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Abstract 

MDT Geolocation through Machine Learning: Evaluation of Supervised 

Regression ML Algorithms 

Aria Canadell Solana 

Josko Zec, Ph. D., Major Advisor 

Minimizing Drive Test is a statistical protocol used to evaluate the network 

performance. It provides several benefits with respect to traditional drive test 

analysis; however, multiple inconveniences exist that prevent cell companies from 

precisely retrieving most of the locations of these reports.  .  

 

MATLAB and Jupyter Notebook were used to prepare the data and create the 

models. Multiple supervised regression algorithms were tested and evaluated. The 

best predictions were obtained from the K-Nearest Neighbor algorithm with one ‘k’ 

and distance-weighted predictions. The UE geolocation was predicted with a 

median accuracy of 5.42 meters, a mean error of 61.62 meters, and a mode distance 

error of zero meters. Based on these results, there is evidence of the promising 

potential of machine learning algorithms applied to MDT geolocation problems.  

 

KEY WORDS: Minimizing Drive Test, Geolocation, machine learning, supervised 

regression, Jupyter, Phyton, MATLAB, K-Nearest Neighbor, Decision Trees.   
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Chapter 1. Introduction 

1.1 Problem Statement 

In these past couple decades, the cell phone industry has been rapidly expanding 

until becoming the most dominant technology in the telecommunication sector. 

Due to late-twentieth century advances on the mobile phone, the number of users 

has multiplied together with the network usage. The cellular industry has become a 

very competitive billionaire sector. The companies in it compete in an innovation 

race where the goal is to be able to offer better services to their customers at a 

lower cost.    

 

Traditionally, cellular network operators have been sending field engineers to 

collect radio measurements. The purpose of it is to check the network performance 

at particular locations. When the goal is to check large areas, this process becomes 

expensive and time consuming. That is where Minimizing Drive Test (MDT) 

becomes a big potential improvement. It intends to employ the users’ equipment 

(UE) to collect network measurements at a large scale.  

 

For MDT technology to successfully evaluate the whole network performance, the 

collected measurements need to be linked to the users’ location. Currently, there is 

a very low percentage of cell phones that report their geographic location due to 

technology and privacy issues. Due to this small number of reports, Minimizing 

Drive Test cannot function at its full potential analyzing the network coverage and 

quality of the signal.     
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1.2 Scope of the research 

The main goal is to bring MDT technology to its maximum potential, being able to 

report accurate feedback on the actual network performance. This would save 

wireless service providers money and time spent obtaining the field data. In 

addition, a good accuracy could create a wide variety of tracking applications. The 

purpose of this thesis is to be able to geolocate cell phone users based on their 

collected information. The success of the research will be judged by the accuracy of 

the predictions on the user’s location compared with the observed ones. However, 

the results will be limited by the given data set. Machine learning is going to be the 

selected approach. The research questions trying to be answered in this thesis are: 

1- Which machine learning algorithm gives us the best predictions? 

2- How accurately can the UE geolocation be predicted on the data’s region 

using machine learning? 

3- How could the predictions accuracy be improved? 

 

1.3 Proposed Solution 

This thesis is composed of a practical part and a theoretical report. The practical 

study consists of training and testing different supervised regression algorithms. It 

is divided into two sections, the MATLAB and the Jupyter notebook one, which are 

the two platforms used to evaluate each code. The most commonly used supervised 

regression algorithms are tested. The theoretical report aims to build and expose the 

framework of the research. Moreover, it gives a little background on the given data, 

Minimizing Drive Test technology, and machine learning. The report also contains 

the methodology followed, the practical results and their interpretation. Both the 

practical and theoretical studies intend to complement each other to give a complete 

overview of the research. 
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1.4 Literature Review 

The purpose of this section is to introduce  and evaluate the current literature. The 

proposed approach for this research is to perform an analysis of MDT geolocation 

through machine learning. The goal is to find what algorithm adjusts best to the 

nature of the problem, how accurate the predictions are, and how the machine 

learning approach could be improved for UE geolocation. 

 

Since the early stages of the minimization drive test usage, the geolocation of the 

user has been the target for many research studies. UE geolocation through MDT  

has been explored and patented (Flanagan 2012). The common idea is that, in a 

cellular wireless communication system, if there is a located control signature 1, a  

signature 2 can be compared to the base one and be estimated. 

 

Different MDT geolocation approaches exist, such as Pearson’s correlation (Liu, 

Zhang, Su, Li & Xu, 2015) or travel path (Murphy, Flanagan, Featherstone, 

Claridge, Smith & Holden, 2015). Moreover, there has been other studies that take 

one more step and attempt to predict if the user was indoors or outdoors (Bejarano-

Luque, Toril, Fernandez-Navarro, Acedo-Hernandez & Luna-Ramirez, 2019). 

However, machine learning methodology has not been extensively analyzed. 

 

There are two different objectives that this thesis will try to contribute to. The first 

one is to do a performance analysis of different machine learning algorithms, and 

the second one is to try to improve the mobile network location accuracy. Current 

literature differs from an exact value to challenge because these predictions are 

dependent on many factors, but some sources estimate good accuracy in excellent 

conditions to be around 30 meters and good accuracy in poor conditions to be 

worse than 100 meters. (Turk, 2006) 
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Chapter 2. Background 

2.1 Given Data 

The purpose of this section is to expose the provided MDT data set that was used to 

perform the practical part of the research. Also, it is intended to provide a small 

background for each term provided in the files. Please note that the format of the 

data had to be manipulated to test and optimize the accuracy obtained from the 

predictions. These alterations in the format are going to be discussed in the 

methodology chapter of this report.  

 

As shown in Figure 4, the latitudes and longitudes locate all the data in Saudi 

Arabia. These measurements were recorded over the course of approximately 40 

hours, but most of the recordings can be found in a range of 17 hours. The given 

data set is divided into two excel files. The first one contains 991,602 rows, and the 

second one 506,828. Each row represents a measurement and contains the call 

identification, latitude, longitude, main reference signal received power, tower’s 

global identification, serving physical cell identity, four secondary reference signal 

received power sources, four secondary physical cell identities, and the timestamp. 

In addition, cell tower IDs were linked to their geolocation in the Topology file.   

 

 

Figure 1: Sample screenshot of the given data. 
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2.1.1 Call identification 

The call identification indicates what measurements were recorded by the same 

user’s equipment. There is a total of 77,480 different call identifications in the first 

file, and 41,677 in the second one. Using Tableau software, it is possible to display 

the call identifications of the measurements. Figure 2 shows a zone with a high 

density of different call IDs . 

 

Figure 2: Displaying a zone with high density of call IDs. 

Thanks to the geographic locations, it is possible to see with precision the path 

where the user equipment recorded each measurement. In Figure 3, only three call 

IDs were selected to display with more clarity their movements. The picture 

represents the same zone that was shown in Figure 2. 

 

Figure 3: Displaying only three different call IDs. 
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2.1.2 Latitude and Longitude 

Latitude and longitude are the two components of the Earth’s coordinate system, 

with both of them any point on the Earth’s surface can be referenced with 

precision. In the given data set, the decimal degree format is used. Latitude 

indicates the angle from the center of the earth to a surface location parallel north 

or south to the equator, where the north pole is  90° N, south pole is  90° S, and 

equator 0°. Longitude is an angle that points to locations that are parallel east or 

west to the Greenwich meridian, where the Greenwich meridian is at 0° and other 

longitudes range from 180° E to 180° W. The Greenwich meridian connects both 

geographic poles passing through Greenwich, London. As shown in Figure 4, all 

measurements are located around the western coast of Saudi Arabia, with 99.998% 

of them in the Makkah Al-Mokarramah province around Mecca. 

 

 

Figure 4: Measurements’ locations. 

All the data provided in both files can be seen in Figure 4. The latitude values of 

the MDT reports range from 19.19787° to 24.55083°, and the longitude ones from 

38.77609° to 41.95451°. The precision of the given coordinates is five decimal 

places, which have the highest imprecision of 1.1132 meters at the equator. 
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2.1.3 Reference Signal Received Power (RSRP) 

The definition for RSRP from the 3GPP (3rd Generation Partnership Project) is -the 

linear average over the power contribution (in [W]) of the resource elements that 

carry cell-specific reference signals within the considered measurement frequency 

bandwidth.- 

 

RSRP in the given data indicates the power of the received signal by the user’s 

equipment. This information is going to be used to predict the proximity from the 

UE to the serving cell towers. Ideally, the power received would be inversely 

proportional to the distance to the emitting cell. However, in the real world, there 

are many factors that can influence the power received such as physical 

interference, weather, electromagnetic interference… Therefore, a random factor 

exists in the RSRP data that cannot be removed, which is going to create 

unavoidable inaccuracy in our predictions. 

 

 For each row of data or signature, there is a minimum of one main serving source, 

and a maximum of five sources, including the main one. The percentages of 

sources per measurement can be observed in Table 3. Due to handover, the user 

equipment is always serviced by the cell that provides the best signal. That is why 

the serving main source always have the best RSRP, and the neighbor cell towers 

have descending power values. Table 1 represents the maximum and minimum 

RSRP values registered for the main and all other secondary sources.  

 

Table 1: Minimum and maximum RSRPs for each source. 

 Main source 2nd  3rd  4th  5th  

Min RSRP -129 dB -134 dB -136 dB -138 dB -136 dB 

Max RSRP -44 dB -61 dB -60 dB -52 dB -44 dB 
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2.1.4 Global and Physical Cell Identity 

The serving cell is represented by the Cell Global Identity format, which is 

identified by a unique number. It is represented by the Mobile Country Code, 

Mobile Network Code, Location Area Code, and Cell Identification. All secondary 

sources are illustrated with their physical cell identity (PCI). PCI is the network cell 

identifier at the physical layer, and its value is the combination of Primary 

Synchronization Signal (PSS) and Secondary Synchronization Signal (SSS), which 

range from 0-2 and 0-167 respectively. So, the total possible values range from 0 to 

504.  They are optimally distributed in order to avoid neighbor cell confusions.   

 

All the given measurements were serviced by 1,110 and 1,112 different main 

serving tower cells, respectively. However, as it can be intuited in Figure 1, many 

measurements do not have recordings from all the four secondary power sources or 

neighbor cells. More precisely, Table 2 shows exactly how many sources are 

reported for each row on both files. In the practical part, the data with more power 

sources will predict more accurate results; but as Table 3 displays, the number of 

rows used to test the model is going to be about a 7-8% of the total information. 

 

Table 2: Number of measurement sources per file. 

 
Table 3: Percentage of measurement sources per file. 

 1 Source 2 Sources 3 Sources 4 Sources 5 Sources 

File 1 381,082 278,405 176,256 86,472 69,386 

File 2 189,837 139,968 87,141 48,231 41,651 

 1 Source 2 Sources 3 Sources 4 Sources 5 Sources 

File 1 38.43% 28.08% 17.77% 8.72% 7.00% 

File 2 37.45% 27.62% 17.19% 9.52% 8.22% 
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2.1.5 Timestamp 

The timestamp illustrates the precise time of each recording, and it follows the 

Unix Epoch timestamp format. It uses a system that counts the number of seconds 

that have elapsed since the 00:00:00 Coordinated Universal Time (UTC) on  

January 1st, 1970.  

 

The minimum timestamp in the given data is 1541980813890 and the maximum is 

1542124791375. So, the earliest time recorded was Monday 12th, November 2018 

at 00:00:13.890, and the latest measurement recorded was Tuesday 13th, November 

2018 at 15:59:51.375. That means that the data was collected within a range of 

approximately 40 hours. However, Figure 5 shows that most of the recorded 

timestamps range from 1542033461970 to 1542094422920, which equals to a 

period of approximately 17 hours. Note that there are a lot of different timestamps, 

so for their representation in Figure 5, they had to be grouped into 1000 bins. 

 

 

Figure 5: Timestamp histogram. 
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2.2 MDT  

The purpose of this section is to provide a brief theoretical background to MDT 

technology, including relevance in the industry, strengths, and weaknesses with 

respect to drive tests. Moreover, it intends to explain some of the limitations and 

privacy issues that currently affect the full potential of this technology.  

    

MDT stands for minimizing drive test, and it is a technology that collects 

information about the network using the user equipment. Among others, it 

periodically reports the geolocation of the UE, the network signaling information, 

and its timestamp. Then, the data is reported to centralized systems, where the 

information can be processed and analyzed. There is not any installation required or 

impact on the UE. As a result, a large amount of precisely located measurements 

are reported, which allows accurate network feedback from large areas.     

 

MDT provides certain major advantages with respect to traditional drive tests. DTs 

can only check the network performance at particular locations, while MDT is able 

to report data from very large areas. Deploying engineers to the field is time 

consuming and expensive, but MDT does not require drive test tools nor engineers 

driving around the area. Drive tests are limited to outdoor measurements and public 

spaces, but mainly roads. However, MDT gives feedback from everywhere as long 

as the UE receives signal, including private indoor spaces. Minimizing drive test 

provides detection of local peaks of traffic in large areas and in long periods of 

time. Since MDT collects information for longer period of times, it allows network 

providers to have a more complete overview of the performance. Lastly, MDT can 

be used for other purposes such as tracking particular UEs, identifying 

abnormalities in the MDT density of measurements or offering the potential to 

report information collected by the UE’s sensors such as temperature. 
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The coverage map obtained from MDT data represents a more accurate report of 

the network performance on the user equipment experience. In addition, MDT 

coverage maps do not require highly sophisticated processing algorithms thanks to 

the statistical advantage that the large amount of data provide. There is no need for 

further RF propagation analysis. 

 

Drive tests are advantageous when the goal is to do a very specific analysis of the 

network, where sophisticated equipment is required. Moreover, drive tests are still 

the best way to proceed in certain zones due to the MDT limitations. Minimizing 

drive test is not uniformly extended around the globe, nor among all user.  

 

There exist multiple factors that limit MDT’s full potential. MDT technology has 

been relatively recently implemented. That is why certain old phones or non-

updated cell towers do not have the MDT technological capability. This equipment 

cannot report relevant data. Therefore, this is a technological limitation that can be 

overcome by adapting the cell towers and wait for a “natural” generational change 

of UEs. There also exist some privacy issues. Many users do not have the GPS 

function activated on their phone. Certain companies, governments and users do 

not allow the location of their equipment to be reported and stored. As a result, only 

a very small percentage of UEs report their location altogether with the rest of the 

MDT data collection. 

 

The ultimate goal of this thesis is to evaluate machine learning algorithms as a 

predictor solution to compensate for the lack of reported locations. If the practical 

part of this study results in accurate predictions, the MDT number of data 

periodically collected would increase altogether with its functionality.  
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2.3 Machine Learning 

The purpose of this section is to give a superficial overview on machine learning, 

which is a profound topic. It intends to give a brief definition of the term, to explain 

some of the main learning types and their subcategories, and to reference different 

ML models. 

 

Machine learning is a subcategory of artificial intelligence. Both of these terms 

have been around for a while, but nowadays with more powerful and faster 

computing capacity their use is being maximized. There are many useful 

applications. Search recommendations, spam detection or personalized ads are only 

a few examples of this technology. Another example is the “Google-Waymo car”, 

which is a vehicle able to autonomously drive based on “real-time” image 

processing and decision making.  

 

Artificial intelligence is a science that uses computer power or machines to acquire 

information, process it, learn from it, and adjust in order to maximize the 

probability to satisfy a certain purpose. AI is known to recreate human-like 

cognitive functions and activities such as reading, understanding human speech in 

multiple languages, image processing, and much more.  

 

Machine learning is a method that uses machines to learn from large amounts of 

data with minimum human intervention. It uses algorithms to create mathematical 

models to best fit the data, and to be able to recognize patterns in it. Using these 

trained models, it is possible to perform actions such as predicting outcomes.  The 

models have more accuracy as the amount and diversity of the data used to train 

them increases.   
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Algorithms are highly optimized computer codes that define parameters about how 

the data is going to be treated by the machine. There are different types of ML 

algorithms, and each of these types can have a lot of small variations in their codes. 

The purpose of this subsection is to expose some main types of algorithms and 

expose some examples of them. Their differences are mainly going to be classified 

depending on how they input and output the data, and how they treat the relevant 

parameters to the given models. 

 

2.3.1 Supervised learning  

Supervised learning algorithms are codes used on data with specified inputs and 

outputs. They are used when there is a targeted output. The mathematical models 

created by these algorithms learn by example. The data is divided into a training 

set, and a testing set. The first one contains all the inputs and the output from each 

array of data. Then, the machine optimizes a mathematical formula or model with 

the purpose to represent the relation between the inputs and the outputs. Finally,  

the testing set inputs are used to predict the known outputs; therefore, the accuracy 

of the model can be tested and further optimized in order to obtain the best formula 

to predict from new inputs. Some types of supervised learning are: 

• Regression algorithms are used when the targeted output is a continuous 

value. Usually, a very large number of possible outputs exists. Therefore, 

they are good algorithms to approximate numeric predictions. Some 

examples of regression algorithms are linear regression, polynomial 

regression, and support vector regression. 

• Classification algorithms are used when the output can be classified in a 

finite number of possible categories. There usually exist a smaller number 

of output labels. Two examples of classification algorithms are logistic 

regression and Naïve Bayes. 
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2.3.2 Unsupervised learning  

Unsupervised learning algorithms are codes used on data where the output is not 

specified in any way. As a matter of fact, there is usually not information about the 

data as a whole. Therefore, the purpose of the machine is to find clusters, 

similarities or patterns in the data. For these types of algorithm there is not an 

outputted prediction, but rather a certain structure or correlation in the data. In 

general, unlabeled data requires less human processing, so it is cheaper to obtain. 

Similarly to other machine learning types, the accuracy and definition of the model 

are directly proportional to the amount of data inputted. An example of 

unsupervised learning is the algorithm used to group people into different interests 

based on their profile and internet searches.  

• Clustering algorithms are used to create and separately identify groups 

based on defined criteria. The machine categorizes similar parameters and 

features based on patterns or clusters in the inputted data. Some examples of 

clustering algorithms are K-Means Clustering, Mean-Shift Clustering, and 

DBSCAN.  

• Association algorithms are used to identify some relations between 

parameters of a data. It observes patterns in the same data arrays to 

associate variables. Some examples of association algorithms are Apriori, 

Eclat, and FP-growth.   

•  Dimension reduction algorithms are used to set and reduce the number of 

variables from the feature set. These codes help improve the accuracy 

because there is fewer misleading data, reduce the complexity of the model, 

chances of overfitting, less computing space and time. Some examples of 

dimensionality reduction algorithms are PCA, Factor Analysis, MDS, and 

Isomap. 
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2.3.3 Semi-supervised learning  

 Semi-supervised learning algorithms are a combination of both types mentioned 

above. It is typically used when features are mostly not labeled. Labeled data takes 

more time to get ready and therefore it is more expensive to obtain than the 

unlabeled one, which can compensate with larger volumes of data. Unsupervised 

algorithms perform the grouping of the unlabeled data with the labeled data, and 

then the supervised algorithm is used to predict the desired output. In semi-

supervised learning, the three assumptions about the data are continuity, cluster and 

manifold.  

 

2.3.4 Reinforcement learning  

Reinforcement learning algorithms are codes that learn with their own experience. 

Instead of dividing the data into training and testing set. They are inputted data and 

asked to perform a certain task. Whether the task is successfully accomplished or 

not, the algorithm feedbacks to itself in order to find the optimum solution and 

approach to the task. Every time that new input data is introduced, reinforcement 

algorithms learn and add to the existing knowledge. Some examples of 

reinforcement learning are Temporal Difference, Q-Learning and Deep Adversarial 

Networks. 
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Chapter 3. Methodology 

3.1 Approach selection  

The purpose of this subsection is to explain the approach selection followed for the 

practical part of this project. It also intends to describe the reasoning why each 

technique was chosen. 

 

The selected approach to the MDT problem defined in section 1.1 (Problem 

Statement) was the usage of different supervised regression algorithms. Supervised 

learning was selected because the given data was already labeled, and the goal was 

to predict the UE geolocation for each array of inputted data. Therefore, 

unsupervised learning was not an option because there was not a need for data 

clustering plus there were targeted outputs. Reinforcement algorithms were not 

selected for two reasons. The first one was that the objective relies on the result and 

not on the method, and that the expectation is to obtain approximations instead of 

perfect predictions due to known unavoidable inaccuracy in the data.  

 

There are two main types of algorithms that fall into supervised learning, but the 

selected type was regression. As explained in section 2.1 (Given Data), the inputted 

array was the global cell ID, physical cell IDs and the RSRPs; and the outputted 

prediction aimed to approximate the longitude and latitude. Regression algorithms 

were used because the outputs  had to be numerically approximated with the 

maximum decimal precision. There were too many possible outputs to make each 

of them a different category. Tested models were Bag, Catboost, Decision Tree, 

Gradient Boosting, K- Nearest Neighbors, Lightboost, Linear Regression, Random 

Forest, Support Vector, and XGBoost. 
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3.2 Platforms  

The purpose of this subsection is to briefly expose the different programming 

platforms and languages used on the practical part of the project. In addition, it 

intends to mention some of the inconveniences and limitations found due to the 

memory consuming nature of the problem.  

 

The MDT given data was in Excel files, which is why it was the main visualization 

tool; however, data manipulation wise, this platform had a lot of performance 

limitations. It often crashed whenever a fairly simple operation was trying to be 

applied. In addition, it was not a coding platform where algorithms could be 

performed. Therefore, Excel was only used for comparing and overviewing the 

given data, and creating separate files depending on the number of PCIs. 

 

MATLAB was the first coding platform used. It was picked because it is known to 

have a lot of capacity to handle big files. In addition, it had the machine learning 

toolbox, which could easily run different ML algorithms to the data. Unfortunately, 

the results obtained were not very satisfactory. Moreover, MATLAB programming 

language was simple and intuitive. Different codes were run to find insights about 

the data. Table 5 (Results) is an example of a code run on MATLAB to obtain 

insights. Bagging and LSBoost algorithms were evaluated, but it took several days 

to obtain fairly inaccurate predictions.  

 

Then, the Jupyter notebook was presented. It was a Python code that allowed data 

preparation to be intuitively manipulated. The main advantage of the Jupyter 

platform was the processing speed. It was able to evaluate algorithms in a couple 

minutes. This is why Python was the selected programming language to perform 

most of the practical part and evaluate most of the algorithms described. 
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3.3 Data preparation 

Data preparation is a key step when tackling machine learning algorithms. 

Depending on the algorithm’s processing method, there can be unaccepted data 

types in the internal preparation of the model. Also, data manipulation helps 

indicate how the user wants the data to be treated and interpreted by the machine.  

 

Machine learning principles are based on large data sets, which often increase the 

accuracy of the models. This is why the first step was to combine both files into 

one containing all the data. After that, the cell IDs were used to map the cell 

locations to each measurement. Once all the required information was gathered into 

a unified file, the irrelevant columns were removed. Both the call ID and the 

timestamp were not important to the training of the model, because future 

predictions were going to be made with new call IDs and timestamps. The next step 

was to convert all the N/A values into 0s to be correctly interpreted by the machine.  

 

Most MDT reports record the distance from the UE to the serving cell. These 

measurements are calculated using the RF response traveling time, and they have 

an approximate inaccuracy of 78 meters. Unfortunately, these values were not 

provided in the given data set. Therefore, given their apparent utility, the distance 

from the tower to the UE had to be calculated using the haversine formula. The 

haversine formula determines the distance on the surface of the earth given two 

coordinate points in radians and it is as follows: 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡𝑤𝑜 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑝𝑜𝑖𝑛𝑡𝑠 𝑜𝑛 𝑡ℎ𝑒 𝐸𝑎𝑟𝑡ℎ′𝑠 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑖𝑛 𝐾𝑚:

= 2𝑟 ∗ asin (√𝑠𝑖𝑛2 (
𝑙𝑎𝑡2 − 𝑙𝑎𝑡1

2
) + 𝑐𝑜𝑠(𝑙𝑎𝑡1) ∗ 𝑐𝑜𝑠(𝑙𝑎𝑡2) ∗ 𝑠𝑖𝑛2 (

𝑙𝑜𝑛2 − 𝑙𝑜𝑛1

2
)) 

𝑊ℎ𝑒𝑟𝑒 𝐸𝑎𝑟𝑡ℎ 𝑅𝑎𝑑𝑖𝑢𝑠, 𝑟 = 6371 𝐾𝑚 
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The last step that fell into data preparation was to identify which values could be 

used to interpolate and which ones could not. In other words, the goal was to 

separate values from numeric identifications. Table 4 shows which columns were 

turned into labels to help the machine interpret each column properly.  

 

Table 4: Values and numeric labels. 

Values Numeric labels 

• UE latitude and longitude 

• Serving RSRP 

• RSRP 1, 2, 3, 4 

• Cell latitude and longitude 

• Distance to cell 

• Global Cell ID 

• Serving PCI 

• PCI 1, 2, 3, 4 

   

The numeric labels were turned into actual labels for the machine with the addition 

of a letter, converting the column into string data types. However, matrix 

operations were necessary to train the model, which created errors due to the labels. 

To resolve this issue, the labeled columns were categorized, which means that 

every different label was turned into its own column. An evaluation was performed 

and can be observed in the results section. Therefore, as many columns as different 

values were created, filling each new column of the row with 0s except at the 

label’s column filled with a 1. This operation turned 16 columns into 502 by 

categorizing all physical cell IDs. Global Cell IDs were dropped because serving 

PCI already mapped its characteristics.  

 

Finally, to create a stronger correlation for the machine, the corresponding RSRPs 

were multiplied into the “dummy” ones from the new PCI columns. Therefore, 

relating serving PCI with serving RSRP, PCI 2 with RSRP 2, so on and so forth.  
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3.4 Training and Testing Models 

The purpose of this subsection is to explain the methodology followed to create and 

test the accuracy of the machine learning model once the data has been already 

prepared. It intends to summarize the division between training and testing data 

sets, the number of iterations, and the division between inputs and outputs.  

 

Once the data was prepared, it was divided into training and testing data sets. There 

was a random shuffle of the data before creating the train-test division to avoid 

biasing of the data and to create a more realistic model. The training set was the 

part of the data used to create and optimize the mathematical model. Recall that 

supervised learning learns from the training examples. In order to prevent biasing 

of the predictions once the model had been established, only the testing set was 

used to evaluate the accuracy of the model. For the practical part of the thesis, 90% 

of the data was set to be training data, and the remaining 10% to be testing values. 

This ratio was chosen because it falls into the commonly used range in machine 

learning. 

 

Although the 90-10 ratio was chosen in order to have more accurate predictions in 

the future, Table 5 (Results) shows the best train-test ratio if the given data was the 

totality of information. It exemplifies some of the empirical testing done in the 

early stages with the MATLAB code, in the process of checking for the optimal 

training-testing ratio for the given data. It was found that the best models for the 

given data were obtained when 75-80% was training data while 25-20% was testing 

data. Since the objective of the problem is to predict upcoming inputs, the model 

could be trained by all the given data.  
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As it can be observed in Table 5 (Results), in addition to the train-test size test, 

there was another evaluation performed, the iteration one. The number of iterations 

indicates how many times the training and testing was performed. As it can be 

expected, the standard deviation of the mean square errors was inversely 

proportional to the number of iterations. The tradeoff from increasing the number 

of iterations was the processing time required, which increased to several days for 

large iterations. This processing time was severely reduced with Jupyter platform 

instead of MATLAB.   

 

Another parameter required for the training and testing of the model was the 

differentiation between the inputs and the outputs. As mentioned throughout this 

paper, the purpose of the ML algorithm evaluation is to geolocate the user 

equipment. Therefore, the desired outputs were the coordinates of the user, which 

are defined by latitude and longitude. Since, there is more than one output, the 

model had to be implemented twice, one for each individual prediction. The inputs 

were all the categorized PCIs combined with their corresponding RSRPs and the 

distance from the user equipment to the cell.  

 

Supervised learning uses the examples given on the training set to create the model. 

So, the machine needed to know what was inputted and what should be outputted. 

Once the model was created, the geolocations were removed from the testing data 

in order to only feed inputs to the model. The predictions were then compared with 

the real latitude and longitude observations. From the difference between the 

predictions and the real data, the accuracy of the model could be tested and further 

optimized. Once the model was optimized the prediction errors were converted into 

distance using the Haversine formula. Once all the results were converted, the 

minimum, the maximum, the mean and the media were obtained for each model.   
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3.5 Models  

The purpose of this subsection is to briefly introduce the basics of the machine 

learning algorithms applied on our data to build different models. Some of these 

models use the same core method; However, they all have differences, which can 

show more or less variation depending on the inputted data. Note that all the 

algorithms applied were the supervised regression version of the algorithms. There 

are some models that have the capability to be applied to both classification and 

regression problems.  

 

3.5.1 Bagging  

A bagging algorithm is an ensemble method that applies different regression 

algorithms to subsets of the data with replacement. So, every weak learner creates a 

model in parallel to other learners. Once each of the algorithms have their own 

model, the input is submitted into every model and the final output is the average of 

each different prediction. The bagging regressor uses different decision trees as 

base estimators, which statistically helps reducing the overall variance.  

 

3.5.2 Boosting 

Boosting is an ensemble method that creates a single strong learner from multiple 

weak learners. It is differentiated from bagging because boosting algorithms 

models are not created independently in parallel. Typically, boosting algorithms 

combine weighted weak learners, one after the other. That way, future models 

focus on the data that has not been properly modeled. Several boosting algorithms 

exist, but the ones tested were CatBoost, LightBoost, LSBoost, and XGBoost. 

 



23 

 

3.5.3 Decision Tree Regressor 

Decision Tree Regressor breaks the given data into multiple different categories 

and subcategories. It creates a tree shaped map of the information based on the 

input. Therefore, each row of data falls into a certain category based on the 

conditional control statements created. The predictions are directly dependent on 

the conditional statement, but these can change easily when training data is added. 

That is why, although single decision trees are simple to understand, they often are 

combined with other methods to improve their variance and accuracy.  

 

3.5.4 K-Nearest Neighbors 

K-Nearest Neighbors regression algorithms predict outputs based on the training 

data that has similar inputted data. It takes ‘k’ number of “neighbor” data, and 

those are weighted or uniformly averaged to predict the new value. For continuous 

data, calculating distance between points is done through Euclidean and  Manhattan 

functions. For this model, the key to success is to find the optimal ‘k’. Usually, the 

validation error curve for ‘k’ is elbowed shaped. This is why it is known as the 

‘elbow curve’. Despite this, every data set has its unique k-performance, and as a 

matter of fact the given MDT data set for this research has an optimal ‘k’ of 1.   

 

3.5.5 Linear Regression 

Linear Regression fits a line (𝑦 = 𝑚𝑥 + 𝑏) with the minimum error through the 

data, and the model predicts from it. It obtains the best-fitted line by minimizing 

the cost function, which expresses the squared error from the data to the line. 

Gradient decent is an example of a minimization function for the cost function. 

Polynomial regressions create models in a similar way.  
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3.5.6 Random Forest 

Random Forest is an ensemble method that creates multiple decision trees. 

Similarly to bagging, once all the models have been parallelly created, the input 

data is submitted into all the different models. For regression algorithms, the final 

prediction comes from the average of the individual trees’ predictions. It is used to 

reduce the probability that a single tree overfits the data. For example, the random 

forest used for the practical part had 1000 estimators.    

 

3.5.7 Support Vector 

Support Vector is an algorithm that similarly to other methods creates a dividing 

boundary. It is difficult to imagine, but the “hyperplane” is found in the N-

dimensional space, where N is the number of features that tune the model. To 

situate the “hyperplane”, the algorithm finds the optimal division with the 

maximum margins in between different classes.  
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Chapter 4. Results 

The purpose of this section is to expose the results obtained in the practical part of 

this project. It attempts to explain the analysis of machine learning algorithm for 

the prediction of MDT geolocation. It is divided into two sections depending on 

what platform was used to run the algorithms. To have a complete overview of the 

process and evaluation, this section intends to display not only the best predictors, 

but also test results and inaccurate models for the given data. It follows a sequential 

order, starting from the early stages of the research, and developing into the best 

results obtained. 

 

4.1 MATLAB 

This subsection exposes some of the results and tests run in the MATLAB 

platform. It was the first platform used, so it is important to remember that the data 

preparation was not as developed. The code displayed in Appendix A represents the 

exact lines to obtain the outputs of Table 6 and Figures 6, 7 and 8. Table 5 in this 

subsection was created from a slightly modified version. 

 

The first machine learning models created were through the MATLAB machine 

learning toolbox, regression learner. It was very simple to use; one of the 

commands was to select the input and output of the data, another to pick the desired 

validation, and the last one to select a few parameters of the model. Each of the 

default algorithms was tested, but it either took too long to compile or the results 

were not accurate. Although, it was not a successful practice it was useful to see 

different types of models and their results. 
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As introduced in the “3.4 Training and Testing Models” section, Table 5 displays 

the first set of results. It displays the evaluation of different iterations and different 

test sizes. The prediction error was measured by the mean square errors, which 

means that lower values had been better predictions. To scale MATLAB’s time, 

LSBoost table took 455890.15 seconds to be processed, which was over five days.   

 

Table 5: MATLAB mean square errors for empirical test size optimization. 

 

 

Observe that the lower iterations tested returned higher average MSE. After that, 

the averages gradually descended, particularly consistently in the LSBoost table. 

On the other side, especially in the Bag table, the minimum values for different 

iterations displayed almost the opposite trend. As expected, the conclusion obtained 

from the iterations test was that the higher number of iterations, the lower variance 

on the data. However, the tradeoff for lower variance was larger processing time. 
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The testing size evaluation from Table 5 exposed the best results at 25% for the 

bagging algorithm, and 20%, 45% and 50% for LSBoost. These would be the 

optimum percentages for these algorithms and data. Since the goal was to predict 

future measurements, a higher training percentage had to be used. So, in later 

evaluations the tested range would be between 1-10% for the testing data, because 

this is a frequently used range in machine learning for problems of this nature.  

 

The next evaluation done in MATLAB was the testing of the algorithms for 

different data inputs. Using Excel, MDT given data was divided according to how 

many PCIs were reported for each signature. So, a file with only the serving PCI 

was created, all together with different files that went up to the file which contained 

only signatures with all five PCIs. After the predictions, the haversine formula was 

used to convert the geolocation errors into distance. Table 6 exposes the best results 

obtained in that evaluation, which corresponded to the file containing only the data 

with all the five PCIs reporting. The MATLAB coded displayed in Appendix A 

was the code used to obtain these results, altogether with all the different data 

inputs.  

 

Table 6: MATLAB bagging and boosting results for data with all PCIs. 

 

Test Size 1 2 3 4 5 6 7 8 9 10 Average MIN MAX

Mean (m) 1666.6 1240.4 983.7 809.8 701.7 646.9 544.2 496.1 530 472.5 809.19 472.5 1666.6

Mode (m) 2.5 0.14 2.8 4.1 5.1 6.3 3.4 6.3 4 4.5 3.914 0.14 6.3

Median (m) 229.8 174.8 149.7 126.2 120.9 116.9 116.2 112.6 111.9 109.8 136.88 109.8 229.8

Min (m) 2.5 0.14 0.71 0.97 0.41 0.77 0.59 0.49 0.4 0.19 0.717 0.14 2.5

Max (m) 88213 164672.2 103175.4 169762.5 105565.7 245575.8 188060.8 104846 248409.1 164108.5 158238.9 88213 248409.1

Test Size 1 2 3 4 5 6 7 8 9 10 Average MIN MAX

Mean (m) 2409.2 2171.2 1779.4 1645.7 1561.8 1540.5 1386.9 1349.4 1320 1422.2 1658.63 1320 2409.2

Mode (m) 893.4 419.4 415.3 419.1 418.1 893.4 419.4 888 425.2 425.8 561.71 415.3 893.4

Median (m) 1321.5 1133.9 1068.1 995.2 967.2 990.9 968.1 955.2 947.4 929.7 1027.72 929.7 1321.5

Min (m) 261.8 72.9 66.4 21.3 0 0 36.5 29.3 26.7 0 51.49 0 261.8

Max (m) 87017 275289.8 252664.2 273535.1 273532.7 202051.9 255224.9 274318.7 249247.3 275461.1 241834.27 87017 275461.1

MATLAB

BAG

LSBoost
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From Table 6, it can be concluded that the bagging algorithm was able to produce 

better predictions. The mean and the median were two of the key parameters to 

observe. Also, the best predictions were obtained when the testing size was 10%. 

The best mean obtained by the Bag algorithm was 472.5 m with a median of 109.8 

m. For the LSBoost algorithm the best predictions came from the 10% testing size, 

which reported a mean of 1422.2 m and a median of 929.7 m. These predictions 

were not very accurate. The data preparation for results in Table 6 was the selection 

of data containing reports for all PCIs, and the addition of a letter to numeric label 

columns to avoid interpolation. 

 

Figure 6 graphs both the mean and the median vs the test size. The blue line came 

from the LSBoost and the red one from the Bag algorithm. In these representations 

it is clear that for every different test size, the bagging method obtained better 

predictions. It is also observable the descending trend that both the mean and the 

median had. This is why, from this point on, the training-testing ratio was going to 

be 9:1. The mode, minimum and maximum graphs were also plotted, but they are 

not displayed because the information that they contain is not as relevant. 

 

 

 

 

 

 

 

 

 

Figure 6: Bag and LSBoost mean and median vs test size 
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4.2 Jupyter Notebook using Phyton 

The purpose of this subsection is to expose the results obtained in the Jupyter 

Notebook. Jupyter offered a quicker processing time and a simpler language to 

prepare the data, Python. This subsection shows the results of an evaluation done 

for data categorization using Decision Trees; an analysis of Supervised Regression 

algorithms in default parameters; and finally, the K-Nearest Neighbors results.  

 

4.2.1 Categorical Evaluation of Decision Trees 

Decision Trees algorithms have been previously explained. Table 7 and Table 8 

describe the results obtained from the data categorization evaluation. The purpose 

was to convert numeric labels into their own columns, and to see how they affected 

the output. There are multiple parameters that were changed: 

- Values: Displays the data used for each trial. “4 PCIs” is only data 

containing serving cell and all four extra physical cells. “All file 1” or “All 

file 2” include all the measurements, where “NAs” were substituted for 0s.  

- Dummies: Shows which numerical labels were turned to categorical 

columns. “PCI” is all physical cells IDs, “GC” is the global cell ID, and 

“No”  means that none of them were categorized. 

- Columns: Exposes total number of columns used to train and test the model. 

It is the amount after the categorical expansion. 

-  RSRPs in: It displays if the RSRPs were multiplied into the dummy column 

or not. If they did, it names into which columns.  

- Mean: Statistical average of error distance from the prediction to the value 

in meters. 

- Median: Statistical median of error distance from the prediction to the value 

in meters. It shows what is the value in the middle once results are ordered. 
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Table 7: Decision Tree categorical expansion test, File 1. 

File 1 

 1 2 3 4 5 6 7 

Values 4 PCIs 4 PCIs 4 PCIs 4 PCIs 4 PCIs All file 

1 

All file 

1 

Dummies PCI GC GC, 

PCI 

GC, 

PCI 

GC, 

PCI 

No PCI 

Columns 2263 1028 3281 3276 1525 Initial 507 

RSRPs in No No No Yes, 

PCI 

No No Yes, 

PCI 

Mean(m) 387.12 343.70 296.38 231.58 254.87 498.77 518.53 

Median(m) 25.05 24.04 22.79 22.86 22.49 18.38 19.10 

 

 

Table 7 displays the results from File 1. It displays the best medians when all the 

file is observed, which makes sense since there is a larger sample of data. It was 

tried to apply categorization for larger data sets. However, File 1 was too large to 

do some of the desired expansion. For instance, it was not possible to categorically 

expand both GC and PCIs on all the data due to memory error. Some memory 

optimization was unsuccessfully tried, such as converting all the columns to uint8, 

instead of the get_dummies default float64 data type. It was possible to perform all 

desired expansions on the second file because it contained fewer measurements. 

Since File 2 allowed it, it was observable that there was not a significant 

improvement with respect to only expanding PCIs. Table 8 displays the results 

obtained from the second file, which contained fewer data. Decision Trees 

algorithm was still the chosen one to be evaluated. 
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Table 8: Decision Tree categorical expansion test, File 2. 

File 2 

 8 9 10 11 12 13 14 

Values 4 PCIs 4 PCIs 4 PCIs All file 

2 

All file 

2 

All file 

2 

All file 

2 

Dummies PCI GC GC, 

PCI 

GC, 

PCI 

GC, 

PCI 

No PCI 

Columns 1493 1007 3214 1614 1614 Initial 

# col. 

503 

RSRPs in No No Yes, 

PCI 

Yes, 

both 

Yes, 

PCI 

No Yes, 

PCI 

Mean(m) 238.34 299.36 296.60 584.83 618.12 624.14 659.02 

Median(m) 27.58 27.56 28.02 19.75 20.90 20.27 20.38 

 

Overall, improvements on the median were visible on both files, but it was more 

noticeable in the second table as the initial reference was 31m. For File 1, the best 

median value resulted from the full data, without any dummy expansion. For File 2, 

the best median value was obtained from expanding both the GC and PCIs and 

having the RSRPs multiplied inside the dummy columns.  

 

The conclusion drawn from the evaluation was to proceed by categorially 

expanding only the PCIs and multiply the RSRPs in. Although slightly better 

results were obtained when the global cell ID was categorized, its required memory 

tradeoff was too large. Moreover, the information introduced by the global cell ID 

was mapped by the serving PCI. So, it was decided that the whole column would be 

removed to prevent overfitting. 
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4.2.2 Evaluation of Supervised Regression Algorithms 

Once the data preparation evaluation was finished. The next step was to test 

different supervised regression algorithms. Algorithms listed in Table 9 and Table 

10 have been previously introduced. Due to memory issues, the inputted data were 

41580 rows, which were the measurements containing all PCIs from File 2. As it is 

mentioned in the data preparation section, these measurements contained the 

distance to the cell, categorically expanded PCIs and eliminated global cell ID. In 

addition, there was a 15 km filter for the distance to the cell. Note that these 

predictions were made with the default model parameters.    

 

Table 9: Supervised Regression algorithms evaluation. 

 Bagging Linear 

regression 

Decision 

tree 

Random 

forest 

Support 

Vector 

RBF 

Support 

V. Lin. 

Min 0 5.17 0 0.01 2406.57 Takes a 

lot of 

time to 

process 

Max 8225.87 46322.20 11871.33 21584.93 61841.67 

Mean 68.31 484.79 74.04 67.75 9667.19 

Median 23.93 316.70 22.22 22.08 9764.01 

 

Table 10: Continuation of Supervised Regression algorithms evaluation. 

 Support 

V. Poly 

KNN  Gradient 

Boosting  

XGBoost  Light 

GBM   

CatBoost  

Min Takes a 

lot of 

time to 

process 

0 2.04 4.75 4.10 4.16 

Max 8885.43 10204.78 27397.69 72016 68087.78 

Mean 82.97 348.24 420.72 316.69 337.40 

Median 21.49 266.27 306.03 189.07 235.55 
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The evaluation of different default algorithms was useful to obtain a feel for their 

predictions. Looking at the mean and the median, it is clear which models were 

more accurate than others. Good predictions were obtained from Bagging, Decision 

Tree, Random Forest and KNN.  

  

Going back to the description of the different algorithms, one notices that Bagging, 

Decision Trees and Random Forest are tightly linked to the process of creating their 

model. Both Bagging and Random Forest, in different ways, use multiple Decision 

Trees method to improve its predictions. However, K-Nearest Neighbors use a 

different method to create the models. This is why, it was promising to explore into 

its approach. 

 

4.2.3 Evaluation of K-Nearest Neighbors 

The code run for this section can be found in Appendix B. K-Nearest Neighbors 

default parameters were tuned to see if the accuracy of the model could be 

improved. There were a couple of features that the phyton library allowed to 

modify. After doing a quick empirical evaluation of different features. The best 

results were obtained by keeping everything the same except the weights to be set 

to distance instead of uniform, and changing the ‘k’, which represents the number 

of nearest neighbors considered for the prediction. For the nature of the MDT 

problem the weighting in the prediction was important, and since the data was 

fairly limited at the same location, lower ‘k’ returned the best predictions.  

 

MultiOutputRegressor(estimator=KNeighborsRegressor(algorithm='auto'

, leaf_size=30, metric='minkowski', metric_params=None, n_jobs=None

, n_neighbors=1, p=2, weights='distance'),n_jobs=None) 

Figure 7: K-Nearest Neighbors regressor parameters. 
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File 1 containing all PCIs, 69298 rows: 

 

Table 11: K-Nearest Neighbors evaluation, File 1. 

 

File 2 containing all PCIs, 41580 rows: 

 

Table 12: K-Nearest Neighbors evaluation, File 2. 

 

Merged file containing all PCIs, 110878 rows: 

 

Table 13: K-Nearest Neighbors evaluation, merged file. 

 K = 1 K = 2 K = 5 K =  8 K = 10 K = 15 

Min 0 0 0 0 0 0 

Max 8196.22 11934.89 9045.63 9760.91 10297.01 13075.98 

Mean 47.15 56.92 63.26 73.56 78.72 90.24 

Median 4.40 5.12 8.95 11.01 11.82 14.49 

 K = 1 K = 2 K = 5 K =  8  K = 10 K = 15 

Min 0 0 0 0 0 0 

Max 8885.43 8885.43 9610.48 9610.49 8397.10 7732.99 

Mean 50.68 52.09 68.33 78.02 74.49 100.50 

Median 6.04 7.98 11.43 14.49 17.30 20.68 

 K = 1 K = 2 K = 5 K =  8  K = 10 K = 15 

Min 0 0 0 0 0 0 

Max 73072.29 27761.53 13371.07 17083.65 17817.66 17889.76 

Mean 61.62 54.05 58.45 64.24 68.51 76.05 

Median 5.42 7.05 10.89 13.15 14.48 17.33 



35 

 

The outcomes seen in Table 11, 12, and 13 were very promising. The amount of 

data used to obtain these results was not too large. As displayed, the best 

predictions came when k was equal to one. It is also shown that the accuracy of the 

outcomes decreased as the number of neighbors used increased. The merged file 

returned a median of 5.42 meters and a mean of 61.62 meters. The mean was 

clearly dragged up by large errors in the predictions, as it is seen, the maximum 

error was 73072.29 meters. Although it is not displayed, the mode was 0 meters for 

all the different files. Applying a 30 km filter, min was 0 m, max was 18896.05 m, 

mean was 55.03 m, mode 0 m, and median 5.52 m.    

 

Another important feature about the model was the variance and consistency of the 

model. Twenty iterations were run, and the outputted medians are displayed in 

Figure 8. K-Nearest Neighbors had a very good consistency. The variations in 

between runs changed a maximum of about 30 cm. Aside from the narrow range, it 

is observable that there were three ‘layers’ of different results. One at 

approximately 5.1, another one at 5.2, and the last one around 5.5 meters. Thirteen 

out of the 20 iterations resulted in the lower layers. 

 

 

Figure 8: KNN median error distances per run for the merged file. 
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Finally, Figure 9 displays the histogram from the merged file obtained with KNN 

regressor. It shows greater frequency at very low values which is the confirmation 

that the mean is risen by the larger mistakes. Figure 9 represents the same 

histogram with different x-ranges.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: K-Nearest Neighbors distance errors histogram. 
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Chapter 5. Conclusion  

This report summarizes the study conducted to evaluate the ability of certain 

machine learning algorithms to geolocate the user equipment. The purpose is to 

help MDT technology overcome some of its privacy and technology limitations. 

The research questions were what algorithms output the best predictions, how 

accurate these predictions are, and how these predictions could be improved. 

 

Overall, the problem fell into the category of supervised regression algorithms. 

Among the most commonly used ones, the best predictions were obtained from 

Bagging, Decision Tree, Random Forest and KNN. These algorithms outputted 

predictions that had a median distance error of approximately 23 meters, and a 

mean ranging from 65 to 75 meters. However, the algorithm that was able to 

predict with the highest accuracy was the K-Nearest Neighbors. It was tuned to 

operate with one nearest neighbor and to be weighted according to the distance. 

 

The KNN final results were very positive and promising. For the file with all PCIs 

reporting (110878 rows), the UE geolocation was predicted with a median accuracy 

of 5.42 meters, a mean error of 61.62 meters, and a mode distance error of zero 

meters. The machine learning model was able to accurately predict the user’s 

location from the MDT data report. It is important to note that the measurements 

were spread over Saudi’s province Makkah Al-Mukarramah, which has a large 

extension of land. The mean error of the predictions could be improved by filtering 

out some of the largest mistakes. Applying a 30 kilometers filter, the mean error 

was reduced by 6.59 meters to 55.03 meters, but the median increased by 10 

centimeters to 5.52 meters.  
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There were a few factors that created inaccuracy in the predictions. Some of them 

could be improved and some were unavoidable. The nature of the measurements 

had a random factor that could not be removed. The RF signals coming from the 

tower could be attenuated in different ways introducing white noise into the reports. 

For example, two UEs could be at the same location at different times, but due to 

the weather and traffic, they would receive slightly different RSRPs. In a similar 

manner, same RSRPs could be reported, but one of the users could be inside a 

building closer to the cell tower. Also, the reported GPS locations could have a 

small inaccuracy, added to the decimal imprecision of the coordinate system. 

Moreover, due to the memory limitations of the personal equipment, not all the 

measurements could be used. For the most part, in machine learning problems, 

greater data sets improve the variance and accuracy of the predictions.  

 

Possible improvements for the accuracy of the model could be testing the same 

algorithm for larger data sets. To do so, a computer with large processing power 

would be required. In addition, some filtering algorithms could be used to minimize 

errors. For example, filtering predictions that fall outside the known cell tower 

range, which varies cell to cell. Finally, the fact that call IDs are linked to their 

timestamps could be used, because a certain UE can only move so far in a certain 

period of time. There are also response time and RF angle filtering methods. 

 

This study intends to prove the feasibility of machine learning algorithms applied 

to MDT reports. The proposed approach increases the minimization drive test 

capabilities by reducing its geolocation limitations. The accuracy obtained could be 

sufficient to help network companies save time and money. It definitely shows 

evidence of the promising potential of machine learning algorithms applied to 

MDT geolocation.  
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Chapter 6. Discussion 

The results obtained support machine learning as a geolocation prediction method 

to improve MDT potential capabilities. The use of this technology in the cell sector 

could save large expenses. The application of this method would not necessarily 

require large processing power to create the models, because area-specific data sets 

could be used to train them. There could even be cell-specific models, which would 

create a model specific for certain environments. In which case, the accuracy would 

be expected to improve. For centralized systems, large processing power would be 

required to output predictions for big amounts of data. 

 

These models could be created with precision by the network providers. Then, the 

MDT reports would be used as troubleshooters and network health indicators. If the 

algorithm predicts that the density of UE is further away than normal, that could 

indicate that certain users are receiving a weaker signal. Also, these ML models 

could be used to evaluate with precision where the network is not being used or, on 

the other side, where and when the network should be reinforced. 

 

Another possible application for this technology could be destined to tracking 

purposes. Using the obtained accuracy, several studies could be done to improve 

many public services such as public transportation, event management, holiday 

migration traffic, emergency calls… The machine learning approach could even be 

used to track private users to see how they go to work, where they go shopping, 

what houses they visit frequently… MDT combined with machine learning can 

create a wide variety of applications to be explored. 
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Appendix A 

MATLAB Code 

clear; close all; clc; 

counter2 = 1; 

testSize = [1,2,3,4,5,6,7,8,9,10]; 

tic; 

while(counter2 < 11) 

       perctest = testSize(counter2); 

       X = readtable(‘X_5_inputs_total.txt'); 

       Y = readtable(‘Y_5_inputs_total.txt'); 

       Lat = Y.(1); 

       Lon = Y.(2); 

       cvpart = cvpartition(Lat,'holdout',perctest/100); 

       Xtrain = X(training(cvpart),:); 

       Lattrain = Lat(training(cvpart),:); 

       Lontrain = Lon(training(cvpart),:); 

       Xtest = X(test(cvpart),:); 

       Lattest = Lat(test(cvpart),:); 

       Lontest = Lon(test(cvpart),:); 

       iterations = 999; 

       baglat = 

fitrensemble(Xtrain,Lattrain,'Method','Bag','NumLearningCycle

s',iterations); 

       baglon = 

fitrensemble(Xtrain,Lontrain,'Method','Bag','NumLearningCycle

s',iterations); 

       latPredicted = predict(baglat,Xtest); 

       longPredicted = predict(baglon,Xtest);  

       for i=1:height(Xtest) 

       DIST(i) = 1000*haversine([Lattest(i) Lontest(i)], 

[latPredicted(i) longPredicted(i)]); 

       end 

       disp(['TestSize:',num2str(testSize(counter2)),' Total 

values: ', num2str(height(X)),' Train values: 

',num2str(height(Xtrain)),' Test values: 

',num2str(height(Xtest))]); 

       disp(['LAT...Test Mean: ', num2str(mean(Lattest)),' 

Test Mode: ', num2str(mode(Lattest)),' Test Median: ', 

num2str(median(Lattest)),' Test Mode: ', 

num2str(mode(Lattest)),' Test Min: ', num2str(min(Lattest)),' 

Test Max: ', num2str(max(Lattest))]); 
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       disp(['LAT...Pred Mean: ', 

num2str(mean(latPredicted)),' Pred Mode: ', 

num2str(mode(latPredicted)),' Pred Median: ', 

num2str(median(latPredicted)),' Pred Mode: ', 

num2str(mode(latPredicted)),' Pred Min: ', 

num2str(min(latPredicted)),' Pred Max: ', 

num2str(max(latPredicted))]); 

       disp(['LON...Test Mean: ', num2str(mean(Lontest)),' 

Test Mode: ', num2str(mode(Lontest)),' Test Median: ', 

num2str(median(Lontest)),' Test Mode: ', 

num2str(mode(Lontest)),' Test Min: ', num2str(min(Lontest)),' 

Test Max: ', num2str(max(Lontest))]); 

       disp(['LON...Pred Mean: ', 

num2str(mean(longPredicted)),' Pred Mode: ', 

num2str(mode(longPredicted)),' Pred Median: ', 

num2str(median(longPredicted)),' Pred Mode: ', 

num2str(mode(longPredicted)),' Pred Min: ', 

num2str(min(longPredicted)),' Pred Max: ', 

num2str(max(longPredicted))]); 

       disp(['TOTAL (m)...Dist Mean: ', num2str(mean(DIST)),' 

Dist Mode: ', num2str(mode(DIST)),' Dist Median: ', 

num2str(median(DIST)),' Dist Mode: ', num2str(mode(DIST)),' 

Dist Min: ', num2str(min(DIST)),' Dist Max: ', 

num2str(max(DIST)),' Dist Var: ', num2str(var(DIST))]); 

       plot(DIST,'.'); 

       hold all;  

    counter2 = counter2+1; 

end 

errorCounter = 0; 

       for j=1:height(Xtest) 

       if(DIST(j) > 1000) 

           errorCounter = errorCounter + 1; 

           error(errorCounter) = j; 

       end  

       end 

toc 

 



47 

 

 Appendix B 

Jupyter Code 

# MDT Geolocation through Machine Learning: Evaluation of Supervise

#d Regression ML Algorithms 

# KNN. 

# Merged, Combined columns, Expanded PCI, RSRPs in, Distance column 

In [2]: 

# Importing libraries. 

import pandas as pd # Data manipulation 

import numpy as np # Numerical methods 

import gc 

import matplotlib.pyplot as plt # Plotting 

In [3]: 

# Reading input data. 

Sheet_1 = pd.read_excel("MDT_Sheet_1.xlsx") # File 1 

Sheet_2 = pd.read_excel("MDT_Sheet_2.xlsx") # File 2 

Topology = pd.read_excel("Topology.xlsx") # Topology file 

df_init = Sheet_1.append(Sheet_2, sort=False) # Combining both file

s into a 'merged file' 

 

# Displaying number of rows and columns for each file. 

print("File 1 -> Rows: " + str(len(Sheet_1))+ " Columns: " + str(le

n(Sheet_1.columns))) 

print("File 2 -> Rows: " + str(len(Sheet_2))+ " Columns: " + str(le

n(Sheet_2.columns))) 

print("Merged File -> Rows: " + str(len(df_init))+ " Columns: " + s

tr(len(df_init.columns))) 

print("Topology -> Rows: " + str(len(Topology))+ " Columns: " + str

(len(Topology.columns))) 

 

File 1 -> Rows: 991601 Columns: 15 

File 2 -> Rows: 506827 Columns: 15 

Merged File -> Rows: 1498428 Columns: 15 

Topology -> Rows: 15537 Columns: 17 
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In [4]: 

# Droping unwanted columns from Merged File. 

df = df_init.drop(["CALLID","TIMESTAMP"], axis=1) # axis = 1 means 

we're dropping columns NOT rows 

 

# Droping unwanted columns from Topology File. 

df_topology = Topology.drop(["NAME","DISPLAYNAME","SITEID","PCI", 

                          "RSTP","EARFCNDL","EARFCNUL","GCID","CI",

                            "BAND","PLMN","CARRIER","FULL_NAME", 

                             "BANDWIDTHDL"], axis=1) 

 

#Renaming columns 

df_topology.columns = ['EVENT_PARAM_GLOBAL_CELL_ID','Cell_latitude'

,'Cell_longitude'] 

 

# Displaying number of rows and columns after dropping. 

print("Merged File -> Rows: " + str(len(df))+ " Columns: " + str(le

n(df.columns))) 

print("Topology -> Rows: " + str(len(df_topology))+ " Columns: " + 

str(len(df_topology.columns))) 

 

Merged File -> Rows: 1498428 Columns: 13 

Topology -> Rows: 15537 Columns: 3 

In [5]: 

#Merging or mapping cell latitude and longitude to each global cell 

sliced1_df = df.dropna() # Drop rows where NA appears.  

sliced1_df = sliced1_df.reset_index(drop=True) # Reset indexing. 

#sliced1_df = df.fillna(0) # Fill NA values with 0 

df_mapped = sliced1_df.merge(df_topology, on = 'EVENT_PARAM_GLOBAL_

CELL_ID', how = 'left') 

 

print("Mapped File -> Rows: " + str(len(df_mapped))+ " Columns: " +

 str(len(df_mapped.columns))) 

df_mapped.head(5) 

 

Mapped File -> Rows: 110878 Columns: 15 
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In [6]: 

# Calculating distance between global cell and UE. 

# Implementing Haversine Function 

from math import radians, cos, sin, asin, sqrt 

from statistics import mean, median, stdev, mode 

 

def haversine(lon1, lat1, lon2, lat2): 

    """ 

    Calculate the great circle distance between two points  

    on the earth (specified in decimal degrees) 

    """ 

    # convert decimal degrees to radians  

    lon1, lat1, lon2, lat2 = map(radians, [lon1, lat1, lon2, lat2]) 

 

    # haversine formula  

    dlon = lon2 - lon1  

    dlat = lat2 - lat1  

    a = sin(dlat/2)**2 + cos(lat1) * cos(lat2) * sin(dlon/2)**2 

    c = 2 * asin(sqrt(a))  

    r = 6371 # Radius of earth in kilometers. Use 3956 for miles 

    return c * r 

 

distance_list=[] 

 

for i in range(len(df_mapped['EVENT_PARAM_GLOBAL_CELL_ID'])): 

    lat1 = df_mapped['Latitude_final'][i] 

    lon1 = df_mapped['Longitude_final'][i] 

    lat2 = df_mapped['Cell_latitude'][i] 

    lon2 = df_mapped['Cell_longitude'][i] 

    hive = haversine(lat1,lon1,lat2,lon2)*1000 

      

    distance_list.append(hive) 

    df_mapped['Distance to cell'] = pd.DataFrame({'col':distance_li

st}) 

 

print("Mapped File -> Rows: " + str(len(df_mapped))+ " Columns: " +

 str(len(df_mapped.columns))) 

Mapped File -> Rows: 110878 Columns: 16 
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In [7]: 

# Defining what to do with NA value 

#sliced_df = df_mapped.fillna(0) # Fill NA values with 0 

 

#sliced_df = df.dropna() # Drop rows where NA appears. Left rows ha

ve all PCIs info. 

#sliced_df = sliced_df.reset_index(drop=True) # Reset indexing afte

r dropping. 

#for j in range(len(df_mapped)): 

#    if df_mapped['Distance to cell'][j] > 5000: 

#        df_cleaned = df_mapped.drop(df_mapped.index[j]) 

         

sliced_df = df_mapped[df_mapped['Distance to cell'] <15000] 

sliced_df = df_mapped.reset_index(drop=True) # Reset indexing after

 dropping. 

print("After removing NA -> Rows: " + str(len(sliced_df))+ " Column

s: " + str(len(sliced_df.columns))) 

After removing NA -> Rows: 110878 Columns: 16 

 

In [8]: 

# Turning non-interpolable columns to labels  

#sliced_df['EVENT_PARAM_GLOBAL_CELL_ID'] = 'e'+ sliced_df['EVENT_PA

RAM_GLOBAL_CELL_ID'].astype(str) 

sliced_df['EVENT_PARAM_PHYSICAL_CELLID1'] = 'i'+ sliced_df['EVENT_P

ARAM_PHYSICAL_CELLID1'].astype(str) 

sliced_df['EVENT_PARAM_PHYSICAL_CELLID2'] = 'i'+ sliced_df['EVENT_P

ARAM_PHYSICAL_CELLID2'].astype(str) 

sliced_df['EVENT_PARAM_PHYSICAL_CELLID3'] = 'i'+ sliced_df['EVENT_P

ARAM_PHYSICAL_CELLID3'].astype(str) 

sliced_df['EVENT_PARAM_PHYSICAL_CELLID4'] = 'i'+ sliced_df['EVENT_P

ARAM_PHYSICAL_CELLID4'].astype(str) 

sliced_df['Serving PCI'] = 'i' + sliced_df['Serving PCI'].astype(st

r) 

 

In [9]: 

#np.savetxt("slice", sliced_df) 
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In [10]: 

# Setting RSRP values to dB 

sliced_df[["EVENT_PARAM_RSRPSERVING","EVENT_PARAM_RSRPRESULT4","EVE

NT_PARAM_RSRPRESULT3","EVENT_PARAM_RSRPRESULT2","EVENT_PARAM_RSRPRE

SULT1"]] = sliced_df[["EVENT_PARAM_RSRPSERVING","EVENT_PARAM_RSRPRE

SULT4","EVENT_PARAM_RSRPRESULT3","EVENT_PARAM_RSRPRESULT2","EVENT_P

ARAM_RSRPRESULT1"]].apply(lambda x:x-140)  

 

# Expanding each labeled column into dummy columns and bringing RSR

Ps into that column, then concating columns and crashing columns.   

#dummy_GC = (pd.get_dummies(sliced_df['EVENT_PARAM_GLOBAL_CELL_ID']

).mul(sliced_df.EVENT_PARAM_RSRPSERVING,0).astype('uint8')) 

dummy_dfs = (pd.get_dummies(sliced_df['Serving PCI']).mul(sliced_df

.EVENT_PARAM_RSRPSERVING,0)) 

dummy_df1 = (pd.get_dummies(sliced_df['EVENT_PARAM_PHYSICAL_CELLID1

']).mul(sliced_df.EVENT_PARAM_RSRPRESULT1,0)) 

combined1_df = pd.concat([sliced_df, dummy_dfs, dummy_df1], axis=1) 

combine1_df = (combined1_df.groupby(combined1_df.columns, axis=1).s

um()) 

 

dummy_df2 = (pd.get_dummies(sliced_df['EVENT_PARAM_PHYSICAL_CELLID2

']).mul(sliced_df.EVENT_PARAM_RSRPRESULT2,0)) 

combined2_df = pd.concat([combine1_df, dummy_df2], axis=1) 

combine_2df = (combined2_df.groupby(combined2_df.columns, axis=1).s

um()) 

 

dummy_df3 = (pd.get_dummies(sliced_df['EVENT_PARAM_PHYSICAL_CELLID3

']).mul(sliced_df.EVENT_PARAM_RSRPRESULT3,0)) 

combined3_df = pd.concat([combine_2df, dummy_df3], axis=1) 

combine_3df = (combined3_df.groupby(combined3_df.columns, axis=1).s

um()) 

 

dummy_df4 = (pd.get_dummies(sliced_df['EVENT_PARAM_PHYSICAL_CELLID4

']).mul(sliced_df.EVENT_PARAM_RSRPRESULT4,0)) 

combined4_df = pd.concat([combine_3df, dummy_df4], axis=1) 

combine_4df = (combined4_df.groupby(combined4_df.columns, axis=1).s

um()) 
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combine_df = combine_4df.drop(['EVENT_PARAM_GLOBAL_CELL_ID','Servin

g PCI','EVENT_PARAM_PHYSICAL_CELLID1','EVENT_PARAM_PHYSICAL_CELLID2

','EVENT_PARAM_PHYSICAL_CELLID3','EVENT_PARAM_PHYSICAL_CELLID4','EV

ENT_PARAM_RSRPSERVING','EVENT_PARAM_RSRPRESULT4','EVENT_PARAM_RSRPR

ESULT3','EVENT_PARAM_RSRPRESULT2','EVENT_PARAM_RSRPRESULT1'], axis=

1)  

print(combine_df.loc[[17544]]) 

       Cell_latitude  Cell_longitude  Distance to cell  Latitude_fi

nal  \ 

17544       21.49328        39.18851        137.156001       21.492

498    

 

       Longitude_final  i0.0  i1.0  i10.0  i100.0  i101.0  ...  i90

.0  i91.0  \ 

17544        39.189584   0.0   0.0    0.0     0.0     0.0  ...  -93

.0    0.0    

 

       i92.0  i93.0  i94.0  i95.0  i96.0  i97.0  i98.0  i99.0   

17544    0.0    0.0    0.0    0.0    0.0    0.0    0.0    0.0   

 

[1 rows x 508 columns] 

5 rows × 508 columns 

In [11]: 

combine_df.dtypes 

Out[11]: 

Cell_latitude       float64 

Cell_longitude      float64 

Distance to cell    float64 

Latitude_final      float64 

Longitude_final     float64 

                     ...    

i95.0               float64 

i96.0               float64 

i97.0               float64 

i98.0               float64 

i99.0               float64 

Length: 508, dtype: object 
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In [12]: 

from sklearn.model_selection import train_test_split 

from sklearn.multioutput import MultiOutputRegressor 

from sklearn.tree import DecisionTreeRegressor 

from sklearn.metrics import mean_squared_error 

from sklearn.metrics import r2_score 

from sklearn.metrics import explained_variance_score 

from sklearn import neighbors  

In [13]: 

y_data = combine_df[['Latitude_final',"Longitude_final"]] # constru

cting y matrix (output) 

X_data = combine_df.drop(['Latitude_final',"Longitude_final"], axis

=1) # constructing X matrix (input) 

In [14]: 

X_train, X_test, y_train, y_test = train_test_split(X_data, y_data 

, random_state=42, test_size=0.1, shuffle=True) 

In [15]: 

print("the total number of training data points are", len(X_train),

 "out of ", len(X_data)) 

print("the total number of testing data points are", len(X_test), "

out of ", len(X_data)) 

the total number of training data points are 99790 out of  110878 

the total number of testing data points are 11088 out of  110878 

In [16]: 

print("The input (X) training portion of the data is a matrix of sh

ape", X_train.shape, "rows by columns") 

X_train.head(5) 

The input (X) training portion of the data is a matrix of shape (99

790, 506) rows by columns 

In [17]: 

print("The output (y) training portion of the data is a matrix of s

hape", y_train.shape, "rows by columns") 

y_train.head(5) 

The output (y) training portion of the data is a matrix of shape (9

9790, 2) rows by columns 

 

In [18]: 
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print("The input (X) testing portion of the data is a matrix of sha

pe", X_test.shape, "rows by columns") 

X_test.head(3) 

The input (X) testing portion of the data is a matrix of shape (110

88, 506) rows by columns 

In [19]: 

print("The output (y) testing portion of the data is a matrix of sh

ape", y_test.shape, "rows by columns") 

y_test.head(3) 

The output (y) testing portion of the data is a matrix of shape (11

088, 2) rows by columns 

 

In [20]: 

# the regressor is trained jointly on training data X and y respect

ively (matrices above) 

KNN = neighbors.KNeighborsRegressor(n_neighbors = 1, weights = 'dis

tance') 

regressor = MultiOutputRegressor(KNN) 

#d_tree = DecisionTreeRegressor(random_state=42) #interpretable.r_s

42 

#regressor = MultiOutputRegressor(d_tree) #apllying the desicion tr

ee twice. Once on the latit and another time for the long. 

regressor.fit(X_train, y_train) 

Out[20]: 

MultiOutputRegressor(estimator=KNeighborsRegressor(algorithm='auto'

, leaf_size=30, metric='minkowski', 

          metric_params=None, n_jobs=None, n_neighbors=1, p=2, 

          weights='distance'), 

           n_jobs=None) 

In [21]: 

# implment Haversine Function 

from math import radians, cos, sin, asin, sqrt 

from statistics import mean, median, stdev, mode 

 

 

def haversine(lon1, lat1, lon2, lat2): 

    """ 

    Calculate the great circle distance between two points  
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    on the earth (specified in decimal degrees) 

    """ 

    # convert decimal degrees to radians  

    lon1, lat1, lon2, lat2 = map(radians, [lon1, lat1, lon2, lat2]) 

 

    # haversine formula  

    dlon = lon2 - lon1  

    dlat = lat2 - lat1  

    a = sin(dlat/2)**2 + cos(lat1) * cos(lat2) * sin(dlon/2)**2 

    c = 2 * asin(sqrt(a))  

    r = 6371 # Radius of earth in kilometers. Use 3956 for miles 

    return c * r 

In [22]: 

#In this step the model is trained, we are feeding the algorithm th

e testing portion of the data  

# and expect it to give us the (y hat)  

y_hat = regressor.predict(X_test) 

 

print(" Our predicted y_hat is a matrix of ", y_hat.shape, "rows by

 columns") 

 Our predicted y_hat is a matrix of  (11088, 2) rows by columns 

In [23]: 

print(y_test.values[0]) 

print(y_hat[0]) 

lat1, lon1 = y_test.values[0] 

lat2, lon2 = y_hat[0] 

haversine(lat1,lon1,lat2,lon2)*1000 

[21.52024269 39.19239521] 

[21.52024269 39.19239521] 

Out[23]: 

0.0 

In [24]: 

distance_list = [] 

distance_to_cell = [] 

 

for i in range(len(y_test)): 

    lat1, lon1 = y_test.values[i] 

    lat2, lon2 = y_hat[i] 
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    hive = haversine(lat1,lon1,lat2,lon2)*1000 

    distance_list.append(hive) 

         

for j in range(len(X_test)): 

    lat1 = X_test['Cell_latitude'].values[j] 

    lon1 = X_test['Cell_longitude'].values[j] 

    lat2, long2 = y_hat[j] 

    hive1 = haversine(lat1,lon1,lat2,lon2)*1000 

    distance_to_cell.append(hive1) 

In [25]: 

#np.savetxt("distance_list.txt", distance_list) 

In [26]: 

#Summary Stat 

print("The minimum distance is {} meters".format(min(distance_list)

)) 

print("The maximum distance is {} meters".format(max(distance_list)

)) 

print("The mean distance is {} meters".format(mean(distance_list))) 

#print("The mode distance is {} meters".format(mode(distance_list))

) 

print("The median distance is {} meters".format(median(distance_lis

t))) 

print("") 

 

#Summary Stat 

print("The minimum distance to the cell is {} meters".format(min(di

stance_to_cell))) 

print("The maximum distance to the cell is {} meters".format(max(di

stance_to_cell))) 

print("The mean distance to the cell is {} meters".format(mean(dist

ance_to_cell))) 

#print("The mode distance to the cell is {} meters".format(mode(dis

tance_to_cell))) 

print("The median distance to the cell is {} meters".format(median(

distance_to_cell))) 

The minimum distance is 0.0 meters 

The maximum distance is 73072.2891782627 meters 

The mean distance is 61.62032069200907 meters 
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The median distance is 5.51920866269379 meters 

 

The minimum distance to the cell is 9.682301182869088 meters 

The maximum distance to the cell is 165689.61493199496 meters 

The mean distance to the cell is 2098.567818146204 meters 

The median distance to the cell is 1512.9853064539013 meters 

In [27]: 

plt.hist(distance_list, bins = 20000) 

plt.xlim((0, 500)) 

plt.xlabel('Distance to cell') 

plt.ylabel('Frequency') 

plt.title(r'Histogram 0-500m') 

plt.show() 

plt.savefig('Histogram 0-500 m') 

In [28]: 

plt.hist(distance_list, bins = 50000) 

plt.xlim((0, 100)) 

plt.xlabel('Distance to cell') 

plt.ylabel('Frequency') 

plt.title(r'Histogram 0-100m') 

plt.show() 

plt.savefig('Histogram 0-100 m') 

In [29]: 

plt.hist(distance_list, bins = 100000) 

plt.xlim((0, 50)) 

plt.xlabel('Distance to cell') 

plt.ylabel('Frequency') 

plt.title(r'Histogram 0-50m') 

plt.show() 

plt.savefig('Histogram 0-50 m') 

 

In [30]: 

# here we square difference between y_test and y_hat and took the m

ean of them (numbers below are verified manually, see the Excel she

et) 

long, latit = mean_squared_error(y_test, y_hat , multioutput="raw_v

alues") 
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print("the mean squared error of longitude values between y_test an

d y_hat is ", long) 

print("the mean squared error of latitude values between y_test and

 y_hat is ", latit) 

the mean squared error of longitude values between y_test and y_hat

 is  4.84217251749509e-05 

the mean squared error of latitude values between y_test and y_hat 

is  2.1409410306931644e-05 

In [31]: 

r2 = r2_score(y_test, y_hat, multioutput="raw_values") # Coefficien

t of Determination R squared 

var = explained_variance_score(y_test, y_hat, multioutput="raw_valu

es") # Variance  

print("the r^2 of longitude values between y_test and y_hat is ", r

2[0]) 

print("the r^2 of latitude values between y_test and y_hat is ", r2

[1]) 

the r^2 of longitude values between y_test and y_hat is  0.99408084

75642392 

the r^2 of latitude values between y_test and y_hat is  0.997393694

0018279 

In [32]: 

# Calculate Median of Error Distance  

median_error_distance_runs = [] 

for i in range(20): 

    X_train, X_test, y_train, y_test = train_test_split(X_data, y_d

ata, test_size=0.1, shuffle=True) 

    #d_tree = DecisionTreeRegressor()  

    KNN = neighbors.KNeighborsRegressor(n_neighbors = 1, weights = 

'distance') 

    regressor = MultiOutputRegressor(KNN) 

    #regressor = MultiOutputRegressor(d_tree) 

    regressor.fit(X_train, y_train) 

    y_hat = regressor.predict(X_test) 

    distance_list = [] 

    for i in range(len(y_test)): 

        lat1, lon1 = y_test.values[i] 

        lat2, lon2 = y_hat[i] 
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        hive = haversine(lat1,lon1,lat2,lon2)*1000 

        distance_list.append(hive) 

    median_error_distance_runs.append(median(distance_list)) 

In [33]: 

plt.scatter(range(1,21), median_error_distance_runs) 

plt.xlabel('Runs') 

plt.ylabel('Median Error Distance in Meters') 

plt.title(r'Median Error Distances Per Run ') 

plt.show() 

 

 


