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Abstract: The vast amount of mobile smartphone users 

provides an infinite source of data for crowdsourcing. 

Crowdsourcing provides an economical method of gathering data 

to cover a large geographical area compared to traditional 

methods. However, the inaccurate predictions for base station 

localization derived from mobile crowdsourcing impacts its 

effectiveness for use in radio planning. Therefore, the purpose of 

this study is to design a model that can yield a more accurate 

localization through the introduction of a rule-based weighted 

classification. The methodology deployed is a permutation series 

based on fingerprint of the cell site with weightage derived from 

rule-based classification. DeLaunay triangulation and Voronoi 

diagrams are used to determine the positions of the existing base 

stations and the prediction of new site location respectively. The 

expected results are better accuracy of the classification model in 

the localization prediction of the base station leading to a more 

accurate prediction of new site location. 

 
Index Terms: Crowdsourcing, Triangulation, Fingerprint, 

Weighted range 

 

I. INTRODUCTION 

To date, there are approximately five billion unique mobile 

subscribers on the planet and this number is expected to rise to 

approximately six billion by 2025. According to GSMA 

Mobile Economy 2018, 57% of these are smartphone users 

and the figures are poised to grow to 77% by 2025. These 

figures are further enhanced by the actual number of SIM 

(Subscriber Identity Module) connections, which stands at a 

staggering 7.8 billion as of 2017 and expected to reach 9 

billion by 2025. The mobile industry contributes about 

USD3.6 trillion or 4.5% to the world GDP. These mobile 

subscribers and the services involved are supported by 

enablers which are the cellular base stations propagating its 

coverage using several technologies such as 2G, 3G, and 4G. 

There are thousands of these base stations deployed 

worldwide however these are well kept secret by the MNOs 

(Mobile Network Operator) as these are used for mobile radio   
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planning to create competitive advantage [1, 2]. Official 

public databases containing positions of these cellular base 

stations are generally non-existent and their accuracy has 

been the subject of several studies [2-5]. Therefore, this study 

shall focus on improving the inaccuracy of geo-positioning  

localization of signal source derived from mobile 

crowdsourcing data. Many studies on localization have 

concentrated on outdoor and indoor localization of mobile 

devices [6-10]. Many of these studies involve crowdsourcing 

as it is a promising method to gather samples to create an 

outdoor radio map [11]. Crowdsourcing is a term coined to 

indicate work performed by a large group of people through 

voluntary basis compared to the traditional method of 

self-sufficient engagement of work [12]. The approach can 

generate a large amount of data sufficient to generate a 

sizeable radio map. However, effort is taken to manage its 

outliers due to radio propagation properties which are 

susceptible to terrain, Rayleigh fading, multipath fading, 

reflections and obstacles which may affect the samples [13].  

Other issues such as accuracy of user equipment and errors 

generated by these volunteers are to be noted. Accordingly, 

studies done with crowdsourcing does show inaccuracies 

related to prediction of the intended position whether mobile 

device or cell site location for both indoor and outdoor 

environment [2-5, 8]. Nevertheless, crowdsourcing is a good 

alternative to traditional method such as wardriving and 

warwalking, which requires lots of time, cost and effort. In 

contrast, though traditional methods describe a systematic 

approach, however, it is a cross sectional method and does not 

offer the data coverage that crowdsourcing can generate. 

Some of the available public databases used by researchers 

are OpenCellID, OpenBMap OpenMobileNetwork and 

OpenSignal [2].These large databases are loaded with 

datasets gathered by crowdsourcing approach. Studies by [2, 

14] indicate that inaccuracies exist within the dataset when 

estimation algorithms are applied onto it. Some of the known 

approaches studied are centroid-based approach, weighted 

centroid based approach, minimum enclosing circle, grid 

based approach, coverage area estimation (model based), and 

highest RSS (Radio Signal Strength). A summary of seven 

collective approaches is shown in Table 1. 

These approaches have their strengths and weaknesses. 

Findings from the studies indicate that there is no algorithm 

that can perform consistently due to variances in the dataset.  
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However, studies do point to weighted centroid as being 

stable overall [14]. These variances affect the accuracy of the 

estimated base station localization. Therefore, the purpose of 

this study is to improve the accuracy of the current method of 

predicting localization of cell sites using crowdsource data. 

To achieve this, several issues need to be investigated: 

a. Further exploration and analysis on quantified 

crowdsourced geolocation data. 

b. Variances in the crowdsource data. 

c. Algorithm used for accuracy. 

d. The effectiveness of using crowdsource data for 

policymakers to make informed decisions. 

e.  

Table 1. Summary of seven collectively used localization 

approaches 

 

II. LITERATURE REVIEW 

In this section, we explored relevant sources in relation to 

our research problem.  

.Wardriving and warwalking 

Wardriving is a process where a vehicle drives within a 

selected area while recording measurements from cell towers 

within its coverage proximity [24]. Warwalking is generally 

referred to the same task however; it is carried out on foot 

typically in malls or high rise buildings. Traditionally, this 

task is carried out either by the MNO, its vendor or both 

together. These tasks are routinely carried out by regulators 

worldwide to benchmark each service provider’s service 

quality. In contrast to wardriving by crowdsourcing, the 

approach offers large scale measurements, however; the 

measurements are often filled with variances. Some of the 

common reasons are unstandardized equipment and methods 

of collection resulting in uneven datasets. 

The task is carried out using one or several test phones, 

recording software equipped with a GPS (Global Positioning 

System) for positioning. These tests are pre-determined to 

measure certain parameters defined and agreed by both the 

vendor and MNO [25]. The task requires a considerable 

amount of resources such as vehicles, radio engineers, 

drivers, time, software and expensive test equipment [26, 27] 

. The cost of conducting these works can be astronomical 

when a large area is to be covered and has risks such as 

equipment failure and site outage leading to repetitive work to 

be done. Crowdsourcing was an approach used by researchers 

to gather RSS measurement in large areas with a much 

reduced cost. Some of the available projects are seen from 

databases such as OpenCellID, OpenBMap, and OpenSignal. 

These databases offer a vast amount of dataset for research 

use as carried out by [2, 14] and many more. The studies done 

involved datasets from various countries and offer insight into 

how its radio mapping look like while contributing erroneous 

localization information for future researchers to work on. 

Databases 

There are several public databases used by many 

researchers. Among the common ones are OpenCellID, 

OpenBMap, and OpenSignal [2]. These databases contain 

datasets gathered from crowdsourcing for both mobile and 

WiFi. Works  by [2, 14] utilised these databases. Neidhardt 

[2] compiled a list of available databases however, only the 

open cellular databases are used for the study as shown in Fig 

1. 

 

 

 

 

 

 

 

 

 

 

 

 
COMMERCIAL CELLULAR DATABASE

Database Operator Since Cells Countries Operators Data Quality

MyLocation Google 2007 many Global Global High

NA Apple 2010 NA NA NA NA

NA Microsoft & Nokia 2011 NA NA NA NA

WPS Skyhook Wireless NA NA NA NA NA

location-api.com Combain Mobile AB NA >32mil >200 NA 96% success rate

NA Navizon NA NA NA NA NA

opensignal.com OpenSignal 2010 830k Global 825 NA

NA Cellspotting NA NA NA NA Symbian only

NA Ericsson NA >18.3mil Global NA offline

NA cellid.telin.nl NA NA NA NA offline  
 

Fig 1. Overview of available databases [2] 

 

Li [14] produced their findings using open cellular 

databases as well. A study conducted to compare the 

investments of MNO in the provisioning of mobile coverage 

in the city against its rural counterpart against income-level 

indicated that the latter are often excluded or received less 

attention. The result of the studies were made available 

through the availability of crowdsource data from OpenSignal 

[1]. Another option to gather large scale data is through the 

use of CDR (Call Detail Record) however; this method 

requires arrangement with the MNO. A study was done to 

identify and locate places where people frequent such as 

restaurants, malls and nightspots [28]. Other approaches 

include extracting data from base stations and internal 

databases in XML format. A study was done using XML data 

to visualize good cell and bad cell using Google map to relate 

mobile user behavior and cell performance [29]. However,  

# Localization Approach Estimated Basestation Position 

1 Centroid [15] Middle of geometric measurement  

2 Minimum Enclosing Circle [16] Middle of minimum enclosing circle of total samples 

3 Weighted Centroid [17]    Middle of RSS-weighted geometric samples  

4 Grid based [18] Middle of grid within likelihood of strongest RSS 

5 Ecolocation [19]   Position with the highest statistical value for 

RSS-distance relationship heatmap  

6 Highest RSS [20] Position of sample with the highest RSS value 

7 Model based [21-23] Position of the strongest predicted RSS using a model 

tuned propagation model 
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both XML and CDR methods require permission from the 

MNO and adherence to privacy laws. In summary, public 

databases are a good source of data as it contains a large set of 

data from crowdsourcing which offer researchers volume 

across different terrain, countries, and technology.  

Crowdsourcing 

Crowdsourcing is an outsourced task towards the crowd 

instead of regular workers [12]. Achtzehn [26], in their 

research work, used mobile crowdsourcing data to monitor 

the radio environment met with limitations in positioning 

accuracy. However, the research proved the worth of 

crowdsourcing in gathering data from across several 

operators instead of traditional methods where the focus is 

usually on a single operator. Li [14] utilized public 

crowdsourcing database to perform localization prediction 

also met with poor results and very high variances. However, 

it is noteworthy to say that the analysis was across several 

countries and could not have been accomplished without the 

help of crowdsourcing. This is similarly echoed by earlier 

research done by [2]. Among the other usage of 

crowdsourcing for the mobile sector is for benchmarking 

several mobile networks together. The study done to pursue 

this involved dataset with over two million instances. The 

study showed a tremendous potential of the importance of 

using this paradigm for the purpose of benchmarking  [30]. 

Regardless of the known variances from crowdsourcing data, 

researches still embark on utilizing the model to study 

localization even for indoor environment. Many end up in 

concluding the necessity of outlier removal and validation of 

their proposed schemes [13]. As a conclusion, crowdsourcing 

data can be used for the purpose of the study however; 

emphasis should be placed on its outliers which causes high 

variances. 

Outliers 

Outlier detection is the process to detect deviation and to 

clean them. It is an essential stage in any data analysis 

methodology [31]. The process involves identifying data that 

deviate from the patterns shown by other data in the dataset. It 

can be measured by standard deviation, min, max and means 

values statistically [2-5, 8, 14]. These basic measurements are 

important for reliability and validity purposes. A study done 

to localize the positions of small cells using network 

measurement reports face erroneous location information due 

to outliers. The study suggested using RF (Radio Frequency) 

fingerprints gathered from these measurements to be used to 

eliminate UE (User Equipment) measurement reports with 

erroneous information on locations. These UE measurements 

with erroneous locations showed variances as large as 200km 

for rural areas and as small as 50m. The finding of the study 

proved that discarding these erroneous UE measurements 

increased the effectiveness of the small cell localization 

algorithm where large location errors (larger than 100 meters) 

can be eliminated compared to non RF fingerprint methods 

[32].The study claims to provide an accuracy of 20-50% 

improvement of the serving cell size where a typical cell 

radius of 250m yields location accuracy of approximately 

50m to 125m. The result is consistent with other studies where 

outliers proved to be the concentration of other studies 

regardless of the algorithm used [2, 10, 14, 18, 24, 32, 33]. Li 

[14] approach of handling outliers was to characterize the 

crowdsourced datasets into spatial, localization algorithm and 

combined RSS with spatial. These are illustrated in Fig 2. 

Similar issues on outlier variances were faced by studies to 

predict outdoor base station positions [2, 4, 26] and WiFi 

positions [3, 13]. The common methods used to discard 

outliers are dependent on the algorithm used. Table 2 shows 

the drawbacks of several ways when managing outliers. 

 

 
Fig 2. Features handling outliers [14]  

 

A study on radio coverage threshold observed that 

coverage can be categorised into several categories using live 

random drive test technique as suggested by [37]. The key 

performance indicator to measure the level of radio signal 

with 2G Global System for Mobile communication (GSM) is 

shown in Fig 3 as RxLev.  

 

 
Fig 3. Signal strength categories of several mobile 

generation technologies [34] 

 

RxLev yields a negative value in dBm corresponding to the 

strength of the downlink radio signal. A mobile station (MS) 

must receive a signal greater than the parameter 

RXLEV_ACCESS_MIN [37, 38] to be able to access the 

mobile service. Third generation or 3G Universal Mobile 

Telecommunications System (UMTS) networks measures its 

radio signal using CPICH RSCP (Common Pilot Channel 

Received Signal Code Power) and Ec/No (energy per chip 

over noise ratio). Similarly the CPICH RSCP is a negative 

value measured in dBm [37, 38]. Fourth generation or 4G 

measures its radio signals using RSRP (Reference Signal 

Received Power). It is defined as the linear average over 

power contributions of the resource elements that carry 

cell-specific reference signals within the considered 

measurement frequency bandwidth [37, 38]. 
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The study on autonomous coverage prediction comparing 

traditional drive test versus crowdsource indicated that better 

results can be achieved if a better prediction technique based 

on measurement distribution, environmental information and 

measurement density can be included in its algorithm [4, 39]. 

This is echoed by the study done to differentiate the impact of 

indoor and outdoor signal measurements from crowdsourced 

data. The attempt suggested that mixing indoor and outdoor 

measurements leads to unreliable results [40]. Other similar 

researches also indicated performance variances in prediction 

accuracy for localization due to high amount of variance in 

outliers in the crowdsourcing instances [2, 14]. Overall 

finding suggests that total removal of outliers may not be a 

solution however, a new way to utilize these data by 

classification could be an answer. 

 

Table 2. Drawbacks of common approaches 

 

 

 

Radio Positioning and Localization Methods 

Radio positioning is generally recognized as a method of 

determining the geographic position of a radio device using 

the properties of radio signals. Positioning systems determine 

coordinates of an object whereas localization systems place 

these objects on the map [6]. The methods used are classified 

into the categories as illustrated in Fig 4. 

 

 
Fig 4: Classification of localization methods [10] 

 

Triangulation, Lateration and Angulation 

Lateration is an approach to determine the position of an 

object using distances between nodes while angulation uses 

the angles between the nodes. Lateration is divided into two 

algorithms which are trilateration and multilateration [41].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Multilateration (MLAT) is a surveillance method which 

measures the difference in distance to two stations at 

identified positions by broadcast signals at identified times. 

The technique yields an infinite number of locations that 

satisfies the measurement. In comparison, trilateration is the 

method to determine absolute or relative position of points by 

measuring distances through overlapping circles, spheres, and  

Algorithm Approach Disadvantages 

Centroid[2, 

15] 

All measurements inside polygon are equal weight. Include outliers inside 

measurements. Prone to high 

inaccuracy due to method. 

Weighted 

Centroid[2, 14, 

17] 

 

Classify each measurement to a weight of 0 and 1 using 

formula below: 

=  

where: 

wk = weightage 

rssik = signal instance (k) 

rssimin = minimum signal in group 

rssimax = maximum signal in group 

Dependant on size of sample. Each 

group may yield different 

minimum and maximum values.  

Weak RSS have high tendency of 

variances and error due to radio 

propagation properties [34]. 

Grid based[2, 

35] 

 

Modified fingerprinting method based on grid mapping 

mean and standard deviation of RSS inside the assigned 

grid.  

The probability of observing cell j with signal intensity of 

s in grid i is given as 

  
where: 

μij = mean  

Ơij = standard deviation 

j = observed cell 

s = signal intensity 

i = grid 

Middle of RSS-weighted 

geometric samples  

Highest 

RSS[10, 20, 

24, 36] 

 

Strongest RSS estimates a cell’s location as the location 

of the measurement with the strongest observed RSS 

from that cell. This approach works well when a cell is 

located close to the road where wardriving measurements 

were collected, but often fails otherwise. 

Middle of grid within likelihood of 

strongest RSS 
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triangles. Triangulation differentiates itself by not involving 

the measurement of angles. A known method is Delaunay 

triangulation and Voronoi diagram [42]. A study on WSN 

(Wireless Sensor Networks) used Delaunay triangulation and 

Voronoi diagram to locate and discover blind zone which 

represents a coverage hole within a group of clusters [43]. 

Similarly, other researchers used Delaunay triangulation and 

Voronoi diagram (see Fig 5) to generalize point features 

arranged in clusters such as thematic dot maps on 

cartographic maps [44]. Another study also indicated that 

Voronoi-based cell plans are better for location positioning 

however adding Bayesian method over it may not improve its 

accuracy for coverage prediction purposes [45]. 

 

 
Fig 5: Voronoi diagram [23] 

 

Angle measurements are positional solutions obtained by 

calculating geometric intersection points using circles derived 

from measurements such as time of arrival (ToA), time 

difference of arrival (TDoA) or even received signal strength 

(RSS). A study done using circle and DeLaunay triangle to 

locate coverage hole and boundary nodes for wireless sensor 

nodes (WSN) suggested that the algorithm can provide good 

performance [46]. Akbari [39] argued that the method of 

coverage estimation using geometry coordinates obtained 

from positioning techniques such as OTDOA (observed time 

difference of arrival) and A-GPS are prone to errors, 

therefore, the positions are tagged wrongly. Indoor 

environment, positioning techniques use WLAN (Wireless 

LAN) and RFID (Radio Frequency Identification). The study 

concluded that as long as these errors are not corrected the 

accuracy of prediction is affected hence requiring margins to 

be introduced. A study on location based services using TOA 

to calculate the location of a target mobile using nonlinear 

least squares indicated that prediction accuracy decreases 

when the number of base station is larger than five [3]. Similar 

studies using TDoA and AOA to locate a point source in a 

three dimensional space indicated that a hybrid method 

increases prediction accuracy. However, the study only uses 

two stations for prediction and requires known positions for 

both sources to improve accuracy [47]. 

Scene Analysis and Fingerprinting 

Leca [3] studied characteristics of outdoor radio 

fingerprinting positioning using WiFi crowdsourcing data. 

The research found that fading influence caused by the 

environment results in high variances over 6dB for RSS 

values below -80dBm while better RSS values have standard 

deviation below 5dB. Similarly, studies by [32] to determine 

small cell site locations using geo-located UE (user 

equipment) measurement reports suggested that RF 

fingerprinting method improves accuracy compared to other 

techniques. However, the method only considered reliable UE 

geo-location measurements while all outliers are removed. 

Neidhart [2] used a grid based approach combined with 

fingerprinting to estimate a cell site position. According to [8] 

fingerprinting can be divided into four types i.e. visual, 

motion, signal and hybrid while localization objectives are 

categorized into three i.e. accuracy, energy efficiency, and 

latency. Each type and objectives are plagued with problems 

related to high variances and prediction accuracies in line 

with findings of other studies such as [2-4, 8, 14]. 

Proximity detection 

A study done to characterize mobile phone localization 

using public dataset by OpenCellID resulted in high amount 

of errors in the form of erroneous cell IDs, antenna dragging, 

severe outliers, and unrealistic cell sizes [33]. Similarly, a 

study done to localize Wi-Fi positions in indoor environment 

met with challenges due to sparse coverage [48] . However, 

the study also found that using AP (Access Point) ranking and 

BSSID (Base Station ID) as fingerprint encourages good 

results. Li [14] shared similar findings where outliers were a 

problem even when a combination of techniques was used 

including machine learning. The observation showed that the 

combination technique has higher accuracy compared to the 

other methods however; outliers were a major challenge. The 

review indicates that a combination of methods works best to 

achieve better prediction leading to higher accuracy. The 

management of outliers play an important role in the goal to 

achieve better accuracy. 

III. METHODS 

The purpose of the study is to determine the best method to 

improve the prediction accuracy of base station location using 

crowdsource data. This study shall utilize data from selected 

public open source database. A control data setup shall be in 

place to act as a reference for signal strength versus distance 

from a known base station location. The predicted base 

station position shall be evaluated and validated with ground 

based data to test the accuracy of the prediction. The general 

overview of the experiment is illustrated in Fig6. The 

proposed tools required for input and data collection are: 

a. Internet access to download public database data in text 

or CSV format. 

b. Industry standard drive test kit to do the drive test. 

c. Apache, MySQL webserver. 

d. Anaconda software with Python version 3 (i.e. Spyder) 
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Fig 6: Overview of total prediction process 

 
Preparation of data involves the detection and handling of 

outliers. The proposed method is rule based weightage 

classification as shown in  

Table 3. 

 

Table 3: Proposed Rule Based Weightage Classification 

Table 

 
 

Using highest RSS technique, the signals are classified into 

categories of excellent, good, average, and bad. From 

literature review, it can be concluded that these ranges are 

valid and applicable to all technology [37]. Though there are 

improvements in receiver sensitivity for newer technology 

however, the relation of these signal strengths towards 

outliers is a known fact. Each measurement shall be marked 

with their weightage indicators together with its 

corresponding fingerprint of CellID. A CellID is a unique 

identifier of a base station and has 3 sectors as a standard. 

These are similar across all technologies. An example of the 

combination of these measurements and weight is shown in 

Table 4.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4: Composition of Weight per instance 

 

 
 

The final stage introduces clustering of the weighted data 

from Table 4. The clustered plot of these data is then passed 

through the triangulation stage where the center of the 

predicted position denotes the site location. Accuracy of the 

prediction is based on the permutation extracted from the 

weightage and clustering method. A higher weightage matrix 

for each cluster is expected to yield more accurate results. 

IV. RESULTS AND DISCUSSION 

In this research work, we have explored relevant research 

work done by other researchers to construct our proposed 

model. In summary, the overall processes in our proposed 

model consists of six steps which involves; (1). Extract known 

position, (2) Map with fingerprint, (3) Classify the data, (4) 

Rank the data, (5) Triangulate (6) Report and, update the 

database; lastly the process will be repeated from process (1) 

to (6). With the introduction of rule based classifiers, this 

research work is expected to yield better results as the 

instances are further narrowed down closer to the imagined 

base station position. As the classification yields a possible of 

81 permutations per technology, it also permits a possible 

combination of technology dependent results to be compared 

with. Here, the likelihood of all technologies is located at the 

same site is relatively high therefore the absence of a good 

weightage set can be replaced or overcome by other 

permutations from another technology. It is also suggested for 

future work to emphasize on other outlier techniques with the 

combination of satellite imagery to predict the actual position 

of the base station. 
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