 
three previous positions onto the line. We use the projections and the timestamps of 
the previous positions to interpolate the position being estimated. The final position 
is always calculated as a weighted mean of the position resulting from interpolation 
and the one calculated on the basis of a localization algorithm (one of the two 
described above).  

 
4. Measurement results 
 
 Below, we are presenting the most interesting results of the measurements and 
their analysis.  
 
4.1. Static scenarios 
 
 Comparing multilateration and weighted mean techniques for static 
measurements (Fig. 3), we can clearly see that the weighted mean is superior in all 
the cases. The localization accuracy of 2.0÷2.6 meters can be obtained, depending on 
the frequency channel. In each scenario, the RSS samples were collected during 0.1 s 
for each point.  
 



 

Fig. 3. The average localization error for the static measurements in channels 11, 12, 13 and 26 using 
multilateration (black columns) and weighted mean (red ones) algorithms. 

 

4.2. The impact of small position shifts 
 
 It is worthwhile to be noted that even a small shift of the transmitter position 
results in a large change of the position estimate, using both multilateration as well as 
weighted mean algorithms. It was confirmed by additional tests. We calculated the 
position estimates of the 44 points in each (11, 12, 13 and 26) channel and then 
repeated the measurements for the transmitter shifted by 6 cm (about ½ of the 
wavelength). The position estimates changed by 3÷5 m using multilateration and by 
1÷1.5 m using weighted mean. It can be explained by the phenomenon of fast fadings: 
the direct and reflected radio waves interfere with each other constructively and 
destructively, depending on their relative phases; a shift of ½ of the wavelength can 
change the phase of the incoming radio wave by 180°.  
 
4.3. Mobile scenarios  
 
 We performed the measurements for two mobile scenarios: using channel 26 
or switching between channels 11 and 26 (with Tx-Rx synchronization). In the first 
scenario the transmitter was moving along the traces 1 and 2 (see Fig. 2), three times 
each trace. We calculated the average localization error using both algorithms, 
multilateration and weighted mean. Additionally, the weighted mean algorithm was 
further refined with Kalman filtering or movement predictions. In the second 
scenario, we performed 13 traces (3 × 1st, 4 × 2nd, 3 × 3rd, 3 × 4th). The results, 
depicted in Fig. 4, are not very promising. The frequency diversity does not give us 
any profit. The refinement techniques enable to decrease the localization error by no 
more than 2÷8 %, which is below our expectations. We plan to perform more 
experiments here and search for optimal parameters of the Kalman filter and the 
movement prediction techniques.  



 
Fig. 4. The average localization error for the mobile measurements in two scenarios:  using channel 26 

(columns on the left) or using channel switching (on the right) between channels 11 and 26  
(with Tx-Rx synchronization). We used both multilateration (black columns) and weighted mean  

(red ones). The weighted mean scheme was additionally refined by Kalman filtering (green columns) 
or movement prediction (blue ones).  

 

4.4. Impact of the time of collecting samples 
 
 In Figs. 5 and 6, the impact of the time of collecting RSS samples is shown. 
Intuitively, the longer the sampling time, the more reliable the RSS data. It is truth 
for the weighted mean, especially for the mobile scenarios. However, the localization 
error for multilateration strongly increases with the sampling time. It is probably 
because the collected RSS data from different anchors (when the time is passing by) 
are not fully matching each other. The results of multilateration can vary much when 
the input data change even a little. The weighted mean algorithm is more robust for 
RSS variations.  



 
Fig. 5. Impact of the time of collecting RSS samples on localization error for static measurements. 

 
 

 
Fig. 6. Impact of the time of collecting RSS samples on localization error for mobile measurements. 

 
 
4.5. Reduced size of the anchor network  
 
 Some tests were performed in order to check if all the anchors are really 
needed for accurate localization. All the sensors located outside of the measurement 
area (see Fig. 1) were switched off. Further, 4 more nodes inside the measurement 
area were also disconnected, so the size of the network was reduced from 43 to 14 
sensors. Despite the reduction, the localization accuracy even improved a little in 



static scenarios (Fig. 7). In case of mobile scenarios (Fig. 8), the accuracy was slightly 
worse when the network size was reduced. However, for the weighted mean (more 
accurate from both) algorithm, the localization error increased by only 8%. It proves 
that the number of anchors does not need to be large, instead the anchors should be 
distributed regularly in the measurement area.  
 

 
 

Fig. 7. Reduced number of anchors in static scenarios. 

 

 
Fig. 8. Reduced number of anchors in mobile scenarios. 

 
 
 
 



5. Conclusions 
 
 The weighted mean algorithm is clearly more robust and performs better in 
adverse propagation conditions of indoor environments characterized by shadowing 
and signal fading phenomena. Its main advantage is how it copes with the 
shadowing: if an anchor receives a reflected signal instead of a direct one, the 
weighted coefficient for this anchor is smaller. It weakens the impact of this anchor in 
final calculations, but it does not corrupt them, like in the case of multilateration.  
 
 In general, with weighted mean the localization accuracy of 2÷2.5 meters can 
be obtained, which is comparable with other similar systems, also WiFiSLAM 
mentioned in Section 1. We expected the system would perform better with frequency 
diversity and the refinement techniques (Kalman filter, movement prediction). It 
seems that some further tests and parameter optimization are required.  
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