
 

 

CHAPTER 6 

Experimental Evaluation 

In this section we discuss the experimental testbed and evaluate the performance of 

PILS with all the models we present. 

 

 
Figure 6-1: Experiment Environment  

6.1 Testbed 

 

We performed our experiment is in the second floor of the Dept of CS, National Cheng-Chi 

University. Figure 6-1 shows the layout of second floor in the building. This area has a 

dimension of 11 × 52 meters. The building is equipped with 802.11b wireless LAN 

environment. Our experiment devices are IBM X32, six PCI GW-APIIT and six BLW-04G 

APs. The PILS design was primarily implemented in JAVA, and agent uses 

NetStumbler(wireless signal strength collection software) to train data. A graphic user 

interface (GUI) is developed by JAVA, too. Experiments can be held just by clicking some 

points on the GUI to act offline calibration phase, and online results are also showed on the 



graphic. The PILS system was running under Microsoft Windows XP operating system, JDK 

1.4.5, and NetStumbler. 

Table 6-1: Experimental Environment 

Building Dept of CS, National Cheng-Chi 
University 

APs 6 PCI GW-APIIT  
6 BLW-04G  

Table 6-2: Software and Hardware specifications 

Notebook IMB X32 
OS Microsoft Windows XP 

Card Intel centrino 
System Language JAVA, JDK version 1.4 

Software for collecting signals NetStumbler 

 

To form the radio map, the environment was modeled as a space of 235 locations, 215 

locations inside the rooms and 20 along the corridors, each representing a 1.5×1.5 meter 

square grid point. And we train data on one grid point in small rooms and on less than three 

points in bigger rooms. The basic calibration node rate is 9.7%. 

             

Figure 6-2(a): System GUI 1 (training interface) 



 

Figure 6-2(b): System GUI 2 (estimating interface) 

 

6.2 Data Collection 

 

Since we deem that calibrate too many locations on offline phase is impractical, we attempt 

to calibrate in few locations and interpolate all the other data on grid points by our model. In 

our experiment environment, we collected 1 point in small rooms, 2 points in bigger ones, 

and 2 points in corridor. Totally, we selected 23 locations, 9.7% in whole environment 

locations. On the other hand, system calculates 90.3% locations. In our opinion, newly 

computer owns high performance and can sustain vast data calculation. Figure 

We collected 30 samples at each calibrating locations and expected an error of about 

10~15 cm due to the inaccuracies when clicking the radio map. 

 

 

 



6.3 Experimental Result 

6.3.1 Experimental results of reducing calibration effort without autocorrelation 

 

 

Figure 6-3: Performance at calibrated and interpolated locations with varying sampling data 

(M1) 

 

Define M1 as weighted triangulation model, M2 as time correlation-based model, and M3 as 

M1+M2. Figure 6-3 illustrates the effect of reducing the number of calibrated locations. And 

it also shows the factor of reducing the calibrated data on each point. The X axis represents 

number of training samples at one location, and the Y axis shows the accuracy whose 

probability of error distance is within 2 meters.  

For a fixed number of training samples, for example 30 data, three measurements were 

held. The first experiment was taken at calibrated position, whose signal strength 

distributions were calculated directly from the sampled data. The second experiment was 

measured at interpolated position, whose distributions were interpolated from the calibrated 

locations. The last one was taken at locations which are combined calibrated locations with 

interpolated ones. As we can see, experiments held at calibrated locations achieve best 



consequence. It proves that experiments with real data produce better result. Experiments 

taken at overall locations own second results and have worst outputs at interpolated 

locations.  

 

 

Figure 6-4: Performance at calibrated and interpolated locations with varying sampling data 

(M2) 

 

 

Figure 6-5: Performance at calibrated and interpolated locations with varying sampling data 

(M3) 



Figure 6-4 and 6-5 illustrate the same idea with figure 6-3, but they are different at that 

figure 6-3 operates with M1, and figure 6-4 and 6-5 operate with M2 and M3. We analysis 

these three figures together. In general, M2 has the best performance, and M1 is worst. M3 

combines M1 with M2, so its result is better than M2 and worse than M1. 

 

 

Figure 6-6: Accuracy v.s. calibrated point rate 

 

Figure 6-6 shows the effect of changing the calibrated point rate. The X axis is calibrated 

point rate, and the Y axis represents the accuracy whose probability of error distance is 

within 2 meters. Calibrated point rate reaches 100% means that data on all locations are 

calibrated. Most experiments use 9.3% one. When calibrated point rate is 9.3%, the accuracy 

achieves 50%, and it means that the average error distance is 2 meters. In common office, the 

result is quite acceptable. And when the calibrated point rate reaches 100%, the accuracy 

achieves 80%, and the average error distance is. 
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Figure 6-7: Probability 

 

In figure 6-7 and figure 6-8, the calibrated point rate is 10%, and data of other grid 

points are interpolated. As we can see, Figure 6-7 shows the accuracy probability on each 

model and figure 14 illustrates the accuracy distribution. In figure 6-7, M3 owns the highest 

probability when error distance is within 2 meters, and it reaches about 79.07%. M2 

performs better than M1 within 2 meters of error distances and they all reach about 64% on 2 

meters. Figure 6-8 illustrates the distribution of all 750 experiment samples. Within 2 meters 

of error distances, 593 samples are eligible in M3, 467 samples in M2, and 480 in M1. The 

result shows high accuracy since the calibrated point rate is 9.7%. 
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Figure 6-8: Distribution 

 

6.3.2 Experimental results of reducing calibration effort with autocorrelation 

 

Section 6.3.1 shows location estimation results before we consider about autocorrelation. We 

display the results by percentage of error distance within 2 meters. And the results present 

better performance in M2 than M1. It means that results of M2 have higher percentage of 

error distance within 2 meters. But in section 6.3.2 displays opposite results with 6.3.1. 

Indeed M1 acquires better performance than M2 when we judge them by average error 

distance. The results in section 6.3.1 still make sense because we take the percentage of error 

distance within 2 meters into account. The divergence of section 6.3.1 and section 6.3.2 

means that the variation of results is smaller than M1, so the percentage of error distance 

within 2 meters is higher in M2. 

Figure 6-9 illustrates the effect of reducing the number of calibrated locations. The X 

axis represents calibrated node rate, and the Y axis shows the error distance. The four curves 

are our two location estimation models, and each model separates into two parts: old and 



new versions. Old version [10] is our former work and new is the progress in this paper. In 

most case, M1 performs better than M2. Since M2 gains worse results, but it owns faster 

calculation speed because M2 computes only in the cluster it formed. The other advantage of 

M2 is that the variance of error distance is smaller than M1, and it means estimation results 

are more stable .If we calibrate data on 100% points, our models can achieve average error 

distance around 1 meter. Once we only calibrate data on 9.7% points, the results are within 2 

meters, and it’s still great acceptable. We won’t show the figure to illustrate the results of 

varying threshold of autocorrelation due to the page limit. In our experiments, we gain best 

accuracy when the threshold is set to 0.5 and in average we slice one segment for 4 signal 

samples. 

 

 
Figure 6-9: Location Estimation Results 

 

In figure 6-10 we compare our models (with and without autocorrelation) with 

well-known WLAN location system RADAR [9] which is designed by Microsoft. Two 

experiments were held, one calibrated data on 9.7% grid points and interpolated the rest 



90.3%, and the other calibrated data on 100% points. The results show that average error 

distances in our model are 1.5370 and 1.7731 m with 9.7% points and 0.786 and 0.9076 m 

with 100% points. The average error distances in RADAR are 2.4368 m with 9.7% points 

and 1.7588 m with 100% points. It’s obvious that our system owns better location estimation 

result than RADAR because more information are acquired with the Segment Process and 

novel location estimation models are presented by us. 

 

 
Figure 6-10: Comparison between M1(new), M2(old) and RADAR 

 

Figure 6-11 and 6-12 illustrate results whether the system uses Segment Process or not. 

Figure 6-11 experiments in Weighted Triangulation Model (M1). The y axis presents the 

average error distance in meter, and the x axis means that the system works with or without 

Segment Process. If the system works with Segment Process, there still are two results 

displayed, with autocorrelation(new) and without autocorrelation(old). The results show that 

greater accuracy is performed if the system works with Segment Process. Accuracy is 



enhanced to 23.35% when only Segment Process is adopted and has an improvement of 

33.55% if both Segment Process and autocorrelation are applied. 

Figure 6-12 holds the same experiments with Figure 6-11 and it operates in Time 

Correlation-based Model (M2). There is an accuracy enhancement of 8.08% if Segment 

Process is applied and 40.04% if both Segment Process and autocorrelation are used. 

 

 
Figure 6-11: Performance with & without Segment Process (M1) 

 

 
Figure 6-12: Performance with & without Segment Process (M2) 



6.3.3 Experimental results of learning technique 

 

In our learning model, we attempt to reestimate (adjust) our radio map by randomly 

unlabeled traces, and each trace denotes O=(O1,O2,O3,…,OT). We apply HMM as our 

learning model and slightly modify it. We run 50 rounds in every reestimation. After 

reestimating by Baum-Welch algorithm and finding best path by Viterbi algorithm, we use λ’ 

to label the traces and thus obtain a new set of data for radio map.  

 

 
Figure 6-13: Location estimation results of M1 after learning 

 

Figure 6-13 shows location estimation results using Weighted Triangulation Model after 

learning. The x axis is the numbers of traces using in learning model. The y axis means 

average error distance, and the unit is meter. As number of trace increases, the performance 

becomes better. If the trace number is 0, it means that learning technique has not been used. 

And the average error distance is 1.6808m; it is identical with location estimation results 



which own 9.7% calibration node rate and concern about autocorrelation. After we trace 20 

times in whole environment, the error distance has enhanced to 1.576m and it progresses 

6.2%. In 50 traces, the location estimation results have an accuracy enhancement of 16.5%, 

and it’s 24.2% in 100 traces. 

Location estimation results using Time Correlation-based Model are illustrated in figure 

6-14. When trace number is 0, the average error distance is 1.6808, and it’s identical with 

results that calibration node rate is 9.7% and autocorrelation is considered. The accuracy has 

enhanced 6.79 % when the number of trace is 20. After we trace 50 times, the estimation 

results has a progress of 12.1% and it’s 25.7% in 100 traces. 

 

 
Figure 6-14: Location estimation results of M2 after learning 

 

The location estimation results shows great improvement in system performance when 

learning technique has applied. After using learning technique, we make WLAN location 



system more practical since very little calibration effort is needed in offline training phase, 

and still gain very precise results in online estimating phase. 

 

6.3.4 Experimental results of accuracy maintenance  

 

 

Figure 6-15: Calibrated Node Rate & Accuracy Maintenance  

 

This section explains how much accuracy could be maintained since we largely reduce the 

calibration grid points. Figure 6-15 shows the results of above point. If the calibrated node 

rate is only 9.7%, the accuracy is still maintained more than 50%, which is compared to 

100% calibrated node rate. Therefore, we can get a conclusion that our system can largely 

decrease the manual effort and keep the accuracy in a great level.  


