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Abstract  

Many Received Signal Strength (RSS)-based fingerprinting positioning techniques have been 

recently proposed to exploit the increased coverage and availability of WiFi access points 

(AP) in both indoor and outdoor environments. One practical challenge in the fingerprinting 

approach is on the device diversity problem and several prior works have attempted to 

mitigate this adverse effect. However, these existing algorithms can only work well for indoor 

environments. In this paper, we propose a novel power-gap elimination (PGE) algorithm for 

outdoor vehicle positioning. Our experimental results show that the fingerprinting-based 

vehicle positioning is also feasible even in the presence of device diversity, which can be 

handled by incorporating the PGE. Moreover, we also propose a new method to obtain the 

level of accuracy for a location estimate in a real-time manner, so that a location estimate can 

be more informative.  

Keywords: vehicle positioning, fingerprinting, heterogeneous devices. 

 

I. Introduction  

In the recent past, numerous applications have emerged that rely on accurate and continuous 

location information [1]. Global Positioning System (GPS) is the primary source of location 

estimates for these applications. However it has its shortcomings, e.g. it requires some time to 

get the first fix and does not perform well in tunnels or urban canyons, due to the loss of 

line-of-sight (LOS) [2]. Hence, there is a need for alternative technologies to be developed to 

augment the GPS-based positioning. The IEEE 802.11 wireless local area networks (WLAN) 

is commonly deployed in most urban environments, and therefore localization methods that 

rely on WiFi signals have become the primary alternative to GPS. Several kinds of location 

dependant features are utilized to infer locations, e.g. angle of arrival (AOA), time of arrival 

(TOA), the time difference of arrival (TDOA) and receive signal strength (RSS). Nevertheless, 

most of the WLAN localization systems are now incorporating RSS to estimate location since 

RSS is easy to be collected and does not require any dedicated hardware.  
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There are two basic localization approaches based on WiFi signals, i.e. radio frequency (RF) 

propagation approach and WiFi fingerprinting [3]. The latter approach has received much 

attention and is considered to be more viable as it provides better accuracy [3]. There are two 

phases in the WiFi fingerprinting, i.e. training phase and testing phase. In the training phase, 

the RSS data are collected at many training locations as records. In the testing phase, location 

estimate is performed through comparison between the testing RSS readings and the training 

records.  

One critical challenge in WiFi fingerprinting approach is device diversity problem, which 

refers to the deviation between a users’ device and a device employed to construct the RSS 

fingerprints [4]. Several works are proposed to deal with the issue of device diversity [4], [5]. 

However, they are dedicated for indoor environments and cannot work well for outdoor. 

Hence, in this paper, we propose a novel power-gap elimination (PGE) algorithm for outdoor 

environment. Our proposed algorithm  can eliminate the power-gap of the testing device in 

real-time based on its historical RSS data, and therefore vehicle positioning based on 

fingerprinting is also feasible even in the presence of device diversity. In addition, we also 

propose a method to obtain the level of accuracy for a location estimate in real-time. Hence, 

with the levels of accuracy, the location estimates are more informative and can be utilized 

more efficiently. For example, when data fusion with other modalities is required, the fusion 

system can give more credits to those estimates with higher level of accuracy so that the 

fusion results are more accurate and robust.  

This rest of paper is organised as follows. First, we introduce some related works on wireless 

localization systems and techniques in Section II. We present a brief description of the 

proposed algorithms in Section III. In Section IV, we investigate the performance of the 

proposed PGE algorithm and also validate the method of calculating the level of accuracy. In 

Section V, we discuss some key remarks and future work on top of the current algorithms. 

Finally, we conclude this paper in Section VI.  

 

II. Literature Review 

WiFi fingerprinting has received immense attention over the past decade and currently many 

research centres are actively engaged on improving the accuracy of localization systems. 

Early research in this area has mainly focused on indoor applications, whereby the 

conventional GPS-based localization systems often fail. In the studies of indoor localization 

systems, WiFi fingerprinting techniques are usually employed in well-controlled indoor 

environments with very high AP densities [3], [6]-[8]. These studies suggest that the 

performance of the indoor localization systems can be achieved with median error ranging 

between 1-5 m. Next, we proceed to present the review of outdoor localization techniques and 

systems based on WiFi fingerprinting.    

The conventional approaches used for indoor localization can also be incorporated for outdoor 

positioning. Initially, Intel's Place Lab established the feasibility of metropolitan-scale WiFi 
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positioning with moderate positional accuracy using the existing wireless infrastructure of 

802.11 APs [9]. In well-calibrated areas, PlaceLab managed to perform localization with 

median accuracy of 15-40 m [10]-[11]. Research work in University of Tsinghua [12] claims 

that fingerprinting system provides better localization accuracy in the dense urban areas by 

adopting reasonable grid spacing and the number of APs. The system has achieved an 

accuracy of 10-15 m for 5x5 m2 grid spacing in terms of RMSE. Similarly, researchers at 

Stony Brook University carried out an experiment where they performed drive-by localization 

with accuracy of roughly 10-30 m using roadside WiFi networks [13]. The work in [11] 

presented a practical modification to localization systems to adapt to changes in the 

deployment of APs.  

One of the main challenges of WiFi fingerprinting approach is the device diversity, which 

refers to the inconsistencies between the devices used by clients and the devices utilized to 

compose the database of RSS fingerprints. Several research works have been conducted to 

investigate the problem. The work in [14] highlighted the difference in RSSI values across 

several devices but did not evaluate its effect on localization. In [9], Intel's PlaceLab tested 

cross-device GSM-based localization using three different devices, showing that the 

heterogeneity of training and test devices considerably degrades the accuracy of their 

fingerprinting method. 

However, relatively very few research works have focused on the issue of using 

heterogeneous devices. In some studies, robust features like detection rate, or response rate, of 

APs have been used to deal device diversity. For WiFi fingerprinting, PlaceLab incorporated 

response rate as an alternative set of features for localization and showed that its performance 

is comparable to that of signal strength based localization [11]. Similarly, Telematica Institute 

in Netherlands published their findings on indoor localization based on response rate of 

Bluetooth inquiries [16]. In [15], the power-bias between a reference device and other devices 

are calibrated and hence, during the testing phase, a signal from client's device is corrected 

before being fed to localization algorithm. Likewise, works in [17]-[19] linear transformation 

is implemented from one device to another, and the transformation is conducted either 

manually or on-line by using expectation maximization algorithm. In [5], signal strength 

difference (SSD) is suggested to be utilized instead of RSS to overcome device diversity 

because SSD is invariant to device diversity to a certain degree. However, the accuracy by 

using SSD degrades when there is no device diversity, since the information of SSD is less in 

comparison with RSS in this case. The work in [4] proposed a novel RSS model and a 

power-bias mitigation algorithm for fingerprinting-based indoor localization. Its experimental 

results revealed that it can eliminate the average power-bias efficiently. 

 

III. Localization Algorithm 

In this section, we briefly describe the algorithms employed in this work. To have a better 

explanation, we define the RSS model and the power-gap used. We employ the RSS model 
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from [20] as shown in (1) with dBm as the unit, where tp  is the transmission power, txG  

and rxG  are the transmitter and receiver antenna gains, plG  is the deterministic path-loss, 

w  is the noise caused by multi-path fading and shadowing. 

 t pl tx rxp p G G G w       (1) 

The power-gap of two devices is defined by the difference of their receiver antenna gains. 

Therefore, the average RSS of one location can vary across different devices. Hence, we 

formulate the power-gap as shown in (2), where p  denotes the RSS of the reference device, 

p  denotes the RSS of the other device, g  denotes the  power-gap, and  E   is the 

expectation operator. 

 
   
rx rx

g E p E p

G G

 

 
  (2) 

One mobile device can receive signals from many APs at a time, and therefore the RSSs can 

be converted into vector format. Each RSS vector is obtained by scanning one round of the 

nearby APs. We assume there are N APs in the whole area, and therefore each RSS vector is 

an N×1 column vector. Each entry of the RSS vector is one RSS reading from the 

corresponding AP, e.g. -60 dBm. It has to be noted that some entries may be unavailable due 

to the APs’ range limitation. They are set to -90 dBm, which represents the lowest signal 

strength detected. 

Next, we proceed to describe the algorithms employed in this work. First, we have employed, 

weighted k-nearest-neighbour (wKNN) as the localization algorithm, as it is commonly used 

in fingerprinting-based localization system [6]. Second, we have also proposed a power-gap 

elimination (PGE) algorithm to deal with the device diversity for outdoor environment. Last, 

we have proposed a method to obtain the level of accuracy in real-time, so that the results are 

more informative and can be utilized efficiently. 

In wKNN algorithm, we set the K to be 4. Therefore, we choose 4 nearest training locations 

based on the Euclidean distances between the testing RSS vector and the mean RSS vectors of 

all the training locations. Then, we calculate the weights of the 4 training locations by taking 

the inverse of the Euclidean distances (we set the weight to be a large number if the Euclidean 

distance is 0, e.g. the weight is assigned to be 100 if Euclidean distance is 0). At last, we 

normalize the weights so that the sum of the normalized weights is 1 and obtain the location 

estimate by using normalized weighted summation of the 4 training location coordinates. 

To deal with the issue of device diversity, [5] uses SSD as the feature instead of absolute RSS 

as SSD is more robust. Another work also developed a real-time power-gap mitigation (PGM) 

algorithm to mitigate the adverse effect of device diversity [4]. All these algorithms utilize an 

implicit feature, ranking of RSSs of nearby APs. In other words, the RSSs perceived by 
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different mobile devices at the same location can be different due to the variation of their 

receiver antenna gains. However, the ranking of RSSs should remain consistent across various 

mobile devices. Therefore, the adverse effect of device diversity can be mitigated by using the 

ranking of RSSs implicitly. However, these algorithms are dedicated for indoor environment 

in general, and they may not work for outdoor environment since the ranking of RSSs cannot 

provide a good differentiability. In other words, there are many training locations that share a 

similar ranking in outdoor environment. Hence, we have proposed a power-gap elimination 

(PGE) algorithm to mitigate the adverse effect brought by device diversity for outdoor 

environment. With the training device as reference, our proposed PGE can eliminate the 

power-gap of the testing device in real-time based on its historical RSS data. In this PGE 

algorithm, we first estimate the power-gap based on the latest RSS data collected by the 

testing device within a time window. Thereafter, we can obtain a new RSS vector by 

removing the power-gap from the original RSS vector. It should be noted that the time 

window is around 15 seconds for a typical Android device. 

We have also proposed a method to obtain the level of accuracy for a location estimate in 

real-time. In this method, there are 5 levels of accuracy and they are denoted by integers 1 to 

5. Statistically, the larger the level of accuracy is, the more accurate the location estimate will 

be. Hence, by employing this method, one location estimate can be classified into one of the 5 

levels of accuracy. The location estimate can be utilized more efficiently with the levels of 

accuracy. For example, when data fusion with other modalities is required, the fusion system 

can give more credits to those estimates with higher level of accuracy so that the fusion 

results are more accurate and robust. 

 

IV. Experimental Setup and Results 

We have conducted the experiments in Jurong Lake District (JLD), Singapore, as shown in 

Figure 1.  The data are collected via war-driving by using 3 mobile devices, i.e. Nexus 5 

LG-D821 (Nexus5), Huawei Honour U8860 (Huawei), and Samsung Galaxy 3 I9305 (S3). 

We have conducted three rounds of data collection via war-driving with an average speed of 

32 km/hour. Hence, we have obtained many RSS vectors and each RSS vector is obtained by 

scanning one round of the nearby access points (APs). The number of RSS vectors collected 

for the 3 mobile devices are 3861 (Nexus5), 5780 (Huawei), and 1982 (S3) respectively. The 

differences in the numbers of data are due to the scanning frequency, e.g. the scanning 

frequency of Huawei device is much higher than that of S3. 
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Figure 1 The experimental area, Jurong Lake District in Singapore. The blue dots represent 

the routes where the war-driving data collections have been conducted. 

We have employed the conventional wKNN as the localization algorithm. Now, we 

investigate the performance of our proposed PGE algorithm by using data collected from the 

three mobile devices, i.e. Nexus5, Huawei, and S3. We have examined the performance of the 

PGE algorithm under two scenarios, i.e. homogeneous case and device diversity. In 

homogeneous case, we separate the data from Nexus5 into two sets. One set is used for 

training, and the other set is used for testing. We have also implemented some existing 

algorithms that address the issue of device diversity, i.e. SSD and PGM. Their performances 

are shown in Figure 2. It should be noted that the numbers in the legend represent the mean 

error, 50 percentile of the errors, and 90 percentile of the errors respectively with meter as the 

unit. For example, in (17.8/13.0/15.1), 13.0 represents the 50 percentile of the errors and it 

implies half of the errors are within 13.0 m. 
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Figure 2 The performance of WiFi fingerprinting in JLD area for homogeneous case, i.e. 

training device: Nexus5, and testing device: Nexus5. Note that the numbers in the legend 

(x/y/z) respectively represent the mean error, 50 percentile of the errors, and 90 percentile of 

the errors, with meter as the unit. 

In Figure 2, it is clear and expected that the performance remains similar when PGE is 

employed in comparison with that of using wKNN only, since there is no power-gap in this 

homogenous case. It should be also noted that the performance gets a bit worse when SSD or 

PGM is employed, in comparison with that of using wKNN only. For SSD, it is because the 

information becomes less after SSD, i.e. the SSD vector is one dimension lower than RSS 

vector, and the random noises in SSD elements also become larger. For PGM, it is because the 

power-gap is often over-estimated in this algorithm as many training locations share a similar 

ranking of RSSs. 

 

In the scenario of device diversity (DD), we use the same training data from Nexus5 as that in 

the homogenous case, so that the comparisons are meaningful and consistent. We use two 

mobile devices, i.e. Huawei and S3, as the testing device. The empirical power-gaps of 

Huawei and S3 with Nexus5 as reference are -8 dB and -4 dB respectively. It is expected that 

the performance of wKNN degrades when we use Huawei and S3 as the testing device as 

shown in Table 1. For example, the 90 percentile of the errors increases and becomes 67.9 m 
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(Huawei) and 51.4 m (S3) from 35.1 m (Nexus5).  In other word, the radius of the confident 

circle with 90 percentile almost doubles. It is also clear that the performances with PGE are 

significantly improved in comparison with that of using wKNN only for both of the testing 

device. The absolute numbers show that the performances after PGE are comparable with that 

in homogeneous case. This observation demonstrates that our proposed PGE algorithm can 

eliminate the power-gap efficiently for outdoor environment. Hence, the vehicle positioning 

based on WiFi fingerprinting approach is also feasible even in the case of device diversity. 

 

It is worth to note that neither SSD nor PGM can work properly for outdoor environment as 

shown in Table 1. This is because both of the algorithms utilize ranking of RSSs of nearby 

APs as a robust feature implicitly. However, the ranking of RSSs cannot provide a good 

differentiability in outdoor environment as many training locations that share a similar 

ranking. 

 

Table 1: The performance of WiFi fingerprinting in JLD area with Nexus5 as the training 

device. The numbers (x/y/z) respectively represent the mean error, 50 percentile of the errors, 

and 90 percentile of the errors, with meter as the unit. 

Testing Device wKNN wKNN + SSD wKNN + PGM wKNN + PGE 

Nexus5 17.8/13.0/35.1 18.9/13.9/37.4 20.1/14.8/40.6 18.2/13.6/35.2 

Huawei (DD) 35.4/30.1/67.9 34.9/29.7/67.1 20.4/15.3/43.5 16.2/12.7/32.5 

S3 (DD) 23.1/16.2/51.4 22.3/16.0/46.5 23.2/16.6/52.3 17.8/12.5/38.6 

 

We have also proposed a method to obtain the level of accuracy for a location estimate. There 

are 5 levels of accuracy and they are denoted by integers 1 to 5. It should be noted that the 

level of accuracy can be calculate in real-time. For the location estimates in different level of 

accuracy, their statically properties are also different. Statistically, the larger the level of 

accuracy is, the more accurate the location estimate will be. To verify this claim, we 

investigate the statistical property of the location estimate for all the levels of accuracy, by 

using Nexus5 as the training device and Huawei as the testing device. We employ 3 statistical 

measurements, i.e. mean error, 50 percentile of the errors, and 90 percentile of the errors. It is 

clear that all the 3 statistical measurements become small when the level of accuracy 

increases as shown in Figure 3. Hence, we have verified the claim that the location estimates 

become more accurate statistically when the level of accuracy increases. 
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Figure 3 The level of accuracy for all the location estimates when using Nexus5 as training 

device and Huawei as the testing device. 

 

To have a better understanding, we have also plotted the coordinates of all the location 

estimates as shown in Figure 4. Each location estimate has a colour that indicates its level of 

accuracy, e.g. the level of accuracy for the location estimates with green colour is 5. Hence, 

we can obtain more specific information of the performance for a particular location estimate, 

in comparison with the overall performance used in conventional approaches. This 

information can be beneficial and utilized when fusion system is implemented with other 

modalities, e.g. inertial tracking system, GPS, and cellular based positioning system. For 

example, the fusion system can give more credits to those estimates with higher level of 

accuracy so that the fusion results are more accurate and robust. 
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Figure 4 Coordinates of the location estimates based on the testing data from Huawei, and 

each location estimate has a different colour to indicate its level of accuracy. 

 

V. Future Work and Discussion 

In this section, we discuss some key remarks on the current algorithms and its future work. 

First, the PGE algorithm requires the historical RSS data of the testing device, and therefore 

the system may still suffer from the device diversity at the initial stage, e.g. the first 15 

seconds. In this initial stage, it is better to use some alternative methods to deal with the 

device diversity. One possible future work is to record all the estimated power-gaps for 

various mobile models. For example, one customer uses the localization system today, and the 

system can store the average estimated power-gap as record. Thereafter, if anyone uses a 

mobile device with the same model, the system can use the previous record as an initial 

estimate of power-gap, so that the system does not suffer from the device diversity anymore. 

Second, the level of accuracy obtained is relative. In other words, this level of accuracy can 

indicate the accuracy of one location estimate is equivalent or better than the other one. 

However, it cannot tell exactly how much difference between two levels of accuracy. One 

practical approach is to convert this relative relationship into absolute numbers by using 

empirical evaluation from the training data. It should be also noted that the number of levels 

of accuracy can be larger than 5, e.g. 10, and 20. 

 

VI. Conclusion 

In conclusion, we have proposed a novel power-gap elimination (PGE) algorithm to address 

the device diversity problem in WiFi fingerprinting for outdoor environment. The 
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experimental performance under device diversity has been significantly improved and become 

comparable with that of the homogeneous case, by employing the PGE. These results 

demonstrate that the vehicle positioning that is solely based on WiFi fingerprinting approach 

is also feasible even in the presence of device diversity. Then, we also proposed a method to 

calculate the level of accuracy for a location estimate, which has been validated through 

extensive experimental results. Finally, some key remarks on the PGE algorithm and future 

works are discussed. 
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