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Abstract 
 

The purpose of this research is to accurately estimate the location of a device using the 
received signal strength indicator (RSSI) of IEEE 802.11 WLAN for location tracking in 
indoor environments. For the location estimation method, we adopted the calibration model. 
By applying the Adaptive Zone Based K-NNSS (AZ-NNSS) algorithm, which considers the 
velocity of devices, this paper presents a 9% improvement of accuracy compared to the 
existing K-NNSS-based research, with 37% of the K-NNSS computation load. The accuracy 
is further enhanced by using a Kalman filter; the improvement was about 24%. This research 
also shows the level of accuracy that can be achieved by replacing a subset of the calibration 
data with values computed by a numerical equation, and suggests a reasonable number of 
calibration points. In addition, we use both the mean error distance (MED) and hit ratio to 
evaluate the accuracy of location estimation, while avoiding a biased comparison. 
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1. Introduction 
Location-based-Service (LBS) seems to be the present buzzword. Currently, most of these 
services are provided via the Global Positioning System (GPS) technology. However, 
location-based-services using GPS information has the limitation of dead spots, such as inside 
buildings. 

The GPS method can be replaced with other location estimation methods, such as 
ultrasound ([1]), infrared rays ([2]) and cellular based location estimation ([3]), but these 
methods still have problems. For data communication, ultrasound and infrared ray methods 
require additional equipment (which incurs additional cost) and the cellular based method has 
low accuracy ([3][4]). There are theoretical researches such as [5][6] and however, in our 
research, we study methods with real measurements and real experiments. 

In order to overcome the limitations of the aforementioned location estimation methods, we 
adopted IEEE 802.11 WLAN for estimating the location of wireless devices. IEEE 802.11 
WLAN is well positioned to provide location-based-services, because it supports a variety of 
wireless devices such as laptops, PDAs, cellular phones, and game consoles, and much of the 
infrastructure has already been implemented. While many studies such as 
[7][8][9][10][11][12][13][14] have already utilized IEEE 802.11 WLAN for location 
estimation, we focus on Received Signal Strength Indicator (RSSI) -based location estimation, 
because this method can be applied to a wide variety of applications.  

The RSSI-based location estimation methodology is divided into the radio propagation 
model and calibration model. Because the radio propagation model is likely to be biased or 
less accurate due to the multipath phenomenon, location estimation using this model has to 
avoid biasing estimation [15]. Thus, we perform location estimation using the calibration 
model. 

The calibration model first collects RSSI from target regions that are estimated in advance, 
and then compares actual RSSI with the collected data, to estimate the location. Other studies 
use K-NNSS ([7][8]), Bayesian Inference [3] and Neural Networks [9] with the calibration 
model. The K-NNSS-based algorithm was chosen for our research because it requires less 
computation than all the other algorithms, thus, the location is determined with less resources 
then other algorithms. Many mobile devices have limited amount of resources, therefore a 
research to reduce the calculation effort is needed. Previous studies which used K-NNSS to 
estimate the location of devices were able to enhance the accuracy of location estimation by 
applying the Hidden Markov theory-based filter ([16][17]) to the movement history of devices 
([7] [12][13] [18]). They still require heavy computation because they use the entire set of 
calibration points. Other studies reduced the work-load of actual calibration by applying 
interpolation to their method ([10][11]). But interpolation has the cost of a loss of accuracy, as 
shown in this paper, since we use interpolation. These existing methods do not consider the 
movement velocity of devices. Therefore, movement estimation will be less accurate and this 
is reflected in the results section of this paper. 

This paper proposes a method that shows better accuracy than K-NNSS-based studies in the 
past, by estimating location via the application of the Adaptive Zone based K-NNSS 
(AZ-NNSS) algorithm, which considers the variable movement velocity of the device. The 
accuracy is still enhanced by using Kalman filters, and then an interpolation method is 
suggested, where only a subset of the calibration data is used for the location estimation, to 
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reduce the calibration work-load for AZ-NNSS, at the cost of a loss of accuracy. For a fair 
comparison when evaluating the accuracy of location estimation, we use the mean error 
distance and hit ratio, which shows whether the actual location and estimated location are 
within a certain range.  

The rest of the paper is organized as follows. Section 2 reviews related information and 
studies. The basic algorithm of this research is introduced in Section 3. Section 4 describes the 
test environment and equipment used for the research. Then, the results of the comparison 
between AZ-NNSS and K-NNSS and the application of interpolation to the calibration data 
are presented in Section 5. The last section summarizes the research. 

2. Related Work 
There are prior studies in the IEEE 802.11 WLAN environment using K-NNSS. The 
procedure of the K-NNSS algorithm ([7][8]) for location estimation is composed of three 
phases: The first step is an offline phase where a coordinate of the target zone is determined 
and then a record of the RSSI received from an installed access point (AP) at a designated 
location (Xi, Yi) is made. 
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The second step is an online phase where RSSI is collected in real-time and the Euclidean 

Distance between online RSSI and offline RSSI is calculated. 
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i = Unique index for the coordinate of target zone 
j = Unique number assigned to each AP 
m = Total number of APs used 

 
Lastly, the distance obtained by Equation 3 is sorted in ascending order, and K number of 

locations starting from the shortest is selected. The shortcoming of the K-NNSS method in 
previous studies is the accuracy. Because it does not reflect previous information on the 
location and velocity, a location very far from the previous one can often be estimated as the 
location. And, a high computation work-load is required, because all location estimation uses 
the entire set of calibration points. 

In an ideal environment, the location estimation algorithm that is described in Subsection 
2.1 may be suficient. This is not true in practice, because the signal is corrupted by various 
causes, thus the RSSI information is inaccurate. Previous studies in [8] and [19] demonstrated 
that the results of location estimation can be corrected by using the movement history of the 
device. Even though the studies applied the information on the previous location, the 
movement velocity of the previous location was not considered, and all estimations still used 
the entire set of calibration points. 

In order to use calibration-based location estimation, RSSI must be collected from the target 
region, and a radio map must be built. However, this is very labor intensive work, and it may 
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take a long time depending on the target zone [10]. In order to overcome this problem, 
previous studies in [10] and [11] reduced the calibration work-load by maintaining minimum 
calibration points and using selected locations between the calibration points calculated by an 
interpolation model. However, the estimation accuracy is reduced to some extent. In order to 
reduce the computation work-load, a trade-off in accuracy is needed. Using our method, even 
if we use the interpolation method, the accuracy still exceeds that of previous schemes.  

3. Adaptive Zone Based K-NNSS 
The basic principle underpinning the Adaptive Zone Based K-NNSS (AZ-NNSS) algorithm is 
that if we use the previous movement pattern to estimate the location, we can reduce the 
computation work-load and improve the accuracy. The basic K-NNSS algorithm can be 
summarized by considering the movement velocity of a device as expressed by the following 
equations. If the device moves from L1 to L2 for t1, velocity Vx, Vy and the next expected 
location L3 can be expressed as follows: 
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In order to minimize the impact on biased signals, we introduce the concept of Velocity 
Vector Window (VVW). VVW refers to the window that contains velocity vectors obtained 
from the designated number of previous locations. The role of VVW is to enhance the velocity 
vector of the estimated location using the average of the velocity during the window length. 
Equations (4), (5), (6) can be reorganized according to the assumption that the size of VVW is 
w as follows: 
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According to this equation, the next location of the device will generally be near Ln+1 if it is 
not exactly Ln+1. Ln+1 is defined as the Velocity Estimated Point (VEP). Therefore, if we 
perform K-NNSS only in the zone within the designated distance based on VEP, we can 
estimate the location without using the entire set of data points. For the purpose of this paper, 
we call this zone the Calibration Circle (CC), as shown in Fig. 1. The K-NNSS algorithm 
performed in this zone is called the AZ-NNSS algorithm. After extensive testing, we 
discovered that the appropriate diameter of CC was 5 m. 

Most experiments using AZ-NNSS show an accuracy that is better than or similar to 
K-NNSS with the calibration points within CC. However, in some cases where there are a 
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certain number of consecutive estimation errors, the accuracy of location estimation is 
significantly reduced. The reason is that we limited the calibration points to CC, and the 
AZ-NNSS algorithm is only performed in CC. Therefore, in cases where the prediction of 
VEP is far from the correct value, the estimated location will be far from accurate. In this case, 
consecutive location estimation is affected. 

 

 
Fig. 1. Adaptive Zone K-NNSS algorithm with the calibration circle 

 
This problem can be resolved by the dual circle structure of Calibration Decision Circle 

(CDC), as shown in Fig. 2, which is similar to CC. If the estimated location is within CDC, it is 
deemed to be estimated correctly by AZ-NNSS. But, if the location is between CC and CDC, 
VEP is deemed to be incorrectly estimated, and K-NNSS is performed again, using all of the 
calibration points. That is, the CDC is used to estimate the next location using the velocity 
vector. If the estimated location is outside the CDC but inside the CC then it is determined that 
the estimate is unfit and overall recalibration is done.The size of the calibration circle is 
determined by the number of calibration points existing inside the circle. For example, if the 
gap between calibration points is large, the calibration circle becomes larger. In order to obtain 
the appropriate size of CDC and CC after applying CDC, we iterated AZ-NNSS, while 
changing the size of the two circles. As a result, the diameter of CC is 8 m and that of CDC is 
5 m for this environment. 

In this research, the Kalman Filter([20][21]) is used to correct the estimation result of 
AZ-NNSS, because the Kalman Filter prevents the estimation result from being biased 
towards the expected value, and ensures that the deviation of the estimation result is as small 
as possible ([22]). The final estimated location is used as the actual location for the Kalman 
filtering process. This location is different from the estimated location calculated from VVW. 
The initial value used for the Kalman filter process is the estimated location value and the 
output of the Kalman filtering is determined by the difference between the estimated value and 
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the actual value. 
The following equations and Fig. 3 are derived using the information in [23][20], and [21]. 

The w is the process noise and v is the measurement noise. 
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Fig. 2. Adaptive Zone K-NNSS algorithm with the calibration circle and the calibration decision circle 
 

 
Fig. 3. Operation of Kalman Filter with Equations 10 and 11 

 
Based on the previous studies [18] and [13], the matrices A and H in Fig. 3 are determined 

as follows: 
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These matrices indicate that there is no weighting for any variables. And, based on the 

assumption that the error of the signal bias is larger than that of the device movement, R is 
assumed to be larger than Q. The resulting values of Q and R are as follows: 
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In order to analyze the performance of AZ-NNSS with the interpolation method, we used 

the interpolation model based on the distance between the calibration points, and the 
proportional equation using the RSSI value of the location. We selected 43 calibration points 
at the intersections of the experimental environment. And, we added interpolated calibration 
points (calculated by the interpolation model) between the selected calibration points, such 
that the distance of neighboring off-line data points was approximately one meter. As shown 
in Fig. 4, if we know the signal strengths S1 and S2 of points A and B, and calculate S3 of C, 
which is a distance of d1, d2 from A and B, respectively, the proportional equation of distance 
and signal is as follows:  
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Equation (14) can be reorganized as an interpolation model for S3 as follows: 
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Fig. 4. Example of using the interpolation method to determine calibration points. 
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4. Environment 
The experimental environment was an office space of 25 m (width) by 45 m (height), as shown 
in Fig. 5. The office space was divided into office partitions of about 160 cm, and the 
experimental environment included nine meeting rooms. A total of six wireless access points 
(APs) were used, and they were located within the experimental environment. After the 
installation of the APs, we confirmed that signals from each AP can be received at the entire 
set of points in the experimental environment. The AP used in the experiment was commercial 
off-the-shelf equipment. For AP1, AP2, and AP3, Anygate RG-3500A was used, and for AP4, 
AP5, and AP6, ipTime G304 was used. Both types of AP equipment supported the 802.11b/g 
transmission standard, which uses the 2.4GHz band. The RSSI signal strength was sampled 
every 0.6 seconds. Therefore the update of the location was done in 0.6 seconds plus the 
computation time to calculate the estimated location. 

In the experimental environment, a total of 275 calibration points was chosen, and the 
spacing between them was 90 cm. The data collection was performed in two phases; offline 
and online data collection. The radio map of the experimental environment consisted of offline 
data, which was compared with online data and the AZ-NNSS algorithm for location 
estimation. The online data was a small quantity of data collected in real-time for estimating 
the location of a device. 

For data collection, six AP signals for a designated direction at a designated location were 
collected every 100 ms. This was defined as one tuple, as shown in ([15]). In the case where 
signals wre not received from some APs, we excluded the tuple. The directions were defined 
as East, West, South, and North, based on the assumption that the direction towards the bottom 
of the experimental environment shown in Fig. 5 is North. 
 

),,,,,,,( 64321 ssssssssssdyx     (16) 
 

We collected a total of 20 tuples for offline data, using the four directions of each of 275 
locations. The method of data collection of the online and offline data was the same, except 
that online data was collected a few days after offline data, in order to avoid data dependency. 
After collecting the online data, we selected three movement paths from the experimental 
environment. We selected a total of six scenarios by applying a uniform motion of 0.9m/s and 
a variable speed motion of 0.9m/s, 1.35m/s, and 1.8m/s to each movement path. Then, we 
created five different online data sets(ODSs) using the collected online data for each scenario. 
Each ODS consisted of three randomly sampled tuples from the online data for the designated 
location of the related scenario. 

In order to apply the collected data to the algorithm, we used the average of the data 
received from each AP for the designated location and direction. The online and offline data 
was similar, except that the direction information was excluded from the online data. 
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For the signal measuring equipment, the HP IPAQ hx2790 equipped with Windows Mobile 
5.0 and a built-in wireless LAN module was used. For data collection, we wrote an application 
for Windows Mobile 5.0 using the NDIS library from [24]. 
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Fig. 5. Experimental environment. AP# depicts the access points, and the short, bold dark gray lines are 

partitions. 

5. Results 
For each scenario, five different ODSs were performed, and the average accuracy was 
calculated. The same movement path was used for  scenarios one and two, three and four, and 
five and six, respectively. For scenarios one, three, and five, uniform motion was used. The 
other three scenarios used the variable speed motion.  

For basic performance evaluation of AZ-NNSS, we performed a comparison test with 
K-NNSS and a version of the Bayesian algorithm [25] found in the literature. The overall 
performance of AZ-NNSS showed around 4% higher accuracy than K-NNSS in all scenarios, 
as shown in Table 2, though AZ-NNSS on average used only 37% of the calibration points 
that K-NNSS used, as shown in Table 1. The reason for the low number of calibration points 
used is that AZ-NNSS adaptively uses less amount of points. The percentage of calibration 
points used by K-NNSS is also shown in Fig. 6. This means that if we choose AZ-NNSS 
instead of K-NNSS, we can estimate the location of devices in broader areas more rapidly with 
the same computing  resources, or estimate the location of more devices using the same 

Meeting rooms 
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computing resources. If the accuracy of AZ-NNSS and K-NNSS is compared, the 3 m hit ratio, 
which shows whether the actual and estimated location are within a certain range,  was 
consistently improved for all scenarios, as shown in Table 2. This is because AZ-NNSS 
enhanced the accuracy by calculating VEP using VVW. The mean error distance (MED) was 
improved for all scenarios, as shown in Table 3. The percentage improvement of MED is 
shown in Fig. 7 ; the average is around 9%. As shown in Table 2 and Table 4, the AZ-NNSS 
performs better than the Bayesian method. In order for the Bayesian method to estimate the 
location there is more calculation needed than the AZ-NNSS method. 

When the Kalman filter was applied to the AZ-NNSS algorithm, the hit ratio and MED 
improved for all scenarios, as shown in Table 4 and Table 5, respectively. This is because the 
Kalman filter prevents the estimation result from being biased towards the expected value, and 
ensures that the deviation of the estimation result is as small as possible.This affects 
subsequent estimation results. The percentage improvement of MED when applying the 
Kalman filter to AZ-NNSS is shown in Fig. 8, the average is around 16%. The total percentage 
improvement compared to the K-NNSS method is shown in Fig. 9; the average is around 24%. 

Table 1. Comparison of calibration points usage between K-NNSS and AZ-NNSS 

Scenario K-NNSS AZ-NNSS 
1 579,600 211,028 
2 634,800 222,532 
3 1,010,160 335,104 
4 618,240 240,256 
5 966,000 347,644 
6 596,160 253,048 

 

Table 2. Comparison of 3 m hit ratio between K-NNSS, Bayesian and  AZ-NNSS 

Scenario K-NNSS Bayesian AZ-NNSS 
1 50.67% 41.90% 54.48% 
2 51.13% 53.73% 54.09% 
3 55.52% 50.05% 58.80% 
4 51.79% 45.35% 55.71% 
5 56.23% 49.37% 61.94% 
6 50.56% 47.96% 55.56% 

Overall 53.21% 48.66% 57.37% 
 

 
Fig. 6. Percentage of calibration points used for the AZ-NNSS algorithm compared to the K-NNSS 

algorithm 
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Table 3. Comparison of MED between AZ-NNSS and K-NNSS 

Scenario K-NNSS AZ-NNSS 
1 3.4843 m 3.1524 m 
2 3.109 m 2.9588 m 
3 3.1396 m 2.8759 m 
4 3.1845 m 2.9373 m 
5 3.2716 m 2.8741 m 
6 3.5022 m 3.0877 m 

Overall 3.2648 m 2.9611 m 
 

Table 4. Comparison of 3 m hit ratio between AZ-NNSS.baysian with Kalman filter AZ-NNS with 
Kalman filter 

Scenario AZ-NNSS Bayesian with 
Kalman Filter 

AZ-NNSS with 
 Kalman Filter 

1 54.48% 62.47% 62.10% 
2 54.09% 66.43% 63.30% 
3 58.80% 62.21% 70.71% 
4 55.71% 60.35% 72.14% 
5 61.94% 69.82% 72.80% 
6 55.56% 62.22% 63.33% 

Overall 57.37% 64.51% 68.17% 
 

 
Fig. 7. Percentage improvement of MED for AZ-NNSS compared to K-NNSS 

 

Table 5. Comparison of MED between AZ-NNSS and AZ-NNS with Kalman filter 

Scenario AZ-NNSS AZ-NNSS with 
 Kalman Filter 

1 3.1524 m 2.6979 m 
2 2.9588 m 2.5594 m 
3 2.8759 m 2.3346 m 
4 2.9373 m 2.4092 m 
5 2.8741 m 2.3467 m 
6 3.0877 m 2.5718 m 

Overall 2.9611 m 2.46 m 
 
In order to test the interpolation model, it was applied to the AZ-NNSS algorithm with the 

Kalman filter, and this resulted in 6% accuracy degradation, as shown in Table 6 and Table 7, 
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respectively. However, given the fact that using only 43 out of 275 calibration points can 
reduce the calibration work-load, this is a fast and practical alternative for real-world 
applications. Even with the accuracy degradation, the overall performance is still better than 
the AZ-NNSS algorithm alone. 

 

 
Fig. 8. Percentage improvement of MED for Kalman filter with AZ-NNSS 

 

 
Fig. 9. Percentage improvement of MED for Kalman filter with AZ-NNSS compared to K-NNSS 

 

Table 6. Comparison of  3 m Hit Ratio between AZ-NNS with Kalman filter, and interpolation method. 

Scenario AZ_NNSS  
with Kalman Filter Interpolation 

1 62.10% 52.38% 
2 63.30% 56.87% 
3 70.71% 67.65% 
4 72.14% 69.29% 
5 72.80% 62.86% 
6 63.33% 57.41% 

Overall 68.17% 61.88% 
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Table 7. Comparison of Mean Error Distance between AZ-NNS with Kalman filter and interpolation 
method 

Scenario AZ_NNSS  
with Kalman Filter Interpolation 

1 2.6979 m 3.1562 m 
2 2.5594 m 2.9576 m 
3 2.3346 m 2.5036 m 
4 2.4092 m 2.4719 m 
5 2.3467 m 2.7816 m 
6 2.5718 m 2.9916 m 

Overall 2.46 m 2.7775 m 

5. Conclusions 
In order to enable an accurate estimate of a device indoors, this research improves the previous 
method while reducing the compuation load. This paper presents the adaptive zone K-NNSS 
(AZ-NNSS) algorithm, which is an extension of the K-NNSS method. Our AZ-NNSS method 
uses the velocity of past movement to select a subset of calibration points and estimate the 
location of a device. The results show an average 9% improvement in location estimation 
accuracy for six scenarios with the AZ-NNSS algorithm, while the number of calibration 
points used is reduced by an average of 37% compared to the K-NNSS method. 

When the Kalman filter was used to enhance the accuracy, the percentage of improvement 
increased to 24% compared to the K-NNSS method. The number of calibration points 
remained the same as the method with AZ-NNSS alone. 

Analysis of the results in terms of the computation load shows that we can estimate the 
location of more devices in broader areas, or estimate the location of the same number of 
devices more rapidly, with the same resources, by using AZ-NNSS instead of K-NNSS. Also, 
from the perspective of accuracy, the results show that AZ-NNSS improves the accuracy by 
using Velocity Vector Window (VVW) to calculate the Velocity Estimated Point (VEP). 

Finally, this research tested the interpolation method. We showed that it significantly 
reduced the calibration work-load, at the cost of a loss of accuracy. However, if the time 
required to estimate the location is an issue, the interpolation method must be used, because 
the method enables additional improvement in the computation time.  
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