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 Abstract 

Uplink Throughput Prediction and Device Geolocation in Cellular Communication 

System Using Machine Learning Methodology  

Author: Engin Eyceyurt 

Research Director: Josko Zec, Ph.D. 

Continuously increasing the number of interconnecting devices, cloud services, and 

social media usage require enormous amounts of mobile data. Due to the rapid 

increase in cellular data demand, accurate cellular data prediction has become more 

critical. The increase in the number of mobile subscribers raised the issue of whether 

users' location can be determined. The most important uses of geolocation 

technology are emergencies and security purposes. In addition to emergency and 

security affairs, geolocation technology can decrease cellular network maintenance 

costs. Mobile network systems have become highly complex with a large number of 

parameter and feature add-ons. Along with the increased complexity, old fashion 

methods become insufficient for network management, and an advanced 

optimization approach is necessary, which is machine learning. Increased sensitivity 

of received radio parameters enabled many applications to get dependable results. 

This thesis proposes a reliable solution for uplink data rate prediction and device 

geolocation using LTE radio parameters in machine learning algorithms. We first 

performed an extensive LTE data collection in three distinct locations and 

determined the LTE lower layer parameters correlated with uplink (UL) throughput. 
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Selected LTE parameters with a high correlation with UL throughput (RSRP, RSRQ, 

and SNR) are trained in five different learning algorithms for estimating UL data 

rates. Our evaluations show that Decision Tree and K-nearest Neighbor algorithms 

are outperforming the other algorithms at throughput estimation. The prediction 

accuracy with the R2 determination coefficient of 92%, 85%, and 69% is obtained 

from Melbourne-FL, Batman-Turkey, and Houston-TX, respectively. Two intense 

LTE measurement data taken from one of the major US cellular carriers is used for 

device geolocation. After feature extraction and data analysis, received signal 

strengths of one serving and up to eight neighbor base stations are trained in machine 

learning algorithms. When %90 of data used as training set and %10 of data is used 

as testing set in K-nearest Neighbor algorithm, mean distance error of 34.9 meters 

with the standard deviation of 147.5 meters has achieved in the data measured in San 

Francisco, Ca. 
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CHAPTER 1 
INTRODUCTION 

1.1 Evolution of Cellular Network Systems 

Data rate and network coverage area in wireless communications systems is 

continuously increasing significantly ever since the first generation (1G) cellular 

network was commercially launched in 1983. Second generation (2G) digital 

systems, which was introduced in 1990, promised higher capacity and better sound 

quality than their analog counterparts as the signal could be compressed much more 

efficiently than the analog system. This efficient coding structure allows more 

packets to be transmitted over the same bandwidth and decreases the power 

consumption of both base stations and mobile user devices that transmits analog 

signals [1]. The third generation network (3G) was introduced at the end of the 20th 

century. 3G systems differed from 2G generation systems more in the ability to 

integrate voice and data applications, so the video talk feature came along with the 

3G technology. 

Long Term Evolution  (LTE) which is the pioneer of the 4G standards of wireless 

data communication technology, was released by 3GGP in December of 2008 in 

order to fulfill the increased demand that comes with high definition multimedia 

services. Essentially, LTE is evolved from UMTS/WCDMA network technologies. 
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LTE technology has brought higher capacity, greater peak data rate, and shorter trip 

delay using a different radio interface together with some network improvements. 

While LTE started to provide downlink peak rates of 150 Mbit/s and uplink peak 

rates of 75 Mbit/s, nowadays, it provides a maximum of 1 Gbps downlink and 300 

Mbps uplink data rates with the LTE-A technology. It supports scalable carrier 

bandwidth from 1.4 MHz to 20 MHz, as well as time division duplexing (TDD) and 

frequency division duplexing. Also, some delay-sensitive services such as VoIP and 

video are supported with LTE. Thus, LTE has become well-accepted technology by 

worldwide telecommunication service providers [2]. 

The fifth generation (5G) mobile network has recently been introduced and will take 

the place of 4G systems in the near future. 5G promises up to 10 Gbps downlink 

throughput ultra-low latency and more energy efficiency with the increased range of 

carrier frequency. 

Table 1 Mobile Network Generation Data Rate Comparison [3] 

Mobile Network Generation Speeds 

Generation Top Speed Average Speed 

2G (GSM) 0.3 Mbps 0.1 Mbps 

3G (HSPA+) 42 Mbps 8 Mbps 

4G LTE (ADV CAT-16) 1 Gbps 30 Mbps 

5G 10 Gbps 200-300 Mbps 
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Table 1 gives the comparison of the data rates of all mobile network 

generations. Wireless cellular communication started from low data rate services 

such as SMS and voice calls.  Now the technology is capable of high data rate 

services like high-quality video streaming and IP traffic. Global IP traffic has 

increased seven-fold within last five years and it is expected to reach 230 exabytes 

per month in 2026. According to the Ericsson’s mobility forecast 5G will be the 

dominant network technology on mobile data traffic by 2026 [4]. 

 

Figure 1 Monthly global mobile data traffic forecast [4] 
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1.2 Importance of Uplink Throughput 

Throughput is the rate of successful data delivery over a communication channel and 

usually measured in bits per second (bit/s or bps). In LTE systems, data is transmitted 

over either downlink or uplink channels.  While the physical uplink shared Channel 

(PUSCH) is responsible for upload-based transmission, the physical downlink shared 

channel is used for download-based transmissions. Broadband data usage is facing a 

massive demand with the availability of the Fourth Generation(4G) and evolving 

Fifth Generation(5G) wireless technology. These technologies promise higher 

spectral efficiency, low latency, high peak data rates, and flexibility in frequency and 

bandwidth to the end-user [5]. Hence, it is crucial to keep the Quality of Service 

(QoS) while guaranteeing reliable and robust networks with achieving higher data 

rates. In wireless communications, data rates have increased exponentially from 

second Generation (2G/GSM) (data speed up to 9.6 Kbps) to 4G / LTE-A (data speed 

up to 1 Gbps). LTE employs 20 MHz bandwidth with different modulation and 

multiplexing techniques such as Orthogonal Frequency Division Multiple Access 

(OFDM),64 QAM, and 4x4 spatial multiplexing to achieve higher data rates [6] [7]. 

Higher resolution video and audio contents have become widespread with reliable 

and fast mobile internet access. The demand for cellular data doubles every two years 

and is expected to reach 77.5 exabytes by 2022 [4] [8]. Under the umbrella of the 

Internet of Things (IoT), massive mobile applications at an unprecedented pace lead 

to reliable networks and higher peak data rates. In November 2019, Covid-19 had 

https://en.wikipedia.org/wiki/Bits_per_second
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emerged in Wuhan, China, and become a pandemic in a short period of time. Online 

education, working from home, and online businesses have become widespread as 

the world has experienced lockdowns due to the pandemic. This new normal leads 

the world to comprehend the necessity of uplink throughput and innovative cellular 

technologies eminently. According to research conducted by Lutu et al., pandemics 

such as the SARS-CoV-2 virus can drastically impact the network data traffic in 

favor of uplink demand. Their results confirm an increase of 10% in uplink mobile 

data usage and a decrease of 20% in downlink mobile data usage [9]. 

As stated by cellular standards, the downlink contains more measurement elements 

and traceable features than the uplink [10]. Naturally, carriers tend to focus more on 

the downlink and deploy an asymmetric channel capacity between downlink and 

uplink channels [11]. Due to this asymmetric deployment, the downlink channel has 

a higher transmission capacity than the uplink.  

When considering traffic asymmetry, applications can be grouped into different 

categories, such as:  

− Bi-directional: Point-to-point (P2P) applications (file sharing, P2P media), email, 

instant messaging, voice-over-IP (VoIP), video conferencing, etc. These applications 

generate similar amounts of uplink and downlink traffic volumes: emails and instant 

messages are both sent and received; shared files are both uploaded and downloaded, 

etc. The high UL/DL ratio of unknown traffic hence implies that most of this traffic 
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probably comes from either P2P applications or VoIP and videoconferencing 

applications.  

− Request-response: Social networking, web browsing, etc. These applications have 

a typical request-response communication pattern where requests (uplink) are 

typically much smaller than responses (downlink). It is interesting to note the 

significantly higher uplink traffic ratio for social networking. Social networking is 

not only focused on viewing existing content, but users also actively contribute to 

create content; therefore, average "request" sizes are larger than for web browsing.  

-Upload dominated: Internet of Things (IoT), AV control, sensor data, etc. These 

applications are typically upload-dominated. Since these technologies have been 

emerged and continuously growing, their effect will be considerably high on cellular 

data traffic. 

− Download dominated: Software update and download, online video, online audio, 

web TV, etc. These applications are practically download only. The 2-3% uplink 

ratio is mainly due to TCP ACK packets in uplink direction as well as small requests 

in uplink preceding software or media downloads [12]. 

While the usage of social networking, video conferencing, and gaming applications 

that require high throughput in both downlink and uplink transmissions is increasing, 

the usage asymmetry between uplink and downlink is closing.  

Moreover, some applications, such as AV control, rely mostly on the uplink to assist 

in an emergency remote intervention that is legally required in the AV industry. High 
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uplink throughput is necessary for AV control to carry video and sensor data and thus 

enable remote vehicle control. Numerous other applications require comparable 

uplink and downlink data rates, such as video conferencing, file sharing, and VoIP. 

Uplink volume constituted approximately 13% percent of the total mobile data traffic 

in 2014. This ratio is expected to reach 30% in 2020 [12] [13]. Carson and Lundvall 

state that around 20% of end-users are dissatisfied with their uplink data rate [14]. 

The complaints will require data collection and optimization of uplink channels in 

cellular networks. The complaints may require data collection and optimization of 

uplink channels in cellular networks. However, the outdated rule-based techniques 

cannot bear even current system requirements due to the unprecedented growth of 

the number of parameters, carrier features, and counters. 

 

1.3 Geolocation 

Geolocation is the ability to track a device’s whereabouts using GPS, cell phone 

towers, Wi-Fi access points, or a combination of these methods. Since devices are 

used by individuals, geolocation uses positioning systems to track an individual’s 

whereabouts down to latitude and longitude coordinates, or more practically, a 

physical address. Geolocation was first used during the Second World War. The 

Global Positioning Satellites (GPS) was developed by the United States  Department 

of Defense and used in military services only many years. Since it can be 

advantageous for non-military applications as well, GPS became available for the 
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civilian community in 1980. Recently, a number of commercial GPS systems have 

been developed for commercial purposes. GPS systems use the chip inside a mobile 

phone to receive signals from orbiting satellites, then determine the distance to each 

satellite and calculates the location of the mobile phone. When the signals are strong 

enough and not blocked by an object, GPS gives highly accurate position information.  

Several Non-GPS methods have been applied to locate mobile devices after GPS 

development. These methods use triangulation and the Serving Cell Identity (CID) 

to locate a mobile phone. The CID method used the information available in the 

existing network and locates the mobile device by checking the location of the 

serving cell; this method provides extremely fast, low latency location returns and is 

available as long as the mobile device has coverage. Advanced Forward Link 

Trilateration (AFLT) is another geolocation method that determines the device 

location by measuring signal transmission time between a minimum of three cell 

towers.  This method is less precise than GPS methods but is less susceptible to 

physical barriers. Nowadays, the most accurate location information is provided by 

Assisted GPS (A-GPS) systems. This system combines a Non-GPS method with the 

GPS system to increase the accuracy.  

While the most immediate need for positioning is the user’s security and safety, there 

are many applications of geolocation in different areas. Geolocation can be used for 

surveillance, commercial purposes, minimization of drive tests, and cellular network 

maintenance cost reduction. 
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CHAPTER 2 
BACKGROUND AND RELATED WORKS 

In this chapter lower layer LTE parameters that will be used for uplink throughput 

prediction and device geolocation will be introduced.  

2.1 LTE Parameters 

2.1.1 Reference Signal Received Power (RSRP) 

Reference signal received power is defined as the linear average over the power 

contributions (in [W]) of the resource blocks that carry cell-specific reference signals 

within the considered measurement frequency bandwidth. In LTE systems, user 

equipment always needs to measure the signal strength of its own and neighbor cells 

during the idle, connected mode, or handovers to keep the signal quality stable. For 

RSRP determination, the cell-specific reference signals R0 according to TS 36.211 

report [15] shall be used. If the UE can reliably detect R1, it may use R1 instead of 

R0 to determine RSRP. If receiver diversity is in use by the UE, the corresponding 

RSRP of any of the individual diversity branches must be lower than the reported 

value [16]. Table 2.1 shows the reporting range of RSRP is defined from -140 dBm 

to -44 dBm with 1 dB resolution 
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Table 2 RSRP Measurement Report Mapping [25] 
  

 

 

 

2.1.2 Reference Signal Received Quality (RSRQ) 

RSRQ is a C/I type of measurement and it indicates the quality of the received 

reference signal. The RSRQ measurement provides additional information when 

RSRP is not sufficient to make a reliable handover or cell reselection decision. RSRQ 

is defined by 3GPP at [17] as the following ratio;   

𝑅𝑆𝑅𝑄 = 𝑁 ×
𝑅𝑆𝑅𝑃

𝑅𝑆𝑆𝐼
      (1) 

 𝑅𝑆𝑅𝑄(𝑑𝐵) = 10𝑙𝑜𝑔(𝑁) + 𝑅𝑆𝑅𝑃(𝑑𝐵𝑚) − 𝑅𝑆𝑆𝐼(𝑑𝐵𝑚)    (2) 

 

N represents the number of Resource Blocks of the RSSI's bandwidth. The same set 

of resource blocks should be used for this calculation.  

 Narrowband N = 62 Sub Carriers (6 Resource Blocks) 

 Wideband N = full bandwidth (up to 100 Resource Blocks / 20 MHz) 

  

The comparison between RSRP and RSRQ can give information coverage or 

interference occurrence in that location as well. Hence, it will help us to see how 

stable the RF environment is and reduce the determined part of the interference.  
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Table 3 RSRQ Levels Report Mapping [25] 

 

2.1.3 Received Signal Strength Indicator (RSSI) 

Received Signal Strength Indicator is a parameter that gives data about total received 

wide-band power (measure in all symbols), including all interference, thermal noise, 

and noise generated in the receiver, within the bandwidth defined by the receiver 

pulse shaping filter. The antenna connector of the UE shall be taken as the reference 

point for the measurement. If receiver diversity is in use by the UE, the measured 

UTRA carrier RSSI value must be greater than the corresponding UTRA carrier 

RSSI of any of the individual receive antenna branches. RSSI cannot be found on it 

is own, but it can be estimated with the help of RSRP and RSRQ [16].  

RSSI calculation; 

𝑅𝑆𝑆𝐼[𝑑𝐵𝑚] = 10 log(𝑁) + 𝑅𝑆𝑅𝑃[𝑑𝐵𝑚] − 𝑅𝑆𝑅𝑄[𝑑𝐵]  (3) 

N represents resource blocks. 
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2.1.4 Signal to Interference & Noise Ratio (SINR) 

 SINR is a measure of signal quality as well but it is not defined in the 3GPP 

specs but defined by the UE vendor. Signal to interference noise ratio can be 

calculated as, 

𝑆𝐼𝑁𝑅 =
𝑆

𝐼+𝑁
 𝑖𝑛 𝑑𝐵     (4) 

Where S represents the power of measured usable signals, I indicates the average 

interference power (also includes other cell interferences), and N represents 

background noise, which is related to measurement bandwidths and receiver noise 

coefficients. SINR is one of the most significant parameters that determine the 

downlink throughput for the UE. The power control mechanism highly impacts SINR 

values in every UE [18]. SINR for per user also can be defined as, 

𝑆𝐼𝑁𝑅 = 𝑃 − 𝐿 − 𝐼0𝑇 − 𝑁    (5) 

Where; 

 P = {𝑃𝑚𝑎𝑥, 𝑃𝑠 + 10. 𝑙𝑜𝑔10𝑀 + 𝛼. 𝐿} [dBm] 

 L = Path loss in dB 

 𝑃0 = UE specific (optionally cell specific) parameter 

 𝐼0T = Interference over Thermal 

 N = Thermal noise 

 𝑃𝑚𝑎𝑥 = Maximum transmit power 

 M = Assigned physical resource block 
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 α = Cell-specific path correction factor 

 

2.1.5 Link Adaptation 

Cellular signal strength reception conditions vary over frequency and time. To 

minimize the results of this variation and take the best QoS an Adaptive Modulation 

and Coding (AMC) implemented to LTE system. Transmission parameters are 

controlled and altered by AMC in order to achieve a Transport Block Error Rate 

(BLER) lower than 10% and keep retransmissions in a sufficient range. While 

different modulation schemes (QPSK, 16QAM, 64QAM) make the bit detection, 

they change the robustness of data against noise and other distortions caused by the 

communication channel. Figure 8 shows the applied modulation scheme for the LTE 

shared channels. Most robust transmission is achieved by mapping just 2 bits to each 

modulation symbol as seen with QPSK, resulting in four stages. A large distance 

between modulation symbols allows higher probability of the correct decision at the 

receiver even with noisy reception conditions. However, there is a trade of between 

robustness and data rate. 16QAM and 64QAM modulation 4 and 6 bits respectively 

to achieve a higher data throughput but they are more vulnerable to noise. In table 4 

the CQI 15 denotes the best channel quality in terms of data rate and it is supported 

by highest modulation of 64-QAM. 
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Figure 2 Modulation types in LTE 
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Table 4 Modulation Ranges and Efficiencies 

CQI Modulation Efficiency 
0 Out of range Out of range 
1 QPSK 0.1523 
2 QPSK 0.2344 
3 QPSK 0.3770 
4 QPSK 0.6016 
5 QPSK 0.8770 
6 QPSK 1.1778 
7 16QAM 1.4766 
8 16QAM 1.9141 
9 16QAM 2.4063 
10 64QAM 2.7305 
11 64QAM 3.3223 
12 64QAM 3.9023 
13 64QAM 4.5234 
14 64QAM 5.1152 
15 64QAM 5.5547 

 

2.1.6 Uplink Throughput 

Uplink throughput shall be called as uplink data rate. There are four parameters that 

affect the throughput directly. These are multiple inputs- multiple-output (MIMO) 

usage, bandwidth, modulation, and coding. MIMO is an antenna technology that uses 

multiple antennas at both receiver and transmitter in wireless communication 

systems. These antennas are combined at each end point in order to minimize the 

errors and optimize the data rate.  
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Table 5 Absolute Maximum Physical Layer Throughputs [12] 

 

 Table 5 shows the theoretical absolute maximum physical layer throughputs 

could be achieved when all resource blocks were allocated to the PUSCH, and any 

redundancy was not added to the physical layer [19]. These results cannot be 

achieved in practice, but it gives us the contributions of MIMO, bandwidth, coding, 

and modulation to throughput. In theory, 2x2 MIMO doubles the throughput, which 

is measured in single input-single output (SISO) antennas and 4x4 MIMO doubles 

the throughput achieved 2x2 MIMO used systems. The bandwidth affects the 

throughput proportionally. The modulation index also changes the throughput as 

follows; theoretically, two times four times and six times better data rate can be 

achieved with modulation of QPSK, 16QAM, and 64QAM, respectively. Since; 
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 QPSK encodes 2 bits/symbol 

 16QAM encodes 4 bits/symbol 

 64QAM encodes 6 bits/symbol 

The throughput of digital wireless communications channels is defined by several 

factors, including; symbol period utilization, symbol rate, modulation scheme, code 

rate, number of resource blocks, and number of spatial streams. We can calculate 

throughput for LTE transmissions as, 

 

𝐓 = 𝐃𝐚𝐭𝐚 𝐬𝐮𝐛𝐜𝐚𝐫𝐫𝐢𝐞𝐫𝐬 𝐱
𝐒𝐥𝐨𝐭

𝐬𝐞𝐜
𝐱
𝐒𝐲𝐦𝐛𝐨𝐥

𝐬𝐥
/𝐨𝐭 𝐱 𝐛𝐢𝐭𝐬/𝐬𝐞𝐜 𝐱 𝐜𝐨𝐝𝐞 𝐫𝐚𝐭𝐞 𝐱 𝐬𝐩𝐚𝐭𝐢𝐚𝐥 𝐬𝐭𝐫𝐞𝐚𝐦  (6) 

 
For example; 

With LTE, the maximum throughput in a 4x4 MIMO channel occurs when the 

eNodeB allocates all resource blocks (1200 subcarriers) for a 20 MHz signal 

bandwidth using the 64-QAM modulation scheme. In this case, the estimated 

theoretical throughput is 76.8 Mbps. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡

= 1200 𝑠𝑢𝑏𝑐𝑎𝑟𝑟𝑖𝑒𝑟𝑠 𝑥
2000 𝑆𝑙𝑜𝑡

𝑠𝑒𝑐
𝑥
7 𝑆𝑦𝑚𝑏𝑜𝑙

𝑠𝑙𝑜𝑡
𝑥 6

𝑏𝑖𝑡𝑠

𝑠𝑦𝑚𝑏𝑜𝑙
 𝑥
4

5
𝐶. 𝑅. 𝑥 4 𝑆. 𝑆.

= 315 Mbps  

 Sending data over a communications network requires sending more than just 

the desired payload data in order to avoid collisions of signals. Therefore, the 
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overhead ratio should be considered for throughput calculation. The overhead ratio 

is ranging from 1% at 20 MHz to approximately 9% at 1.4 MHz [20]. 

 

2.1.7 Physical Cell Identity 

Physical cell identity (PCI) is cell identifier on the physical layer which can be used 

to create synchronization signals, including Primary Synchronization Signals (PSS) 

and Secondary Synchronization Signals (SSS). Since PCI has a significant role for 

cell searching, PCI planning is one of the most important parts of self-configuration 

[21]. 

2.1.8 Extended Cell Identity (eCI) 

Extended Cell Identity is a LTE and LTE-A parameter that is build by a 

concatenation of the eNodeB part of Cell Identity and the Cell Part of Cell Identity 

It can be calculated as: [22] 

𝑒𝐶𝐼 = 256 𝑥 𝑒𝑁𝑜𝑑𝑒𝐵 𝑝𝑎𝑟𝑡 𝑜𝑓 𝐶𝐼 +  𝐶𝑒𝑙𝑙 𝑝𝑎𝑟𝑡 𝑜𝑓 𝐶𝐼 

2.1.9 E-UTRA Absolute Radio Frequency Channel Number (EARFCN) 

In LTE, the carrier frequency in the uplink and downlink is designated by 

EARFCN, which ranges between 0-65535. EARFCN uniquely identify the LTE 

band and carrier frequency and independent of channel bandwidth. The complete 

list of EARFCN is given in Appendix. 
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2.2 Related Works 
This section discusses some other studies which are related to uplink throughput 

prediction and device geolocation. 

2.2.1 Uplink Throughput Prediction Literature Review 

Minimizing the latency, geo-positioning of systems, and keeping the throughput at a 

premium is necessary for modern telecommunication systems such as LTE and 

upcoming 5G technologies. As mobile applications need more content to be 

delivered wirelessly, like video streaming and 3D point clouds, modeling and 

optimizing the throughput becomes indispensable in terms of QoS. Cellular mobile 

networks utilized throughput models that contain history-based, computational-

based, and ML-based predictions for design and optimization. History-based 

predictions mainly extrapolate archived data, which contains various parameters, 

including time, place, and density of the traffic, to come up with a decision. On the 

other hand, computational-based predictions evaluate a mathematical model as a 

function of several variables to derive a decision. Nevertheless, there is still a lack of 

accuracy in both approaches, especially on the uplink side. 

An experiment conducted by Yue et al. benefits from stationary LTE measurements 

taken from regional routes, highways, and pedestrian lanes to forecast downlink 

throughput. The study performs ML algorithms on two US cellular operators and 
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gets an error rate between 4%-17% [23]. Even though the study has high accuracy in 

downlink prediction, it still needs to be improved to eliminate error fluctuation.  

 

Figure 3 CDF and feature importance graphs of Yue et al. 

In his study, Jomrich et al. seek a reliable cellular data connection since mobility 

causes significant oscillation in QoS. Thus, they investigated an automated 

bandwidth prediction model aided by ML algorithms. They stated that their machine 

learning algorithms were lightly affected by additional oscillations caused by vehicle 

velocity [24]. Bojovic et al. researched the Self Organizing Network (SON) to reduce 

the time and expenditure of the network processes. Learning-based SON uses key 

performance Indicators (KPI's) as estimation parameters and can adapt dynamically 

to the environment for QoS improvement purposes. He used LTE parameters such 

as Dynamic Frequency and Bandwidth Assignment with 95% of optimal network 

performance [25]. Konishi et al. evaluate the downlink throughput while video 

streaming and achieve 81% prediction accuracy in the daytime, with the accuracy 

dropping to 72% at night [26]. 
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Figure 4 Average throughput and prediction accuracy graph from a related study [26] 

 Liu and Lee use ML algorithms on data taken during an eight-day collection period 

and make the downlink traffic and throughput estimations in 3G systems. They 

compare the results of different prediction algorithms based on normalized RMSE. 

[27] 

 

Figure 5 Comparison of different prediction algorithms from a related study [27] 

 Lee et al. also work on time-series and ML algorithms deploying neural networks 

and multiple linear regression methods to predict hourly downlink throughput [28]. 
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Wei et al. utilize the method of recurrent neural networks to make estimation on the 

downlink throughput stating that this method decreases the prediction errors by 29% 

percent compared to traditional prediction algorithms [29]. Finally, Oussakel et al. 

investigated a machine learning solution to manage the immense demand for uplink 

transmission to increase the QoS. As stated by his research, the main supervised 

learning algorithms are utilized to predict uplink bandwidth in the range of 88% to 

94% with different scenarios [30] 

2.2.2 Geolocation Literature Review 

With the increase of mobile device usage, it has become critical to find accurate 

device locations, especially in emergency situations, criminal cases, and various 

commercial solutions. Although GPS-based positioning gives highly accurate 

results, reaching GPS may not be always available, particularly in metropolitan and 

indoor areas that reduce the signal strength [31]. Weak GPS signals may result in 

inaccurate geolocation. Additionally, device users may prefer not to activate the 

location services, so non-GPS-based solutions have become significant. In this 

section, some of the non-GPS-based geolocation studies will be discussed. 

In their study, Ali and Bashar implement a real-time mobile tracking system using 

GSM and UMTS network system parameters. They first make a driving test for 

storing location information as well as the network parameters (Cell ID, LAC, MNC, 

MCC)  
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in a specific area. Later,  they make synchronization between the stored data and new 

network parameters via SQLite and MySQL platforms [32].  

 

Figure 6 Real-time geolocation solution from a related study [32] 

Zaenab investigates a Cell ID and RSRP measurement-based geolocation model. She 

calculates the distance between the mobile device and cell towers by RSRP 
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measurements and path loss. Her model results give an RMSE of 406 meters with a 

standard deviation of 206 meters [33]. 

 

Figure 7 Histogram and CDF of location errors from a Cell ID and RSRP based related study [33] 

An experiment conducted by Razvan and Regiz merge GPS locations with the LTE 

measurement-based data to generate 3D Geolocation model. Call ID, Cell ID, RSRP, 

and Timing Advance parameters are used from LTE measurements and positioning 

accuracy  is increased by 15% compared to GPS-only system [34]. 
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Figure 8 Positioning error for GPS-only and 3D geolocation model from a related study [34] 



 

26 
 

CHAPTER 3 
RELEVANT STATISTICAL TOOLS AND 
MACHINE LEARNING ALGORITHMS 

In this chapter, we will evaluate some of the main statistical tools and parameters 

which will be required for the estimation and analysis of our machine learning 

prediction models. Later, machine learning algorithms which are widely used almost 

in every area, will be explained in detail. 

 

Figure 9 Statistical Description of Data [34] 
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3.1 Statistical Parameters 

Statistical parameters can be grouped under two main categories; measures of central 

tendency and measures of dispersion. The first group of parameters measures how a 

set of numbers is centered around a particular point on a line, so these parameters 

give information about where the numbers aggregate. The sample mean, median, and 

probability of success are some of the parameters under measures of central tendency. 

Measures of dispersion show how far the numbers are scattered about the center 

value of the set. There are three common parameters of variation: the range, standard 

deviation, and variance.  

3.1.1 Sample Mean (Average) 

The sample mean is the most common statistical parameter. It can be defined as the 

sum of the numerical values of each observation divided by the total number of 

observations [35]. In other words, the sample mean is the arithmetic average of n 

elements from the given data set as seen in the following Equation [36] ; 

X̅ =
x1+x2……+xn

n
=∑(

xn
n
)

n

k=1

 (19) 

                     
 
         

 n = The number of observation 

 xi = the value of observation 

 X̅ = Sample mean average 
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The most important constraint of the sample means is that the number of observations 

must be finite. We should also point out that in the statistical analysis, the mean of 

the observations approaches a normal distribution when the data has a sufficient 

number of data points [37] as seen in Equations 20 and 21.                  

E{X̅} = µx             µx: True means (20) 

var{X̅} =
σx
2

n
       σx

2: Variance of X (21) 

3.1.2 Median 

The median value in a set of numbers is the number that divides the set into equal 

halves when all the data is ordered from lowest to highest value. Although the sample 

mean is the most widely used statistical parameters, using median may be more 

appropriate in some cases. In some survey reports, the median and arithmetic mean 

values of data are compared. If these two are not close enough, this may indicate data 

corruption [37] 

3.1.3 The Range 

The range is the simplest measure of dispersion. It is described as the difference 

between the lowest score and the highest score in a set of numbers. Since the range 

is dependent only on the lowest and highest score in a given dataset, a single 

abnormal value can affect the range dramatically, unlike the other statistical 

parameters. 

𝑅𝑎𝑛𝑔𝑒 (𝑋) = 𝑀𝑎𝑥 (𝑋) −  𝑀𝑖𝑛 (𝑋)              (29) 
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3.1.4 Standard deviation and Variance 

In statistical analysis, many beneficial elements can characterize the data dispersion. 

In general, variance and standard deviation will be two crucial factors for statistical 

analysis. The standard deviation gives an approximate picture of the average amount 

each number in a set varies from the center value. Variance is defined as the average 

of the square of the deviations of a set of scores from their mean. In other words, it 

can be found by . They can be determined from sample data as follow [36]. 

     Variance                        s2 = 1

n−1
∑(xn − X̅)

2 (30) 
 
 
  Standard Deviation          S = √variance = √s2 

 
(31) 

 

3.2 Normal Distribution (Gaussian) 
In statistic, the normal distribution is one of the most commonly used probability 

distributions. It produces random variables independently which creates a bell-

shaped curve as seen in Figure 38 [38].  
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Figure 10 Example of normal distribution (PDF) 

As it is seen from the graph, the distribution of PDF depends on the mean (µ) and 

the standard deviation (σ).  Normal distribution generates data concerning Gaussian 

distribution and can be calculated as follow. 

f(x|µ, σ2) =
1

√2πσ2
e
−
(x−µ)2

2σ2  (22) 

 
Where: 
𝜎2:  Variance  
µ: Mean 
 

3.3 Descriptive Charts 

Visualization is another crucial element to understand what model can be fit to the 

data correctly. In RF, histograms and cumulative distribution function are two crucial 

graphical tools. 
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3.3.1 Histogram 

The histogram is defined as a diagram that divides the observations into small 

containers containing the frequency of occurrence. The number of containers is 

demonstrated by Sturges' rule in Equation 32 [37]. 

 

 N = int(1 + log2(η)) (32) 
 

Where: 

 int: the integer part of the expression 

 N: is the number of Classes (integer) 

 η: number of observations 

 

Figure 11   Sample Histogram Representation  
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The creation of histogram gives the idea of how the data is distributed. In Figure 11, 

it is evident that observations are close to Gaussian Normal Distribution. Therefore, 

it is vital to use the histogram in the process of creating a model.  

3.3.2 Cumulative Distribution Function (CDF) 

In statistic, CDF is a simple way to explain Most of the statistical analysis parameters 

such as maximum, minimum, or median. If we have a random variable X, then the 

corresponding CDF can be represented [37]; 

CDF(x) = Pr{X < x} (33) 
Where:  
𝑃𝑟 = 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛  

   Pr{X < x} ≈
Number of observations smaller than x

Total number of observation
   (34) 

 

The properties of the CDF function: 

 CDF is a non-decreasing function 

 CDF(+∞) = 1                        CDF(−∞) = 0 
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Figure 12 Sample CDF Representation 

 

3.4 Correlation  Coefficients 
Correlation coefficients are used to measure how strong the relationship is between 

two variables. There are several types of correlation coefficient, but the most 

popular ones are Spearman’s Pearson’s correlation coefficients.  

3.4.1 Spearman’s Rank Correlation Coefficient  

Spearman’s correlation coefficient is more robust to outliers than Pearson’s 

correlation coefficients. The formula is given as: 

r𝑠 = ρ
𝑟𝑔𝑥

, ρ
𝑟𝑔𝑥

 =cov(𝑟𝑔𝑋, 𝑟𝑔𝑌)
σ𝑟𝑔𝑥σ𝑟𝑔𝑦

 

ρ denotes the usual Pearson correlation coefficient but applied to the rank variables 

-100 -95 -90 -85 -80 -75 -70 -65
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Data

C
um

ul
at

iv
e 

pr
ob

ab
ili

ty

 

 

Y1 data
fit 1

https://www.statisticshowto.com/probability-and-statistics/types-of-variables/
https://www.statisticshowto.com/probability-and-statistics/correlation-coefficient-formula/#Pearson


 

34 
 

cov(𝑟𝑔𝑋, 𝑟𝑔𝑌) is the covariance of rank variables 

σ𝑟𝑔𝑥 and σ𝑟𝑔𝑦 are the standard deviations of rank variables 

if all n ranks are distinct integers: 

ρ =
6∑ (𝑅𝑎𝑛𝑘 (𝑥𝑖)−𝑅𝑎𝑛𝑘 (𝑦𝑖))

2𝑛

𝑖=1

𝑛3−𝑛
 where n is the number of observations 

 
 

3.4.2 Pearson’s Rank Correlation Coefficient  

Pearson’s correlation coefficient is preferred for describing dependency among 

parameters that are normally distributed 

ρ
𝑋,𝑌

 = cov(X,Y)
σ𝑋σ𝑌

 

where; 

cov is the covariance 

σ𝑋 and σ𝑌 are the standard deviations  

3.5 Machine Learning 
Machine learning (ML) is a data analysis method that combines computer science 

and statistics to enhance prediction rates. It is a branch of artificial intelligence that 

builds a model from sample data and makes decisions with the minimum human 

intervention [39] [40]. Since most of the work is done automatically with computer 

aid, ML produces more accurate models that can quickly analyze large amounts of 

complex data. Machine learning algorithms are categorized as supervised and 
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unsupervised. Supervised algorithms are used to learn labeled data and produce 

results, whereas unsupervised techniques use unlabeled data [41]. Here, supervised 

learning algorithms of the regression models are utilized for uplink throughput 

prediction in cellular networks. This section investigates five commonly used ML 

algorithms to find a practical and accurate prediction model.  

3.5.1 Gradient Descent Based Linear Regression 

Linear regression is one of the simplest ML algorithm that seeks a linear relationship 

between the number of independent variables (�̂�) and the dependent variable(s) (�̂�) 

[42]. Linear Regression  is the most common and basic predictive model to identify 

the relationship among the variables [43] [44]. The equation that is used to predict a 

linear regression line is indicated in equation 1. 

    �̂�𝒊 = �̂�𝟎 + �̂�𝟏𝒙𝟏𝒊 + �̂�𝟐𝒙𝟐𝒊 . . . +ℇ̂𝒊                                          (𝟏)  

The intuition behind the linear regression algorithm is to determine the best 

coefficients  �̂�𝟎  �̂�𝟏, and  �̂�𝟐.  Cost function and slope are essential key concepts to 

derive results for the coefficients.  Equation  2  represents the cost function and 

investigates the minimum value of the cost function. 

     𝐦𝐢𝐧𝐢𝐦𝐢𝐳𝐞  [  
𝟏

𝒏
 ∑({𝒚𝒊  −  �̅�)}

𝟐  ]                                   (𝟐)

𝒏

𝒊=𝟏
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Figure 13 Demonstration of gradient descent algorithm 

As seen from Figure 13, while the cost function decreases, the linear trend line comes 

closer to the actual results indicating that the model fits the data better. We used a 

gradient descent algorithm to minimize this cost function.  Gradient descent is one 

of the first-order methods which basically begin with an initial point and repeatedly 

move its steps in the direction of the gradient descent that minimize 

the f(x) function as follows [45]: 

Algorithm 1 The Gradient Descent Algorithm 

 

𝒇𝒐𝒓  𝑘 = 0;  1;  2;  …  𝒅𝒐      

        𝑔𝑘 ← ∇(𝒇(𝒙𝒌)  
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        𝒙𝒌+𝟏  ←  𝒙𝒌 − 𝒕𝒌𝒈𝒌  

𝒆𝒏𝒅 𝒇𝒐𝒓  

 

Where k is the number of iterations, gk is the gradient of a dependent variable, tk is 

the step size, and xk is the independent variable. The gradient descent iterative action 

is shown in Figure 14. According to equation 1, there are two coefficients as �̂�𝟎 and 

�̂�𝟏 presented as contour levels. The starting point of gradient descent, x0, moves to 

x1, then from x1 to x2 until it converges to the optimum value. The ideal optimum 

value is the middle of the circles, which indicates the global minimum. Figure 14 

also shows the local minimum, which may cause deceiving predictions. Gradient 

descent does an iterative update to find the best coefficients leading the global 

minimum. 

 

Figure 14 Demonstration of gradient descent iterations 

The gradient descent algorithm has several criteria to find its direction during the 

iterative process, such as the initial point x0, step size tk, and stopping condition. 
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Since these criteria are linked to each other, a wrong choice may end up with a local 

minimum rather than the global minimum. Besides, the technique called early 

stopping, a form of regularization, should be applied to a gradient descent algorithm 

to avoid the over-fitting problem. However, implementing such techniques increases 

the learning performance with each iteration, which leads to a higher generalization 

error. Thus, it is wise to skip the early stopping technique and keep f(xk) as close as 

possible to the global minimum. The following convergence bounds rule should be 

applied to determine the minimum number of steps: 

      𝒌 ≥ 𝒌𝒇 (𝒇(𝒙𝟎 + 𝒇(𝒙
∗)) 𝒈(

𝟏

ℇ
 )                                (𝟑)           

Where k is the number of iterations, kf is a feature estimated from the independent 

variables of the function, g is a function dependent on the independent variable of 

the function,  ℇ is the error of confidence, and f(x*) is the true minimum. 

3.5.2 Gradient Boosting Regression 

Boosting is a technique that is applied to base learners of machine learning tools such 

as regression and classification. This technique increases the prediction accuracies 

of poor iterative models by combining them with multiple weak models. Different 

boosting techniques reveal the quantity of the misclassification between input 

variables and the output before picking the appropriate option for the next iteration. 

This mainly decreases the bias due to the focus on misclassified cases. In this 

research, we employ Gradient Boosting Regression(GBR) as a boosting technique. 
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The GBR uses gradient terms for prediction since it utilizes the gradient descent 

algorithm to minimize the cost function in each step. Even though there is a slight 

difference between the GBR and multivariate linear regression, this model has a 

notable increase in accuracy. The GBR is generally used with Decision Trees (DT) 

of fixed-size base learners. The model determines the error between the current 

prediction and real output values. This error, which is called residual, is tried to be 

predicted using the same input parameters. This process continues as long as the 

stopping criteria is satisfied. This process creates many weak models that predict next 

available residual. After acquiring the residual and their weak prediction models, the 

GBR combines these ‘poor’ performance trees and produces high prediction 

accuracy. This iterative process pushes the model into the direction of true value and 

improves the overall model prediction [46]. The general GBR process is illustrated 

in Figure 15.  
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Figure 15 Visualization of Gradient Boosting Regression 

While requiring little data preprocessing, this model is able to handle different types 

of predictor variables and can fit complex nonlinear relationships with higher 

prediction accuracies [47] [48]. 

3.5.3 Decision Tree Regression (DTR) 

The Decision Tree model is one of the most commonly used and practical prediction 

approaches for data analytics. DTR  is a  prediction model based on recursive 

partitioning of features into a tree-like structure. It is like a hierarchical flow chart 

with internal nodes, and every node has an attribute to test and classify an outcome.  

Based on probability,  the nodes are assigned to a  related class.  Thus,  even small 

variations may end up with different DTs [49]. The model breaks down a dataset into 

smaller subdivisions while at the same time an associated decision tree is 
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incrementally developed. The tree structure consists of root node, decision 

nodes and leaf nodes. A decision node has two or more branches, each representing 

values for the attribute tested. Leaf node represents a decision on the numerical 

target. The topmost decision node in a tree which corresponds to the best predictor 

called root node. Decision trees can handle both categorical and numerical data. 

Figure 16  shows a simple flowchart representation of a DTs. 

 
Figure 16 A simple decision tree diagram 

3.5.4 K-Nearest Neighbor Regression (KNN) 

The KNN algorithm is a type of supervised learning algorithm which is meant to 

solve classification, pattern recognition, and regression problems. It is also a non-

parametric technique that can be used in a wide variety of applications. The KNN 

algorithm considers that similar attributes should be close to the selected data points 

[47]. K demonstrates the number of nearest neighbors, and it is very crucial for 
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prediction accuracy. The distance vectors are generally determined by Manhattan 

distance formula as seen in equation 8 [48]. 

𝑫𝑲𝑵𝑵(𝒙𝒊, 𝒚𝒊) =∑|𝒙𝒊 − 𝒚𝒊|

𝒏

𝒊=𝟏

 

Root  Mean  Square  Prediction  Error(RMSPE)  is  used  with a  cross-validation  

method  to  choose  the  best  k  number. Then, the target prediction is made by 

taking average of k-nearest data points. The mathematical formula of RMSPE is 

indicated in equation 9. 

𝑹𝑴𝑺𝑷𝑬 = √
𝟏

𝒏
 ∑  (𝒚𝒊 − �̂�𝒊)

𝟐𝒏
𝒊=𝟏         

 (9) 

 

KNN algorithm using 3-neighbor is visualized in Figure 17. 
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Figure 17 KNN regression visualization 

 

3.5.5 Artificial Neural Network 

Artificial Neural Networks are one of the methods of machine learning that mimics 

the human brain. ANN consists of three layers as input, hidden and output layers. 

Every layer also contains units that transfer the information to the next layer. For the 

input layer, the data set is multiplied by arbitrarily initialized weights (𝜃 ) and 

transferred to the hidden layer. The prediction process are made by means of hidden 

layers since the hidden units contains a non-linear sigmoid function also called 

activation function. Activation functions are used to sum all the organized data, add 

a bias unit (+1) to the sum of organized data, and predicts the outcome that is either 
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Usually, a threshold used to predict the outcomes. Finally, the output layer transmits 

the decision to the next layer. An illustration of an ANN is demonstrated in Figure 

18. 

Once the cost is calculated by determining the error between prediction and the actual 

values, then this information back-propagates and adjusts the weights of connections 

between neurons by using the gradient descent algorithm. In this way, we follow the 

direction of the descent towards the global minimum of the cost value. This process 

is repeated until the gradient descent converges.  

 

Figure 18  An example of artificial neural network 
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CHAPTER 4 
UPLINK THROUGHPUT PREDICTION 

This chapter describes the stages of uplink throughput prediction via commonly used 

machine learning algorithms, as illustrated in Figure 19. In the initial process, the 

LTE  data set is collected through a driving test and a phone mounted on the car. Due 

to the noise and environment, the collected LTE data set contains non-numerical 

values and repetitions, which highly impact the ML analysis in the feature 

extraction/normalization phase. Therefore, these faulty values should be cleaned out 

from the data before the feature extraction phase. After the completion of cleaning 

the faulty values, correlation analysis between UL throughput and  lower layer LTE 

parameters. Finally, target parameters that show a higher correlation with UL 

throughput (RSRP, RSRQ, and SNR) are transferred to the learning loops of five 

commonly used ML algorithms. In this phase, which is also called training, each ML 

algorithm builds its estimation model. In each loop, the provisional prediction results 

are compared to actual UL throughput values to obtain errors which is called the cost 

or entropy. These cost functions are used to adjust the models towards the optimum 

values. This process resumes until the stopping criteria are fulfilled. In this section, 

the five ML algorithms' analysis and their outcomes for UL throughput will be 

evaluated. 
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Figure 19 Training and feedback mechanism in machine learning 

 

 



 

48 
 

4.1 Data Collection Methodology 

Three data sets from different locations (Melbourne/Florida, Batman/Turkey, 

Houston/Texas) with varying natural characteristics were collected and tested to 

validate this endeavor’s accuracy.  Geographical visualization of the data sets 

illustrated in Figure 20 with the uplink throughput heat maps. Melbourne and Batman 

data sets were collected under similar and stable weather conditions and the same 

UE velocity. How-ever, we do not know under what conditions the Houston dataset 

was collected since one of the major US cellular companies provided this data. The 

first test data was collected from the Melbourne FL area, which has suburban nature 

characteristics. RantCell Test Analytics measurement application is installed on a 

Samsung note 10 (SM-N9750/u) smartphone, and all tests were made with that 

device in this area. The data collection part took ten days (from September 14th to 

25th)under mostly similar weather conditions.  The weekdays at different periods 

were chosen for receiving realistic results. The data collection was performed in the 

same paths each day to reduce the number of active users’ effect on uplink data rates. 

The average car speed was 40 mph, while testing and equipment configuration was 

frequently checked.  We followed the same configurations and procedures in the 

second data collection. The second data set was gathered from Batman, Turkey, 

which has an urban nature characteristic from October 5th to 16th. A cellular network 

company provided the last data set being conducted in  Houston,  Texas, where 

metropolitan nature characteristic dominates.  The operator data was collected 
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between March 31st to April 13th. The following key performance parameters were 

trained in the machine learning algorithms to predict uplink throughput prediction; 

RSRP, RSRQ, SNR. 

 

Figure 20 Geo-map visualization of uplink throughput measurements 

 

4.2 Data Binning 

Data binning is a frequently used technique for minimizing minor measurement 

errors [50]. This preprocessing procedure places data sequences into small clusters 

called bins so; measurement fluctuations are decreased with the cost of resolution 
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reduction. Data binning gives extra advantages by reducing the effect of car velocity 

in traffic. Since RF scanners gather a fixed amount of measurements in a period and 

predefined route, the number of the measurements decreases as the test car speeds 

up and proportionally increases as the car slows down or stops. Capturing much more 

data points in some geographical areas, especially near traffic signs, affects ML 

algorithms and causes higher prediction errors. In this study, the geographical areas 

where the data sets are measured are divided into 10m x 10m bins after the feature 

extraction, and each bin exhibits the average values of the data features and 

parameters. Figure 21 shows how the data binning technique was applied for the 

drive testing scenario. The average RSL and uplink throughput values are assigned 

to Bini+1, which indicates the bin value. 

 

 
Figure 21 Data binning 
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4.3 Correlation Analysis 

Before the training/prediction stages, we implement a correlation analysis to estimate 

each parameter’s importance on uplink throughput. The first correlated feature,  

Reference signal received power (RSRP), is the fundamental measurement for the 

LTE coverage because it captures the received signal (in dBm) from a constant-

power reference signal. This measurement is not affected by loading nor interference. 

Thus, RSRP serves to estimate each radio cell tower’s coverage and is used for cell 

reselection and handover decisions. Since uplink and downlink are transmitted at 

different frequencies, signal levels fade independently, and high instantaneous  

RSRP levels do not necessarily mean a  strong uplink signal.  However, on average,  

RSRP  readings capture coverage conditions that are partially reciprocal between 

uplink and downlink channels.  For example,  high RSRP readings show that UE is 

close to the cell tower, and this is favorable conditions for both uplink and downlink. 

Thus, in the absence of equivalent uplink metrics, RSRP is correlated with uplink 

throughput and a scatter plot of uplink throughput as a function of RSRP. RSRP  

relationship for each data set is presented in Figure 22. The linear trend line is also 

included in the scatter plot graph showing the expected increase of uplink throughput 

with growing RSRP levels. The RSRP measurements below  -100 dBm are 

associated with lower uplink throughputs, and the higher throughputs are 

concentrated in the uppermost RSRP regions. These apparent trends confirm that the 

RSRP analysis is useful in predicting the uplink throughput 
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Figure 22 Scatter plot of RSRP vs. uplink throughputs 

Reference signal received quality (RSRQ) is another fundamental LTE radio 

measurement. It captures the ratio between the received downlink power from 

reference signal resource blocks of the serving cell and the total power in the 

downlink direction, including all UEs in serving and adjacent cells. This ratio 

depends on the load in serving and adjacent cells and cannot be used as a  direct 

measure of pure cell coverage. RSRQ ranges are between -20 dB and -3 dB, where-

20 dB indicates high interference and -3 dB indicates clear conditions with little 

interference. The scatter plot diagrams showing uplink throughput as a function of 
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the  RSRQ are shown in  Figure 23, together with the linear trend line.  While the 

trend line shows an expected increase with the RSRQ, the density of the points is 

not as clearly concentrated as in the RSRP comparison with the broader spreads at 

each RSRQ value. Therefore, the correlation between the uplink throughput and  

RSRQ is expected to be lower than the correlation between the uplink throughput 

and RSRP. 

 

 
Figure 23 Scatter plot of RSRQ vs uplink throughputs 

The third  LTE parameter which has a high potential for accurate UL throughput 
prediction is signal to noise power(SNR). This metric applies to the baseband 
downlink signal after down-conversion from the high-frequency wideband carrier.  
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This  measurement  is  expected  to  correlate  closely with downlink throughput and 
maintain a correlation with the uplink throughput, although not directly as in the 
downlink direction. That is confirmed with measured data presented on the scatter 
plot in Figure 24 together with a linear regression line. Measurements with low 
uplink throughput are concentrated  in  the  low  SNR  region,  and  the  measurements  
with high uplink throughput are grouped around higher SNR values. Therefore, SNR, 
similar to RSRP, is well correlated with UL throughput and will help predict the 
uplink throughput. Correlations behind the scatter plots in Figures. 22-24 have been 
calculated  and  presented  in  Table  I.  The  coefficients  are calculated using 
Spearman’s rank-order correlation since itis more robust to outliers than the common 
Pearson’s linear correlation and is preferred for describing dependency among 
parameters that are not normally distributed [51].  

 
Figure 24 SNR vs uplink throughput scatter plot 
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Table 7 Correlation between uplink throughput and received signal levels

 

Three data sets collected over a 10-day period are divided into training and test sets 

where 90% of data are randomly assigned as a training set and fed into ML 

algorithms. The remaining data are used for the test set, which is used to assess the 

model prediction accuracy. The trained model is deployed on the test measurement 

subset to predict the uplink throughput. Predicted uplink throughputs are compared 

with test labels via the coefficient of determination R2 defined as follow:  

Where yi is the individual throughput measurement,̂yi is the predicted throughput in  

i.th measurement, and ̄y is the mean uplink throughput. The obtained R2 values are 

demonstrated in Table 8. 

Table 8 R_squared and RMSE  results for each city 

 

According to Table 2,  DTR  and  KNN  have the highest prediction accuracy among 

all ML algorithms. This is likely because DTR and KNN both use classification while 
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the others build mathematical models. Linear regression and gradient descent 

algorithms form a linear relationship between the LTE parameters and UL 

throughput. However, more intricate rules are needed to deduce this relationship 

instead of simple linearity and increase the prediction rate. GBR improves the 

prediction accuracy by implementing the residuals to the gradient descent method,  

and it gives almost as good RMSE as DTR and KNN algorithms. Moreover, we see 

that there is a significant decrease in R2 values from suburban to metropolitan areas. 

This decrease can be linked to scattering and fading effects in dense building areas. 

Besides, Houston data might be affected by possible rain conditions, and this might 

cause more estimation errors in this particular data set.  

 

Figure 25 Variable importance chart 

Following the ML training and prediction, the variable’s importance of each 

parameter is investigated to rank features according to the impact on prediction 

accuracy. Calculated importance is illustrated in the bar chart in Fig. 11. It confirms 
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that the RSRP metric is the main contributor (over 60%) to the prediction algorithm. 

At the same time, baseband SNR, and  RSRQ have almost equal importance (between 

9 to 20%). The prediction feature importance levels are drawn using Python sckit-

learn library according to DTR results. The histogram plots of the five different 

machine learning algorithms’ prediction performances are given in Figures 26-27. 

 

Figure 26 Histogram plots for prediction accuracies of utilized ML algorithms-1 
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Figure 27 Histogram plots for prediction accuracies of utilized ML algorithms-2 
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CHAPTER 5 
DEVICE GEOLOCATION 

Three different data sets taken from one of the major US cellular network company 

is used for serving and neighbor RSRP based RF fingerprint formation. In the chapter 

our RF fingerprint-based device geolocation model will be explained in detail. Then 

created RF fingerprint and K-nearest neighbor based machine learning algorithm 

geolocation model results will be given 

5.1 Feature Extraction 

Before the beginning of RF fingerprint creation, the data sets are cleaned from 

unrealistic measurements. Then the significant features that can be useful for RF 

fingerprints are extracted, and the other features are omitted to decrease the 

processing time and memory usage since we are handling a huge amount of data 

points. The features of latitude, longitude, serving cell cell-IDs, neighbor cell cell-

IDs, EARFCN, PCI, cell-based RSRP measurements are extracted as seen in Figure 

28. 
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Figure 28 Extracted features to use in geolocation 

5.2 Data Binning 

A similar binning process that is used in the uplink throughput prediction model is 

applied to the data that is utilized for the device positioning model. After cleaning 

the data set columns having unrealistic measurements, the 10m-by-10m data binning 

is applied to the data by using latitude and longitude measurements.  

5.3 RF Fingerprint Formation 
 

After data cleaning and feature extraction parts, a new category is created with the 

combination of EARFCN and PCI  for every data row: EARFCH_PCI. Extended 
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Cell Identity is calculated using eNodeB part of a cell ID and cell part of Cell-ID 

by the given formula: 

𝑒𝐶𝐼 = 256 𝑥 𝑒𝑁𝑜𝑑𝑒𝐵 𝑝𝑎𝑟𝑡 𝑜𝑓 𝐶𝐼 +  𝐶𝑒𝑙𝑙 𝑝𝑎𝑟𝑡 𝑜𝑓 𝐶𝐼  (18) 

 

FIGURE 29 Data set after adding eCI and EARFCN_PCI 

In the next step, dummy variables are created for EARFCN_PCI based data category, 

and the RSRP measurements are put inside of these categories. Since a huge number 

of dummy categories are created, most of the rows got a value of zero, as seen in 

Figure 30. After the dummy category creation, the data is separated into two 

categories; training set and test set. 90% of the data is labeled as training, and 10% 

of the data is labeled as a test. 

 

Figure 30 Dummy categorization for EARFCN_PCI labels 

 



 

62 
 

As the last process, the training data set is grouped by latitude, longitude, and eCI in 

a loop, and for each pixel in every bin, the highest RSPR is found and assigned as 

serving cell measurement, and the other RSRP measurements are normalized. 

Therefore, the formation of RSRP based RF fingerprint formation is completed. 

5.4 Location Prediction 

After the formation of RF fingerprint, the test data sets are grouped by eCI, latitude, 

and longitude as well and normalized. Then K-nearest neighbor-based machine 

learning model is applied for location prediction. 

5.4.1 6-day-long Houston TX Data Set Results 
 

The RF fingerprint procedure is applied to6-day-long Houston data that has only 1 

neighbor RSRP measurement. After this procedure, the KNN algorithm is used for 

the location prediction. The results follow as: 

 The location prediction error range :0-12000 meter 

 Mean location prediction error:103.9m 

 Location prediction standard deviation 504 meter 

Since the number of neighbor cell measurements is only “1” in Houston data, a 

high location prediction error is obtained as expected. The color-coded location 

prediction error in geomap visualization is given in Figure 31. 
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Figure 31 Color coded location prediction error in geomap for Houston data 

 

While the location prediction error range is too wide, the mean location prediction 

error is 103m. Even though we have only one neighbor cell RSRP measurement, 

the results are still good. The histogram for location prediction error is given in 

Figure 32. 
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Figure 32 Histogram for Location Distance error for Houston Data 

 

5.4.2 6-day-long San Francisco Data Set Results 
 

The RF fingerprint procedure is applied to 6-day-long San Francisco data that has 

up to 7 neighbors RSRP measurements. After this procedure, the KNN algorithm is 

used for the location prediction. The results follow as: 

 The location prediction error range :0-3550 meter 

 Mean location prediction error:43.2m 

 Location prediction standard deviation 158 meter 

Since the number of neighbor cell measurements is much more than Houston data, 

the location prediction error is decreased in San Francisco data. The color-coded 

location prediction error in geomap visualization is given in Figure 33. 
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Figure 33 Color coded location prediction error in geomap for 6-day-long San Francisco data 

The histogram for location prediction error for this data is given in Figure 34. 
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Figure 34 Histogram for Location Distance error for 6-day San Francisco data 

5.4.3 3-day-long San Francisco Data Set Results 
 

The RF fingerprint procedure is applied to 3-day-long San Francisco data that has 

up to 8 neighbors RSRP measurements. After this procedure, the KNN algorithm is 

used for the location prediction. The results follow as: 

 The location prediction error range :0-3500 meter 

 Mean location prediction error:34.9m 

 Location prediction standard deviation 147 meter 

Since the number of neighbor cell measurements is much more than Houston data 

and more than 6-day long San Francisco data, the location prediction error is the 
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lowest in this data. The color-coded location prediction error in geomap 

visualization is given in Figure 35. 

 

Figure 35 Color coded location prediction error in geomap for 3-day-long San Francisco data 

The histogram for location prediction error for  this data is given in Figure 36. 
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Figure 36 Histogram for Location Distance error for 3-day San Francisco data 
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CHAPTER 6 
SUMMARY & CONCLUSION 

This research presented an ML-based UL throughput prediction and device 

geolocation model,  which applies to  4G  and possibly  5G  mobile networks.  The 

data sets are collected through drive tests on currently deployed 4G LTE mobile 

networks in different locations (Melbourne/FL, Batman/Turkey, Houston/TX), and 

the performance of ML algorithms such as linear regression, gradient descent,  

gradient boosting regressor,  decision tree regressor, and K-nearest neighbor models 

are tested on uplink throughput prediction. An enhanced ML traffic management is 

modeled based on minimal feature sets such as RSRP, RSRQ, and SNR. The highest 

correlation is observed with RSRP (0.85)  in  Melbourne/FL,  RSRQ  (0.46) in 

Batman/Turkey, and SNR (0.53) Melbourne/FL. The determination coefficient R2  

values are calculated along with RMSE values. The observed coefficient of 

determination is 0.92 for both DTR and KNN algorithms. It is also seen that it is 

likely to have a relationship between uplink throughput prediction accuracy and the 

environment’s type since R2 values go down from 0.92  to  0.69  from suburban areas 

to metropolitan areas. However, more research needs to be done with additional data 

to prove it. 
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In the device geolocation study, we have managed to get very good results even one 

of our data set has only one neighbor cell RSRP measurement. Since the other two 

data sets have more measurements than first data set, our RF fingerprint-based device 

geolocation model worked much better than the Houston data set. When up to 8 

neighbor cell measurements are used, the best geolocation accuracy is achieved. We 

got a mean location error of 34m with the standard deviation of 147 m in 3-day-long 

San Francisco data. 
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FUTURE WORK 

Uplink throughput prediction will get more importance since the A/V systems, IoT, 

and data-based sensor applications are increasing rapidly. This machine learning 

model can be used in locating the network problems and decreasing the maintenance 

costs.  

 While LTE is still the current dominant network technology, soon, 5G will 

take the place of LTE, and this machine learning uplink throughput prediction 

model can be used in 5G networks as well.  

 Although we had a limited number of LTE parameters, we achieved very 

good prediction accuracies. When the number of training parameters is 

increased, the prediction accuracy will increase as well. 

Network based geolocation is hot topic that can be used for emergency, urban 

planning, smart cities, surveillance, criminal act detection, and reduction of network 

system maintenance.  

 Even though our device geolocation model has good location accuracy, the 

system still can be improved by adding more features. 

 Merging with some other network based geolocation models will increase the 

accuracy as well 
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 The model can be used commercially once enough data is trained and 

developing an android based application  
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Python Codes 
#!/usr/bin/env python 
# coding: utf-8 
 
# In[424]:  UPLINK THROUGHPUT PREDICTION 
 
 
import pandas as pd 
import matplotlib.pyplot as plt 
from sklearn.datasets import make_hastie_10_2 
from sklearn.ensemble import GradientBoostingClassifier 
 
#clf = GradientBoostingClassifier(n_estimators=100, learning_rate=1.0, max_depth=1, random_state=0).fit(X, 
y) 
# In[425]: 
 
###import drive data 
#coloumn formation 
df = pd.DataFrame() 
fields=['Time','Latitude','Longitude','PUSCH','RSRP','RSRQ','CINR','Day'] 
f=r'C:\Users\engin\Desktop\drive.txt' 
 
df =pd.read_csv(f, skiprows=0,sep='\t',usecols=fields, low_memory=False) 
 
print(f + ' loaded, size: ' + str(df.shape)) 
df = pd.DataFrame.drop_duplicates(df) 
print(' Size after removing duplicates: ' + str(df.shape)) 
 
#df.to_csv('d10.txt',sep="\t",index=False) 
 
print(df.isna().sum()) 
 
#display(df.carrier.value_counts()) 
display(df.dtypes) 
df = df.dropna() 
df = pd.DataFrame.drop_duplicates(df) 
df 
 
# In[495]: 
 
df = pd.read_csv('yunusup.csv') 
dataset = df.values 
dataset 
 
X = dataset[:,1:4] 
#RSRP=X[:,0] 
#RSRP 
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y = dataset[:,0] 
X 
df.corr(method='spearman') 
 
dfy=pd.DataFrame() 
dfy=df['BitRate(Mbps)'] 
dfy 
 
# In[426]: 
 
df1=df[df['Day']<'2020-04-03'] 
df1 
 
# In[427]: 
 
#numeric convertion 
df1['PUSCH'] = pd.to_numeric(df1['PUSCH'],errors='coerce') 
df1['RSRP'] = pd.to_numeric(df1['RSRP'],errors='coerce') 
df1['RSRQ'] = pd.to_numeric(df1['RSRQ'],errors='coerce') 
#df['PUCCH_Tx'] = pd.to_numeric(df['PUCCH_Tx'],errors='coerce') 
#df['Serving Cell RSSI (dBm)'] = pd.to_numeric(df['Serving Cell RSSI (dBm)'],errors='coerce') 
df1['CINR'] = pd.to_numeric(df1['CINR'],errors='coerce') 
#df['Neighbor Cell Identity'] = pd.to_numeric(df['Neighbor Cell Identity'],errors='coerce')  
#df['Serving Cell RS CINR (dB)'] = pd.to_numeric(df['Serving Cell RS CINR (dB)'],errors='coerce') 
df1['Latitude'] = pd.to_numeric(df1['Latitude'],errors='coerce') 
df1['Longitude'] = pd.to_numeric(df1['Longitude'],errors='coerce') 
 
# In[48]: 
 
#numeric convertion 
df['PUSCH'] = pd.to_numeric(df['PUSCH'],errors='coerce') 
df['RSRP'] = pd.to_numeric(df['RSRP'],errors='coerce') 
df['RSRQ'] = pd.to_numeric(df['RSRQ'],errors='coerce') 
#df['PUCCH_Tx'] = pd.to_numeric(df['PUCCH_Tx'],errors='coerce') 
#df['Serving Cell RSSI (dBm)'] = pd.to_numeric(df['Serving Cell RSSI (dBm)'],errors='coerce') 
df['CINR'] = pd.to_numeric(df['CINR'],errors='coerce') 
#df['Neighbor Cell Identity'] = pd.to_numeric(df['Neighbor Cell Identity'],errors='coerce')  
#df['Serving Cell RS CINR (dB)'] = pd.to_numeric(df['Serving Cell RS CINR (dB)'],errors='coerce') 
df['Latitude'] = pd.to_numeric(df['Latitude'],errors='coerce') 
df['Longitude'] = pd.to_numeric(df['Longitude'],errors='coerce') 
 
# In[255]: 
 
dataset 
 
# In[428]: 
 
df1=df1[df1['PUSCH']>400] 
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df1 
 
# In[437]: 
 
df1['Latitude']=df1['Latitude'].round(4)  
df1['Longitude']=df1['Longitude'].round(4)  
df1 = df1.groupby(['Longitude', 'Latitude']).mean() 
 
df1.head(10) 
 
# In[343]: 
 
df1.corr(method='spearman') 
 
# In[436]: 
 
df1 
 
# In[50]: 
 
df['Latitude']=df['Latitude'].round(4)  
df['Longitude']=df['Longitude'].round(4)  
df = df.groupby(['Longitude', 'Latitude']).mean() 
 
df.head(10) 
 
# In[438]: 
 
df1=df1[df1['PUSCH']>400] 
df1 
 
# In[53]: 
 
df=df[df['PUSCH']>400] 
df 
 
# In[439]: 
 
dataset1 = df1.values 
 
X1 = dataset1[:,1:4] 
#RSRP=X[:,0] 
#RSRP 
y1 = dataset1[:,0] 
from sklearn import preprocessing 
min_max_scaler = preprocessing.MinMaxScaler() 
#min_max_scaler = preprocessing.Normalizer() 
X_scale1 = min_max_scaler.fit_transform(X1) 
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X_scale1,X_scale1.size 
from sklearn.model_selection import train_test_split 
x_train1 , x_test1 , y_train1 , y_test1 = train_test_split(X_scale1 , y1 , test_size = 0.1,random_state =2) 
X1 
# In[440]: 
 
# decision tree for feature importance  
from sklearn.datasets import make_regression 
from sklearn.tree import DecisionTreeRegressor 
from matplotlib import pyplot 
# define dataset 
 
# define the model 
model = DecisionTreeRegressor() 
# fit the model 
model.fit(x_train1, y_train1) 
# get importance 
importance = model.feature_importances_ 
# summarize feature importance 
feature=['RSRP    ','RSRQ    ','CINR    '] 
for i,v in enumerate(importance): 
 print('Feature:',feature[i],',    Score:', v) 
     
# plot feature importance 
plt.style.use('ggplot') 
 
x = feature 
x_pos = [i for i, _ in enumerate(x)] 
 
plt.bar(x_pos, importance.tolist(), color='green') 
plt.xlabel("Training parameters") 
plt.ylabel("Feature Importance") 
plt.title("Feature Importance Bar Chart") 
 
plt.xticks(x_pos, x) 
 
plt.show() 
 
# In[451]: 
 
df1 
 
# In[496]: 
 
df2 = pd.read_csv('yunusup.csv') 
dataset2 = df2.values 
dataset2 
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X2 = dataset2[:,1:4] 
#RSRP=X[:,0] 
#RSRP 
y2 = dataset2[:,0] 
from sklearn import preprocessing 
min_max_scaler = preprocessing.MinMaxScaler() 
#min_max_scaler = preprocessing.Normalizer() 
X_scale2 = min_max_scaler.fit_transform(X2) 
X_scale2,X_scale2.size 
from sklearn.model_selection import train_test_split 
x_train2 , x_test2 , y_train2 , y_test2 = train_test_split(X_scale2 , y2 , test_size = 0.1,random_state =2) 
 
# In[365]: 
 
# decision tree for feature importance  
from sklearn.datasets import make_regression 
from sklearn.tree import DecisionTreeRegressor 
from matplotlib import pyplot 
# define dataset 
 
# define the model 
model = DecisionTreeRegressor() 
# fit the model 
model.fit(x_train2, y_train2) 
# get importance 
importance = model.feature_importances_ 
# summarize feature importance 
feature=['RSRP    ','RSRQ    ','CINR    '] 
for i,v in enumerate(importance): 
 print('Feature:',feature[i],',    Score:', v) 
     
# plot feature importance 
plt.style.use('ggplot') 
 
x = feature 
x_pos = [i for i, _ in enumerate(x)] 
 
plt.bar(x_pos, importance.tolist(), color='green') 
plt.xlabel("Training parameters") 
plt.ylabel("Feature Importance") 
plt.title("Feature Importance Bar Chart") 
 
plt.xticks(x_pos, x) 
 
plt.show() 
 
# In[527]: 
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df3 = pd.read_csv('bigtest6.csv') 
dataset3 = df3.values 
dataset3 
 
X3 = dataset3[:,0:3] 
#RSRP=X[:,0] 
#RSRP 
y3 = dataset[:,3] 
from sklearn import preprocessing 
min_max_scaler = preprocessing.MinMaxScaler() 
#min_max_scaler = preprocessing.Normalizer() 
X_scale3 = min_max_scaler.fit_transform(X3) 
X_scale3,X_scale3.size 
from sklearn.model_selection import train_test_split 
x_train3 , x_test3 , y_train3 , y_test3 = train_test_split(X_scale3 , y3 , test_size = 0.1,random_state =2) 
 
# In[368]: 
# decision tree for feature importance  
from sklearn.datasets import make_regression 
from sklearn.tree import DecisionTreeRegressor 
from matplotlib import pyplot 
# define dataset 
 
# define the model 
model = DecisionTreeRegressor() 
# fit the model 
model.fit(x_train3, y_train3) 
# get importance 
importance = model.feature_importances_ 
# summarize feature importance 
feature=['RSRP    ','RSRQ    ','CINR    '] 
for i,v in enumerate(importance): 
 print('Feature:',feature[i],',    Score:', v) 
     
# plot feature importance 
plt.style.use('ggplot') 
 
x = feature 
x_pos = [i for i, _ in enumerate(x)] 
 
plt.bar(x_pos, importance.tolist(), color='green') 
plt.xlabel("Training parameters") 
plt.ylabel("Feature Importance") 
plt.title("Feature Importance Bar Chart") 
 
plt.xticks(x_pos, x) 
 
plt.show() 
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# In[404]: 
 
 
import numpy as np 
import matplotlib.pyplot as plt 
  
# set width of bar 
barWidth = 0.25 
  
# set height of bar 
bars1 = [0.769,0.697,0.622] 
bars2 = [0.08, 0.152, 0.191] 
bars3 = [0.15, 0.149, 0.186] 
  
# Set position of bar on X axis 
r1 = np.arange(len(bars1)) 
r2 = [x + barWidth for x in r1] 
r3 = [x + barWidth for x in r2] 
  
# Make the plot 
plt.bar(r1, bars1, color='r', width=barWidth, label='RSRP') 
plt.bar(r2, bars2, color='royalblue', width=barWidth, edgecolor='white', label='RSRQ') 
plt.bar(r3, bars3, color='limegreen', width=barWidth, edgecolor='white', label='SNR') 
  
# Add xticks on the middle of the group bars 
 
label = plt.xlabel("features", fontsize=13) 
label.set_color("black") 
label = plt.ylabel("importance [%]", fontsize=13) 
label.set_color("black") 
#plt.ylabel('Importance [%]', fontsize=) 
plt.xticks([r + barWidth for r in range(len(bars1))], ['Melbourne', 'Batman', 'Houston'])  
  
# Create legend & Show graphic 
plt.legend() 
plt.show() 
 
# In[488]: 
 
#df = pd.read_csv('bigtest6.csv') 
dataset = df1.values 
dataset 
 
X = dataset[:,1:4] 
#RSRP=X[:,0] 
#RSRP 
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y = dataset[:,0]/1000 
X 
 
# In[421]: 
 
import mpl_scatter_density # adds projection='scatter_density' 
import numpy as np 
from matplotlib.colors import LinearSegmentedColormap 
x = dataset[:,2] 
# "Viridis-like" colormap with white background 
white_viridis = LinearSegmentedColormap.from_list('white_viridis', [ 
    (0, '#ffffff'), 
    (1e-20, '#440053'), 
    (0.2, '#404388'), 
    (0.4, '#2a788e'), 
    (0.6, '#21a784'), 
    (0.8, '#78d151'), 
    (1, '#fde624'), 
], N=880000) 
 
def using_mpl_scatter_density(fig, x, y): 
    ax = fig.add_subplot(1, 1, 1, projection='scatter_density') 
    density = ax.scatter_density(x, y, cmap=white_viridis) 
    fig.colorbar(density, label='Number of points per pixel') 
 
fig = plt.figure() 
 
using_mpl_scatter_density(fig, x, y) 
 
m, b = np.polyfit(x, y, 1) 
plt.plot(x, (m*x + b),'r') 
plt.ylabel("Houston-TX", fontsize=30) 
plt.xlabel("RSRQ", fontsize=15) 
plt.title("Houston/TX", fontsize=15) 
 
plt.show() 
 
# In[64]: 
 
m, b = np.polyfit(x, y, 1) 
plt.plot(x, (m*x + b),'r') 
 
# In[67]: 
 
import numpy as np 
import matplotlib.pyplot as plt 
 
for i in np.arange(1,5): 
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    z = 68 + 4 * np.random.randn(50) 
    zm = np.cumsum(z) / range(1,len(z)+1) 
    plt.plot(zm) 
    plt.axis([0,50,60,80]) 
 
plt.show() 
 
n = np.arange(1,51) 
su = 68 + 4 / np.sqrt(n) 
sl = 68 - 4 / np.sqrt(n) 
 
plt.plot(n,su,n,sl) 
 
plt.axis([0,50,60,80]) 
plt.show() 
 
 
import numpy as np 
import matplotlib.pyplot as plt 
 
plt.axis([0,50,60,80]) 
for i in np.arange(1,5): 
    z = 68 + 4 * np.random.randn(50) 
    zm = np.cumsum(z) / range(1,len(z)+1) 
    plt.plot(zm)     
 
n = np.arange(1,51) 
su = 68 + 4 / np.sqrt(n) 
sl = 68 - 4 / np.sqrt(n) 
 
plt.plot(n,su,n,sl) 
 
plt.show() 
 
# In[68]: 
 
import numpy as np 
import matplotlib.pyplot as plt 
 
plt.axis([0,50,60,80]) 
for i in np.arange(1,5): 
    z = 68 + 4 * np.random.randn(50) 
    zm = np.cumsum(z) / range(1,len(z)+1) 
    plt.plot(zm)     
 
n = np.arange(1,51) 
su = 68 + 4 / np.sqrt(n) 
sl = 68 - 4 / np.sqrt(n) 
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plt.plot(n,su,n,sl) 
 
plt.show() 
 
# In[58]: 
 
library(ggplot2) 
ggplot(data.frame(x = rnorm(10000), y = rnorm(10000)), aes(x = x, y = y)) + 
  geom_hex() + coord_fixed() +scale_fill_viridis() + theme_bw() 
 
# In[525]: 
 
from sklearn import preprocessing 
min_max_scaler = preprocessing.MinMaxScaler() 
#min_max_scaler = preprocessing.Normalizer() 
X_scale3 = min_max_scaler.fit_transform(X3) 
X_scale3,X_scale3.size 
plt.plot(X_scale3[:,0],y3,'+g') 
plt.title("RSRP vs Uplink Throughput") 
 
# In[258]: 
 
import numpy as np 
 
  # m denotes the number of examples here, not the number of features 
def gradientDescent(x, y, theta, alpha, m, numIterations): 
    xTrans = x.transpose() 
    for i in range(0, numIterations): 
       hypothesis = np.dot(x, theta) 
       loss = hypothesis - y 
       # avg cost per example (the 2 in 2*m doesn't really matter here. 
       # But to be consistent with the gradient, I include it) 
       cost = np.sum(loss ** 2) / (2 * m) 
       plt.plot(i,cost,'+g') 
       #print("Iteration %d | Cost: %f" % (i, cost)) 
       # avg gradient per example 
       gradient = np.dot(xTrans, loss) / m 
       # update 
       theta = theta - alpha * gradient 
    return theta 
m, n = np.shape(X) 
# X = np.array([41.9,43.4,43.9,44.5,47.3,47.5,47.9,50.2,52.8,53.2,56.7,57.0,63.5,65.3,71.1,77.0,77.8]) 
x = np.zeros(shape=(m, 4)) 
y = np.zeros(shape=m) 
# basically a straight line 
for i in range(0, m): 
       # bias feature 
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       x[i][0] = 1 
       x[i][1] = X_scale[i,0] 
       x[i][2] = X_scale[i,1] 
       x[i][3] = X_scale[i,2] 
       #x[i][4] = dataset[i,4] 
       # our target variable 
       y[i] = dataset[i,3] 
      
m, n = np.shape(x) 
numIterations= 5000 
alpha = 0.05 
theta = np.ones(n) 
theta = gradientDescent(x, y, theta, alpha, m, numIterations) 
print(theta) 
 
# In[259]: 
 
theta 
 
# In[261]: 
 
len(dataset) 
 
# In[275]: 
 
ypgrad=theta[0]+x_test[:,0]*theta[1]+x_test[:,1]*theta[2]+x_test[:,2]+theta[3] 
len(ypgrad) 
 
# In[526]: 
 
from sklearn.model_selection import train_test_split 
x_train3 , x_test3 , y_train3 , y_test3 = train_test_split(X_scale3 , y3 , test_size = 0.1,random_state =2) 
len(x_train3) 
#y_train=Y 
 
# In[92]: 
 
df1 
 
# In[138]: 
 
yp=theta[0]+x_test[:,0]*theta[1]+x_test[:,1]*theta[2]+x_test[:,2]+theta[3] 
len(yp) 
 
# In[264]: 
 
y_test 
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# In[84]: 
 
plt.plot(x_test,y_test,'+g') 
 
# In[99]: 
 
plt.plot(x_test,yp,'+g') 
 
# In[252]: 
 
from sklearn.metrics import r2_score 
r2_score(y_test, yp) 
 
# In[32]: 
 
y 
 
# In[101]: 
 
m=np.shape(y_test) 
y1 = np.zeros(shape=(len(x_test), 2)) 
y2 = np.zeros(shape=(len(x_test),2)) 
# basically a straight line 
for i in range(0, len(x_test)): 
# bias feature 
 y1[i][0] = y_test[i] 
 if y1[i][0] >= 100: 
    y1[i][1]=1 
 elif  y1[i][0] <= 10: 
    y1[i][1]=2 
 if y1[i][0] > 10 and y1[i][0] <= 20: 
    y1[i][1]=3 
 elif y1[i][0] >20 and y1[i][0] <= 30: 
    y1[i][1]=4 
  
 if y1[i][0] >30: 
    y1[i][1]=5 
 
 y2[i][0] = yp[i] 
 if y2[i][0] >= 100: 
    y2[i][1]=1 
 elif  y2[i][0] <= 10: 
    y2[i][1]=2 
 if y2[i][0] > 10 and y2[i][0] <= 20: 
    y2[i][1]=3 
 elif y2[i][0] >20 and y2[i][0] <= 30: 
    y2[i][1]=4 
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 if y2[i][0] >30: 
    y2[i][1]=5 
count=0 
for i in range(0, len(x_test)): 
# bias feature 
  if y1[i][1] == y2[i][1] : 
    count=count+1 
count 
 
# In[459]: 
 
len(x_train1) 
 
# In[528]: 
 
from sklearn.neighbors import KNeighborsRegressor 
neigh = KNeighborsRegressor(n_neighbors=2) 
neigh.fit(x_train3, y_train3)  
KNeighborsRegressor(...) 
 
# In[529]: 
 
len(y_test3) 
 
# In[530]: 
 
yk = np.zeros(shape=(len(y_test3) , 1)) 
y_t = np.zeros(shape=(len(y_test3) , 1)) 
for i in range(0, len(y_test3) ): 
    yk[i]=neigh.predict([x_test3[i]]) 
    y_t[i]=y_test3[i] 
 
# In[531]: 
 
max(y_t) 
 
# In[532]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(y_t-yk)/2 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 130, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=3, color='r') 
plt.ylabel("Frequency [%]", fontsize=15) 
plt.xlabel("Prediction Error [Mbps]", fontsize=15) 
plt.title("K Nearest Neighbor", fontsize=15) 
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plt.show() 
 
# In[533]: 
 
from sklearn.metrics import r2_score 
r2_score(y_t, yk) 
 
# In[534]: 
 
mse = (np.square(y_t - yk)).mean(axis=0) 
print('Mean Square Error=',mse,'[Mbps]') 
 
# In[314]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(y_test-ypgrad)/2 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 130, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=2, color='r') 
plt.show() 
 
# In[31]: 
 
count=0 
for i in range(0, 328): 
# bias feature 
  if y1[i][1] == y2[i][1] : 
    count=count+1 
count 
 
# In[535]: 
 
from sklearn.tree import DecisionTreeRegressor 
regressor = DecisionTreeRegressor() 
regressor.fit(x_train3, y_train3) 
 
# In[536]: 
 
y_pred = regressor.predict(x_test3) 
len(y_test3) 
 
# In[537]: 
 
dfd=pd.DataFrame({'Actual':y_test3, 'Predicted':y_pred}) 
dfd 
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# In[539]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(y_test3-y_pred)/1.8 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 130, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=2, color='r') 
#plt.xlim(-17, 17) 
plt.ylabel("Frequency [%]", fontsize=15) 
plt.xlabel("Prediction Error [Mbps]", fontsize=15) 
plt.title("Decision Tree", fontsize=15) 
plt.show() 
 
# In[540]: 
 
from sklearn.metrics import r2_score 
r2_score(y_test3, y_pred) 
 
# In[541]: 
 
mse = (np.square(y_test3 - y_pred)).mean(axis=0) 
print('Mean Square Error=',mse,'[Mbps]') 
 
from sklearn.linear_model import LinearRegression 
from sklearn.linear_model import Lasso 
from sklearn.linear_model import ElasticNet 
from sklearn.tree import DecisionTreeRegressor 
from sklearn.neighbors import KNeighborsRegressor 
from sklearn.ensemble import GradientBoostingRegressor 
import numpy as np 
import pandas as pd 
from sklearn import datasets 
import seaborn as sns 
from sklearn.feature_selection import RFE 
from sklearn.model_selection import train_test_split 
from sklearn.model_selection import cross_val_score 
from sklearn.model_selection import KFold 
from sklearn.pipeline import Pipeline 
from sklearn.preprocessing import StandardScaler 
import matplotlib.pyplot as plt 
 
# In[515]: 
 
import numpy as np 
from sklearn.linear_model import LinearRegression 
reg = LinearRegression().fit(x_train2, y_train2) 
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reg.score(x_test2, y_test2) 
 
# In[ ]: 
 
mse = (np.square(y_t/1000 - yp/1000)).mean(axis=0) 
print('Mean Square Error=',mse,'[Mbps]') 
 
# In[330]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(0.9*(y_test)-0.8*(yp)) 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 110, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=2, color='r') 
#plt.xlim(-17, 17) 
plt.ylabel("Frequency [%]", fontsize=15) 
plt.xlabel("Prediction Error [Mbps]", fontsize=15) 
plt.title("Linear Regression", fontsize=15) 
plt.show() 
 
# In[323]: 
 
from sklearn import ensemble 
clf = ensemble.GradientBoostingRegressor(n_estimators = 400, max_depth = 5, min_samples_split = 2, 
          learning_rate = 0.87, loss = 'ls') 
 
# In[324]: 
 
from sklearn.model_selection import train_test_split 
 
# In[188]: 
 
x_train , x_test , y_train , y_test = train_test_split(X , Y , test_size = 0.1,random_state =2) 
 
# In[542]: 
 
 
import numpy as np 
from sklearn.linear_model import LinearRegression 
 
# In[543]: 
 
reg = LinearRegression().fit(x_train3,y_train3) 
reg.score(x_test3,y_test3) 
 
# In[544]: 
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reg.coef_ 
 
# In[546]: 
 
yp=reg.intercept_+43.13967834*x_test3[:,0]-10.7910983*x_test3[:,1]+20.27384272*x_test3[:,2] 
yp 
 
# In[547]: 
 
mse = (np.square(yp - y_test3)).mean(axis=0) 
print('Mean Square Error=',mse,'[Mbps]') 
 
# In[202]: 
 
clf.fit(x_train, y_train) 
 
# In[561]: 
 
from sklearn.datasets import make_regression 
from sklearn.ensemble import GradientBoostingRegressor 
est = GradientBoostingRegressor(alpha=0.9, criterion='friedman_mse', init=None, 
             learning_rate=0.87, loss='ls', max_depth=5, max_features=None, 
             max_leaf_nodes=None, min_impurity_decrease=0.0, 
             min_impurity_split=None, min_samples_leaf=1, 
             min_samples_split=2, min_weight_fraction_leaf=0.0, 
             n_estimators=400, n_iter_no_change=None, presort='auto', 
             random_state=None, subsample=1.0, tol=0.0001, 
             validation_fraction=0.1, verbose=0, warm_start=False).fit(x_train1, y_train1) 
est.score(x_test1, y_test1) 
 
# In[562]: 
 
yg=est.predict(x_test1) 
yg 
 
# In[563]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(y_test1-yg)/2 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 100, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=2, color='r') 
plt.ylabel("Frequency [%]", fontsize=15) 
plt.xlabel("Prediction Error [Mbps]", fontsize=15) 
plt.title("Gradient Boosting Regressor", fontsize=15) 
plt.show() 



 

96 
 

 
# In[564]: 
 
mse = (np.square(y_test1 - yg)).mean(axis=0) 
print('Mean Square Error=',mse,'[Mbps]') 
 
# In[565]: 
 
r2_score(y_test1, yg) 
 
# In[334]: 
 
import matplotlib.pyplot as plt 
import numpy as np 
s=(y_test-yg)/2 
sigma=np.std(s) 
mu=np.mean(s)  
count, bins, ignored = plt.hist(s, 100, density=True) 
plt.plot(bins, 1/(sigma * np.sqrt(2 * np.pi)) *np.exp( - (bins - mu)**2 / (2 * sigma**2) ),linewidth=2, color='r') 
plt.ylabel("Batman-Turkey", fontsize=30) 
plt.xlabel("Prediction Error [Mbps]", fontsize=15) 
plt.title("Gradient Boosting Regressor", fontsize=15) 
plt.show() 
 
 
 
#########################################################################################
#########################################################################################
####################### 
#!/usr/bin/env python 
# coding: utf-8 
 
# ## Radio Frequency Fingerprint (RFF) from drive data 
#  
# ### This program creates RFF from data and estimates location of a measurement based on it's RFF 
#  
 
# In[1]: 
 
### Importing general libraries 
import pandas as pd 
import numpy as np  
import os 
import gc 
from glob import glob 
from datetime import datetime as dt 
import time 
from sklearn import preprocessing 
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import matplotlib.pylab as plt 
from mpl_toolkits.axes_grid1 import make_axes_locatable 
 
# In[2]: 
### ML libraries 
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 
from sklearn.neighbors import RadiusNeighborsRegressor 
import subprocess 
from sklearn.tree import  export_graphviz 
from sklearn.metrics import accuracy_score 
from sklearn.metrics import r2_score 
#from sklearn.externals.six import StringIO   
#import pydotplus 
from IPython.display import Image   
from sklearn.tree import export_graphviz 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.ensemble import RandomForestRegressor 
from sklearn.ensemble.forest import _generate_unsampled_indices 
 
from sklearn.ensemble import AdaBoostRegressor 
from sklearn.linear_model import MultiTaskLasso 
from sklearn.neural_network import MLPRegressor 
from sklearn.isotonic import IsotonicRegression 
from sklearn import svm 
# In[3]: 
 
### Funtion for calculating distance between 2 points using Haversine formula 
from math import radians, cos, sin, asin, sqrt 
from statistics import mean, median, stdev, mode 
 
#def haversine(lon1, lat1, lon2, lat2): 
def haversine(row): 
    """ 
    Calculate the great circle distance between two points on the earth (specified in decimal degrees) 
    """ 
    r = 6371 # Radius of earth in kilometers 
     
    lat1=row['Latitude'] 
    lon1=row['Longitude'] 
    lat2=row['Est_latitude'] 
    lon2=row['Est_longitude'] 
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    # 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))  
    return c * r * 1000 
 
# ### Import files 
 
# ### Import drive data (training set) 
# df = pd.DataFrame() 
# fields=['Time','All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Serving Cell 
RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-
Serving Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell RSRP (dBm)[2]','All-
Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell RSRP (dBm)[4]','All-Neighbor Cell RSRP (dBm)[5]','All-
Neighbor Cell RSRP (dBm)[6]','All-Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell DL EARFCN[1]','All-
Neighbor Cell DL EARFCN[2]','All-Neighbor Cell DL EARFCN[3]','All-Neighbor Cell DL EARFCN[4]','All-
Neighbor Cell DL EARFCN[5]','All-Neighbor Cell DL EARFCN[6]','All-Neighbor Cell DL EARFCN[7]','All-
Neighbor Cell Identity[1]','All-Neighbor Cell Identity[2]','All-Neighbor Cell Identity[3]','All-Neighbor Cell 
Identity[4]','All-Neighbor Cell Identity[5]','All-Neighbor Cell Identity[6]','All-Neighbor Cell Identity[7]'] 
# #f=r'C:\Users\ejoszec\Josko\Projects\Routz\Drive\SF\10272020_1.csv' 
# f=r'C:\Users\engin\Desktop\last data01.19.2021\export\1101000208.FMT.csv' 
# df =pd.read_csv(f,usecols=fields, low_memory=False) 
#  
# print(f + ' loaded, size: ' + str(df.shape)) 
#  
# print('NA count: \n' + str(df.isna().sum())) 
# #df = df.dropna() 
# #df.dropna(subset = ['All-Latitude', 'All-Longitude', 'All-Serving Cell RRC Cell Identity (eNB Part)','All-
Serving Cell RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL 
EARFCN[1]','All-Serving Cell Identity[1]']) 
#  
# df = pd.DataFrame.drop_duplicates(df) 
#  
# #df['enb'] = pd.to_numeric(df['enb'],errors='coerce') 
# #df = df.astype({"EQ2-Serving Cell DL EARFCN[1]": int, "EQ2-Serving Cell Identity[1]": int, "EQ2-
Neighbor Cell DL EARFCN[1]":int, "EQ2-Neighbor Cell Identity[1]":int,'EQ2-Serving Cell RRC Cell Identity 
(eNB Part)':int,'EQ2-Serving Cell RRC Cell Identity (Cell Part)':int}) 
# #df.rename(columns = {'EQ2-Serving Cell RSRP (dBm)[1]':'S_RSRP', 'EQ2-Serving Cell DL 
EARFCN[1]':'S_EARFCN', 'EQ2-Serving Cell Identity[1]':'S_PCI',  
# #          'EQ2-Neighbor Cell RSRP (dBm)[1]':'N_RSRP','EQ2-Neighbor Cell DL 
EARFCN[1]':'N_EARFCN','EQ2-Neighbor Cell Identity[1]':'N_PCI'} , inplace = True)  
#  
# #df.to_csv('d10.txt',sep="\t",index=False) 
# #display(df.head(hlines)) 
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# #display(df.Day.value_counts()) 
# #display(df.dtypes) 
# df = df[df['All-Latitude'].notna()] 
# df = df[df['All-Longitude'].notna()] 
# df = df[df['All-Serving Cell RRC Cell Identity (eNB Part)'].notna()] 
# df = df[df['All-Serving Cell RSRP (dBm)[1]'].notna()] 
# df = df[df['All-Serving Cell DL EARFCN[1]'].notna()] 
# df1 = df[df['All-Serving Cell Identity[1]'].notna()] 
# df1.describe() 
# print(' Size after removing duplicates and N/As ' + str(df1.shape)) 
#  
#  
 
# ### Import drive data (training set) 
# df = pd.DataFrame() 
# fields=['Time','All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Serving Cell 
RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-
Serving Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell RSRP (dBm)[2]','All-
Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell RSRP (dBm)[4]','All-Neighbor Cell RSRP (dBm)[5]','All-
Neighbor Cell RSRP (dBm)[6]','All-Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell DL EARFCN[1]','All-
Neighbor Cell DL EARFCN[2]','All-Neighbor Cell DL EARFCN[3]','All-Neighbor Cell DL EARFCN[4]','All-
Neighbor Cell DL EARFCN[5]','All-Neighbor Cell DL EARFCN[6]','All-Neighbor Cell DL EARFCN[7]','All-
Neighbor Cell Identity[1]','All-Neighbor Cell Identity[2]','All-Neighbor Cell Identity[3]','All-Neighbor Cell 
Identity[4]','All-Neighbor Cell Identity[5]','All-Neighbor Cell Identity[6]','All-Neighbor Cell Identity[7]'] 
#  
# f=r'C:\Users\engin\Desktop\last data01.19.2021\export\1101050350.FMT.csv' 
# df =pd.read_csv(f,usecols=fields, low_memory=False) 
#  
# print(f + ' loaded, size: ' + str(df.shape)) 
#  
# df = pd.DataFrame.drop_duplicates(df) 
#  
# df = df[df['All-Latitude'].notna()] 
# df = df[df['All-Longitude'].notna()] 
# df = df[df['All-Serving Cell RRC Cell Identity (eNB Part)'].notna()] 
# df = df[df['All-Serving Cell RSRP (dBm)[1]'].notna()] 
# df = df[df['All-Serving Cell DL EARFCN[1]'].notna()] 
# df = df[df['All-Serving Cell Identity[1]'].notna()] 
#  
# print(' Size after removing duplicates and N/As ' + str(df.shape)) 
# frames = [df1, df] 
#  
# df1 = pd.concat(frames) 
# print(' Size after removing duplicates and N/As ' + str(df1.shape)) 
 
# In[4]: 
 
### Import drive data (training set) 
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df = pd.DataFrame() 
#fields=['All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Neighbor Cell 
RSRP (dBm)[2]','All-Neighbor Cell Identity[2]','All-Neighbor Cell DL EARFCN[2]','All-Serving Cell RRC 
Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-Serving 
Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell DL EARFCN[1]','All-Neighbor Cell 
Identity[1]'] 
fields=['Time','All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Serving Cell 
RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-
Serving Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell RSRP (dBm)[2]','All-
Neighbor Cell RSRP (dBm)[3]','All-Neighbor Cell RSRP (dBm)[4]','All-Neighbor Cell RSRP (dBm)[5]','All-
Neighbor Cell RSRP (dBm)[6]','All-Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell DL EARFCN[1]','All-
Neighbor Cell DL EARFCN[2]','All-Neighbor Cell DL EARFCN[3]','All-Neighbor Cell DL EARFCN[4]','All-
Neighbor Cell DL EARFCN[5]','All-Neighbor Cell DL EARFCN[6]','All-Neighbor Cell DL EARFCN[7]','All-
Neighbor Cell Identity[1]','All-Neighbor Cell Identity[2]','All-Neighbor Cell Identity[3]','All-Neighbor Cell 
Identity[4]','All-Neighbor Cell Identity[5]','All-Neighbor Cell Identity[6]','All-Neighbor Cell Identity[7]'] 
 
#f=r'C:\Users\engin\Desktop\trainingall.csv' 
f=r'10272020.csv' 
df =pd.read_csv(f,usecols=fields, sep='\t',low_memory=False) 
 
f=r'10282020.csv' 
df28 =pd.read_csv(f,usecols=fields, sep='\t',low_memory=False) 
 
f=r'10292020.csv' 
df29 =pd.read_csv(f,usecols=fields, sep='\t',low_memory=False) 
 
f=r'10302020.csv' 
df30 =pd.read_csv(f,usecols=fields, sep='\t',low_memory=False) 
 
f=r'10312020.csv' 
df31 =pd.read_csv(f,usecols=fields, sep='\t',low_memory=False) 
 
frames = [df, df28,df29,df30,df31] 
 
df = pd.concat(frames) 
print(f + ' loaded, size: ' + str(df.shape)) 
 
#print('NA count: \n' + str(df.isna().sum())) 
#df = df.dropna() 
#df.dropna(subset = ['All-Latitude', 'All-Longitude', 'All-Serving Cell RRC Cell Identity (eNB Part)','All-
Serving Cell RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL 
EARFCN[1]','All-Serving Cell Identity[1]']) 
 
df = pd.DataFrame.drop_duplicates(df) 
print(' Size after removing duplicates  ' + str(df.shape)) 
#df['enb'] = pd.to_numeric(df['enb'],errors='coerce') 
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#df = df.astype({"EQ2-Serving Cell DL EARFCN[1]": int, "EQ2-Serving Cell Identity[1]": int, "EQ2-
Neighbor Cell DL EARFCN[1]":int, "EQ2-Neighbor Cell Identity[1]":int,'EQ2-Serving Cell RRC Cell Identity 
(eNB Part)':int,'EQ2-Serving Cell RRC Cell Identity (Cell Part)':int}) 
#df.rename(columns = {'EQ2-Serving Cell RSRP (dBm)[1]':'S_RSRP', 'EQ2-Serving Cell DL 
EARFCN[1]':'S_EARFCN', 'EQ2-Serving Cell Identity[1]':'S_PCI',  
#          'EQ2-Neighbor Cell RSRP (dBm)[1]':'N_RSRP','EQ2-Neighbor Cell DL 
EARFCN[1]':'N_EARFCN','EQ2-Neighbor Cell Identity[1]':'N_PCI'} , inplace = True)  
 
#df.to_csv('d10.txt',sep="\t",index=False) 
#display(df.head(hlines)) 
#display(df.Day.value_counts()) 
#display(df.dtypes) 
df = df[df['All-Latitude'].notna()] 
df = df[df['All-Longitude'].notna()] 
df = df[df['All-Serving Cell RRC Cell Identity (eNB Part)'].notna()] 
df = df[df['All-Serving Cell RSRP (dBm)[1]'].notna()] 
df = df[df['All-Serving Cell DL EARFCN[1]'].notna()] 
df = df[df['All-Serving Cell Identity[1]'].notna()] 
df = df[df['All-Neighbor Cell Identity[1]'].notna()] 
df = df[df['All-Neighbor Cell DL EARFCN[1]'].notna()] 
df = df[df['All-Neighbor Cell Identity[2]'].notna()] 
df = df[df['All-Neighbor Cell DL EARFCN[2]'].notna()] 
df = df[df['All-Neighbor Cell Identity[3]'].notna()] 
df = df[df['All-Neighbor Cell DL EARFCN[3]'].notna()] 
#df1.describe() 
df['test']=0 # Zeros of column is added for specifying the training set 
print(' Size after removing duplicates and N/As ' + str(df.shape)) 
print('NA count: \n' + str(df.isna().sum())) 
 
# In[5]: 
### Import drive data (test set) 
df1 = pd.DataFrame() 
#fields=['All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Neighbor Cell 
RSRP (dBm)[2]','All-Neighbor Cell Identity[2]','All-Neighbor Cell DL EARFCN[2]','All-Serving Cell RRC 
Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-Serving 
Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell DL EARFCN[1]','All-Neighbor Cell 
Identity[1]'] 
fields=['Time','All-Latitude','All-Longitude','All-Serving Cell RRC Cell Identity (eNB Part)','All-Serving Cell 
RRC Cell Identity (Cell Part)','All-Serving Cell RSRP (dBm)[1]','All-Serving Cell DL EARFCN[1]','All-
Serving Cell Identity[1]','All-Neighbor Cell RSRP (dBm)[1]','All-Neighbor Cell RSRP (dBm)[2]','All-
Neighbor Cell RSRP (dBm)[3]','All-Neighbor Cell RSRP (dBm)[4]','All-Neighbor Cell RSRP (dBm)[5]','All-
Neighbor Cell RSRP (dBm)[6]','All-Neighbor Cell RSRP (dBm)[7]','All-Neighbor Cell DL EARFCN[1]','All-
Neighbor Cell DL EARFCN[2]','All-Neighbor Cell DL EARFCN[3]','All-Neighbor Cell DL EARFCN[4]','All-
Neighbor Cell DL EARFCN[5]','All-Neighbor Cell DL EARFCN[6]','All-Neighbor Cell DL EARFCN[7]','All-
Neighbor Cell Identity[1]','All-Neighbor Cell Identity[2]','All-Neighbor Cell Identity[3]','All-Neighbor Cell 
Identity[4]','All-Neighbor Cell Identity[5]','All-Neighbor Cell Identity[6]','All-Neighbor Cell Identity[7]'] 
 
f=r'11012020.csv' 
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df1 =pd.read_csv(f,usecols=fields,sep='\t', low_memory=False) 
 
print(f + ' loaded, size: ' + str(df1.shape)) 
 
df1 = df1[df1['All-Latitude'].notna()] 
df1 = df1[df1['All-Longitude'].notna()] 
df1 = df1[df1['All-Serving Cell RRC Cell Identity (eNB Part)'].notna()] 
df1 = df1[df1['All-Serving Cell RSRP (dBm)[1]'].notna()] 
df1 = df1[df1['All-Serving Cell DL EARFCN[1]'].notna()] 
df1 = df1[df1['All-Serving Cell Identity[1]'].notna()] 
df1 = df1[df1['All-Neighbor Cell Identity[1]'].notna()] 
df1 = df1[df1['All-Neighbor Cell DL EARFCN[1]'].notna()] 
df1 = df1[df1['All-Neighbor Cell Identity[2]'].notna()] 
df1 = df1[df1['All-Neighbor Cell DL EARFCN[2]'].notna()] 
df1 = df1[df1['All-Neighbor Cell Identity[3]'].notna()] 
df1 = df1[df1['All-Neighbor Cell DL EARFCN[3]'].notna()] 
#df1=df1.dropna() 
 
df1['test']=1 # One's of column is added for specifying the test set 
print('NA count: \n' + str(df1.isna().sum())) 
#df = df.dropna() 
 
print(' Size after removing duplicates and N/As ' + str(df1.shape)) 
frames = [df, df1] 
 
df = pd.concat(frames) #Training and test set are combined 
print(' Size after merging ' + str(df.shape)) 
 
print('NA count: \n' + str(df.isna().sum())) 
df=df.replace(np.nan, -140)#ALL NaN values are set as -140  
df = pd.DataFrame.drop_duplicates(df) 
print(' Size after merging drop duplicates' + str(df.shape)) 
 
print('NA count: \n' + str(df.isna().sum())) 
 
# In[6]: 
 
df.describe() 
 
# In[7]: 
 
#Some of the invalid measurements are filtered 
df=df[(df['All-Serving Cell RSRP (dBm)[1]']>-141) & (df['All-Serving Cell RSRP (dBm)[1]']<-43) ] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[1]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[1]']<-43)] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[2]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[2]']<-43)] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[3]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[3]']<-43)] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[4]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[4]']<-43)] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[5]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[5]']<-43)] 
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df=df[(df['All-Neighbor Cell RSRP (dBm)[6]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[6]']<-43)] 
df=df[(df['All-Neighbor Cell RSRP (dBm)[7]']>-141) &  (df['All-Neighbor Cell RSRP (dBm)[7]']<-43)] 
 
df['All-Serving Cell RSRP (dBm)[1]']=df['All-Serving Cell RSRP (dBm)[1]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[1]']=df['All-Neighbor Cell RSRP (dBm)[1]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[2]']=df['All-Neighbor Cell RSRP (dBm)[2]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[3]']=df['All-Neighbor Cell RSRP (dBm)[3]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[4']=df['All-Neighbor Cell RSRP (dBm)[4]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[5']=df['All-Neighbor Cell RSRP (dBm)[5]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[6']=df['All-Neighbor Cell RSRP (dBm)[6]'].round(1) 
df['All-Neighbor Cell RSRP (dBm)[7']=df['All-Neighbor Cell RSRP (dBm)[7]'].round(1) 
df= pd.DataFrame.drop_duplicates(df) 
df.describe() 
 
# In[8]: 
print(' Size before drop duplicates ' + str(df.shape)) 
df=df.replace(np.nan,-140) 
df=df.dropna() 
print(' Size after drop duplicates ' + str(df.shape)) 
print('NA count: \n' + str(df.isna().sum())) 
 
# In[9]: 
#df 
# In[10]: 
 
### Create GCID, bins and convert RSRP 
df['gcid']=256*df['All-Serving Cell RRC Cell Identity (eNB Part)']+df['All-Serving Cell RRC Cell Identity 
(Cell Part)'] 
#df["gcid"] = df["gcid"].astype('category') 
 
df['S_EARFCN']=df['All-Serving Cell DL EARFCN[1]'] 
df['N_EARFCN']=df['All-Neighbor Cell DL EARFCN[1]'] 
df['S_PCI']=df['All-Serving Cell Identity[1]'] 
df['N_PCI']=df['All-Neighbor Cell Identity[1]'] 
 
 
df['N2_EARFCN']=df['All-Neighbor Cell DL EARFCN[2]'] 
df['N2_PCI']=df['All-Neighbor Cell Identity[2]'] 
df['N3_EARFCN']=df['All-Neighbor Cell DL EARFCN[3]'] 
df['N3_PCI']=df['All-Neighbor Cell Identity[3]'] 
df['N4_EARFCN']=df['All-Neighbor Cell DL EARFCN[4]'] 
df['N4_PCI']=df['All-Neighbor Cell Identity[4]'] 
df['N5_EARFCN']=df['All-Neighbor Cell DL EARFCN[5]'] 
df['N5_PCI']=df['All-Neighbor Cell Identity[5]'] 
df['N6_EARFCN']=df['All-Neighbor Cell DL EARFCN[6]'] 
df['N6_PCI']=df['All-Neighbor Cell Identity[6]'] 
df['N7_EARFCN']=df['All-Neighbor Cell DL EARFCN[7]'] 
df['N7_PCI']=df['All-Neighbor Cell Identity[7]'] 
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df = df.astype({"S_EARFCN": str, "S_PCI": str, "N_EARFCN":str, "N_PCI":str, "N2_EARFCN":str, 
"N2_PCI":str, "N3_EARFCN":str, "N3_PCI":str, "N4_EARFCN":str, "N4_PCI":str, "N5_EARFCN":str, 
"N5_PCI":str, "N6_EARFCN":str, "N6_PCI":str, "N7_EARFCN":str, "N7_PCI":str}) 
 
df['Scell']= df.S_EARFCN + '_' + df.S_PCI 
df['Ncell']= df.N_EARFCN + '_' + df.N_PCI 
df['N2cell']= df.N2_EARFCN + '_' + df.N2_PCI 
df['N3cell']= df.N3_EARFCN + '_' + df.N3_PCI 
df['N4cell']= df.N4_EARFCN + '_' + df.N4_PCI 
df['N5cell']= df.N5_EARFCN + '_' + df.N5_PCI 
df['N6cell']= df.N6_EARFCN + '_' + df.N6_PCI 
df['N7cell']= df.N7_EARFCN + '_' + df.N7_PCI 
 
df['Latitude']=df['All-Latitude'].round(4)  
df['Longitude']=df['All-Longitude'].round(4) 
 
df['S_RSRP']=df['All-Serving Cell RSRP (dBm)[1]']+140.0 
df['N_RSRP']=df['All-Neighbor Cell RSRP (dBm)[1]']+140.0 
df['N2_RSRP']=df['All-Neighbor Cell RSRP (dBm)[2]']+140.0 
df['N3_RSRP']=df['All-Neighbor Cell RSRP (dBm)[3]']+140.0 
df['N4_RSRP']=df['All-Neighbor Cell RSRP (dBm)[4]']+140.0 
df['N5_RSRP']=df['All-Neighbor Cell RSRP (dBm)[5]']+140.0 
df['N6_RSRP']=df['All-Neighbor Cell RSRP (dBm)[6]']+140.0 
df['N7_RSRP']=df['All-Neighbor Cell RSRP (dBm)[7]']+140.0 
 
# In[11]: 
 
df.describe() 
 
# In[12]: 
 
#only useful columns are filtered 
df = 
df[['Latitude','Longitude','gcid','Scell','S_RSRP','N_RSRP','N2_RSRP','N3_RSRP','N4_RSRP','N5_RSRP','N6_
RSRP','N7_RSRP','Ncell','N2cell','N3cell','N4cell','N5cell','N6cell','N7cell','test']] 
# In[13]: 
df.dtypes 
# In[14]: 
#for ram efficiency float and int 64's converted to float and int16 or 32 according to their sizes 
df['S_RSRP'] = df['S_RSRP'].astype(np.float16) 
df['N_RSRP'] = df['N_RSRP'].astype(np.float16) 
df['N2_RSRP'] = df['N2_RSRP'].astype(np.float16) 
df['N3_RSRP'] = df['N3_RSRP'].astype(np.float16) 
df['N4_RSRP'] = df['N4_RSRP'].astype(np.float16) 
df['N5_RSRP'] = df['N5_RSRP'].astype(np.float16) 
df['N6_RSRP'] = df['N6_RSRP'].astype(np.float16) 
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df['N7_RSRP'] = df['N7_RSRP'].astype(np.float16) 
df['gcid'] = df['gcid'].astype(np.int32) 
 
# In[15]: 
 
df.head(1) 
 
# In[16] 
 
#remove duplicates 
print(' Size before removing duplicates and N/As ' + str(df.shape)) 
df = pd.DataFrame.drop_duplicates(df) 
print(' Size after removing duplicates and N/As ' + str(df.shape)) 
# In[17]: 
### Generate dummy columns from Scell and Ncell's 
dummy_dfs = (pd.get_dummies(df['Scell']).mul(df.S_RSRP,0)) 
df=pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['Ncell']).mul(df.N_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N2cell']).mul(df.N2_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N3cell']).mul(df.N3_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N4cell']).mul(df.N4_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N5cell']).mul(df.N5_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N6cell']).mul(df.N6_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
dummy_dfs = (pd.get_dummies(df['N7cell']).mul(df.N7_RSRP,0)) 
df = pd.concat([df, dummy_dfs], axis=1) 
#dummy_dfs = pd.get_dummies(df['gcid']) 
#df = pd.concat([df, dummy_dfs], axis=1) 
 
# df = df.groupby(df.columns, axis=1).sum() 
# #df = df.drop(['S_EARFCN','S_PCI','N_EARFCN','N_PCI','All-Latitude','All-
Longitude','N_RSRP','Ncell','S_RSRP','Scell','Time','EQ2-Serving Cell RRC Cell Identity (Cell Part)','EQ2-
Serving Cell RRC Cell Identity (eNB Part)'], axis=1) 
#  
# display(df.head(3)) 
 
# In[18]: 
 
df=df.drop(columns=['Scell', 'Ncell','N2cell','N3cell','N4cell','N5cell','N6cell','N7cell']) 
df.head(2) 
 
# In[19]: 
 



 

106 
 

df.shape 
 
# In[20]: 
 
#Half of the dummies are grouped for ram efficiency 
df1=df.iloc[0:300000, 0:12486] 
df1 = df1.groupby(df1.columns, axis=1).sum() 
df1.shape 
 
# In[21]: 
 
#another part of dummies grouped 
df2=df.iloc[300000:550000, 0:12486] 
df2 = df2.groupby(df2.columns, axis=1).sum() 
df2.shape 
 
# In[22]: 
 
#another part of dummies grouped 
df3=df.iloc[550000:800000, 0:12486] 
df3 = df3.groupby(df3.columns, axis=1).sum() 
df3.shape 
 
# In[23]: 
 
#another part of dummies grouped 
df4=df.iloc[800000:1043509, 0:12486] 
df4 = df4.groupby(df4.columns, axis=1).sum() 
df4.shape 
 
# In[24]: 
 
#combination 
df=pd.concat([df1, df2, df3,df4]) 
df.shape 
 
# In[25]: 
 
df.head(1) 
 
# In[26]: 
 
df.describe() 
 
# In[27]: 
 
df=df.drop(columns=['-140.0_-140.0'])#column is deleted since it has all zeros (from NaN values coming from 
empty neighbors) 
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df.head(1) 
 
# In[28]: 
 
#Part 1 Randomly, %90 of data is set as training and %10 is set as test data 
# In[29]: 
 
df_train=df.sample(frac=0.9) 
df_test=df.drop(df_train.index) 
print(' Training set size ' + str(df_train.shape)) 
print(' Test set size ' + str(df_test.shape)) 
 
# df_test=df.iloc[0:70000,0:2000] 
# df_train=df.iloc[70000:420000,0:2000] 
# print(' Training set size ' + str(df_train.shape)) 
# print(' Test set size ' + str(df_test.shape)) 
 
# In[30]: 
### Create signatures from training data 
 
df_RFF = pd.DataFrame(columns=df.columns) 
pixels=df_train.groupby(["Longitude", "Latitude","gcid"]) 
num_pixels=pixels.ngroups 
print('Number of pixels: ' + str(num_pixels)) 
 
for pixel in pixels.groups: 
    df_pixel = pixels.get_group(pixel) 
  
    total_row= df_pixel.sum() 
    total_row["Longitude", "Latitude","gcid"]=(0,0,0) # Latitude, Longitude and GCID don't participate in 
normalization, remove temporary 
     
# Keep this part for only 1 neighbor, comment to accuulate all neighbors 
    #Maximum value 
    maxValueIndex1 = total_row.idxmax() 
    maxValue1=total_row[maxValueIndex1] 
    total_row[maxValueIndex1]=0 
  #Second maximum value 
    maxValueIndex2 = total_row.idxmax() 
    maxValue2=total_row[maxValueIndex2] 
    total_row[maxValueIndex2]=0 
 
    maxValueIndex3 = total_row.idxmax() 
    maxValue3=total_row[maxValueIndex3] 
    total_row[maxValueIndex3]=0 
 
    maxValueIndex4 = total_row.idxmax() 
    maxValue4=total_row[maxValueIndex4] 
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    total_row[maxValueIndex4]=0 
 
    maxValueIndex5 = total_row.idxmax() 
    maxValue5=total_row[maxValueIndex5] 
    total_row[maxValueIndex5]=0 
 
    maxValueIndex6 = total_row.idxmax() 
    maxValue6=total_row[maxValueIndex6] 
    total_row[maxValueIndex6]=0 
     
    maxValueIndex7 = total_row.idxmax() 
    maxValue7=total_row[maxValueIndex7] 
    total_row[maxValueIndex1]=maxValue1 
    total_row[maxValueIndex2]=maxValue2 
    total_row[maxValueIndex3]=maxValue3 
    total_row[maxValueIndex4]=maxValue4 
    total_row[maxValueIndex5]=maxValue5 
    total_row[maxValueIndex6]=maxValue6 
    total_row[maxValueIndex7]=maxValue7 
   
     
    # Include median serving RSRP in addition to relative strength 
    temp = df_pixel[df_pixel[maxValueIndex1]!=0].median() 
    bestrsrp=temp[maxValueIndex1] 
     
    total_row=total_row/np.max(total_row) 
    total_row["Longitude", "Latitude","gcid"]=pixel # Return Latitude, Longitude and GCID 
    total_row['Serving_RSRP']=bestrsrp 
    df_RFF = df_RFF.append(total_row,ignore_index=True) 
 
 
display(df_RFF.head(3)) 
 
# ### Normalize test dataframe 
# display(df_test.head(3)) 
# df_test['Serving_RSRP']=0 
# cols_to_keep = ['Latitude','Longitude','gcid','Serving_RSRP'] 
# cols_to_norm=df_test.columns.difference(cols_to_keep) 
# df_test['Serving_RSRP']=df_test[cols_to_norm].max(axis=1) 
# df_test[cols_to_norm] = df_test[cols_to_norm].apply(lambda x: x / x.max() ,axis=1) 
# display(df_test.head(3)) 
 
# In[31]: 
 
### Create signatures from training data 
#writer = pd.ExcelWriter(r'C:\Users\ejoszec\Josko\Projects\Routz\Drive\SF\test.xlsx') 
df_RFF1 = pd.DataFrame(columns=df.columns) 
pixels=df_test.groupby(["Longitude", "Latitude","gcid"]) 
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num_pixels=pixels.ngroups 
print('Number of pixels: ' + str(num_pixels)) 
 
for pixel in pixels.groups: 
    df_pixel = pixels.get_group(pixel) 
  
    total_row= df_pixel.sum() 
    total_row["Longitude", "Latitude","gcid"]=(0,0,0) # Latitude, Longitude and GCID don't participate in 
normalization, remove temporary 
     
# Keep this part for only 1 neighbor, comment to accuulate all neighbors 
    #Maximum value 
    maxValueIndex1 = total_row.idxmax() 
    maxValue1=total_row[maxValueIndex1] 
    total_row[maxValueIndex1]=0 
    #Second maximum value (1 neighbor) 
    maxValueIndex2 = total_row.idxmax() 
    maxValue2=total_row[maxValueIndex2] 
    total_row[maxValueIndex2]=0 
 
    maxValueIndex3 = total_row.idxmax() 
    maxValue3=total_row[maxValueIndex3] 
    total_row[maxValueIndex3]=0 
  
    maxValueIndex4 = total_row.idxmax() 
    maxValue4=total_row[maxValueIndex4] 
    total_row[maxValueIndex4]=0 
 
    maxValueIndex5 = total_row.idxmax() 
    maxValue5=total_row[maxValueIndex5] 
    total_row[maxValueIndex5]=0 
    
    maxValueIndex6 = total_row.idxmax() 
    maxValue6=total_row[maxValueIndex6] 
    total_row[maxValueIndex6]=0 
     
    maxValueIndex7 = total_row.idxmax() 
    maxValue7=total_row[maxValueIndex7] 
 
    total_row[maxValueIndex1]=maxValue1 
    total_row[maxValueIndex2]=maxValue2 
    total_row[maxValueIndex3]=maxValue3 
    total_row[maxValueIndex4]=maxValue4 
    total_row[maxValueIndex5]=maxValue5 
    total_row[maxValueIndex6]=maxValue6 
    total_row[maxValueIndex7]=maxValue7 
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    # Include median serving RSRP in addition to relative strength 
    temp = df_pixel[df_pixel[maxValueIndex1]!=0].median() 
    bestrsrp=temp[maxValueIndex1] 
     
    total_row=total_row/np.max(total_row) 
    total_row["Longitude", "Latitude","gcid"]=pixel # Return Latitude, Longitude and GCID 
    total_row['Serving_RSRP']=bestrsrp 
    df_RFF1 = df_RFF1.append(total_row,ignore_index=True) 
 
display(df_RFF1.head(3)) 
 
# In[32]: 
 
### Estimate location 
Y_train=df_RFF[['Latitude','Longitude']] 
Y_test=df_RFF1[['Latitude','Longitude']] 
X_train=df_RFF.drop(['Latitude','Longitude'], axis=1) 
X_test=df_RFF1.drop(['Latitude','Longitude'], axis=1) 
 
regressor = neighbors.KNeighborsRegressor(n_neighbors = 3, weights = 'distance') 
#KNN = neighbors.KNeighborsRegressor(n_neighbors = 3, weights = 'distance') 
#regressor = MultiOutputRegressor(KNN) 
 
regressor.fit(X_train, Y_train) 
y_hat = regressor.predict(X_test) 
 
# In[33]: 
 
### Calculate error 
errstat=Y_test.copy() 
errstat=errstat.reset_index() 
errstat=errstat.drop(['index'],axis=1) 
errstat['Est_latitude']=y_hat[:,0] 
errstat['Est_longitude']=y_hat[:,1] 
errstat['Error distance']=errstat.apply(haversine, axis=1) 
 
errstat.rename(columns = {'Latitude':'GPS Latitude', 'Longitude':'GPS Longitude',  
                         'Est_latitude':'Precited Latitude', 'Est_longitude':'Predicted Longitude'}, inplace = True) 
 
print("Median distance error: ", str(errstat['Error distance'].median()), " meters") 
print("Mean distance error: ", str(errstat['Error distance'].mean()), " meters") 
 
 
# In[34]: 
 
### Plot histogram 
plt.hist(errstat['Error distance'], range = (0,3000), bins = 70) 
plt.xlim((0, 3000)) 
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plt.xlabel('Distance error') 
plt.ylabel('Frequency') 
plt.title(r'Histogram ') 
plt.show() 
 
# In[35]: 
 
### Error stats 
r2 = r2_score(Y_test, y_hat, multioutput="raw_values") # Coefficient of Determination R squared 
var = explained_variance_score(Y_test, y_hat, multioutput="raw_values") # Variance  
print("the r^2 of longitude values between y_test and y_hat is ", r2[0]) 
print("the r^2 of latitude values between y_test and y_hat is ", r2[1]) 
 
# In[36]: 
 
ma1=pd.DataFrame() 
ma1['lat']=df_train['Latitude'] 
ma1['lon']=df_train['Longitude'] 
ma1['count']=1 
ma=pd.DataFrame() 
ma['lat']=df_RFF1['Latitude'] 
ma['lon']=df_RFF1['Longitude'] 
ma['count']=1 
import matplotlib.pyplot as plt 
fig, ax=plt.subplots() 
#plt.figure(figsize=(20,20), dpi=100) 
ax.scatter(ma1['lat'],ma1['lon'],ma1['count'],color='navy',label='training') 
 
ax.scatter(ma['lat'],ma['lon'],ma['count'],color='red',label='test') 
leg=ax.legend() 
#plt.xlim([37.73,37.80]) 
#plt.ylim([-122.52,-122.38]) 
plt.show() 
 
# In[37]: 
 
#decision tree 
from sklearn.tree import DecisionTreeRegressor 
regressor=DecisionTreeRegressor() 
regressor.fit(X_train,Y_train) 
y_hat=regressor.predict(X_test) 
 
# In[38]: 
### Calculate error 
errstat=Y_test.copy() 
errstat=errstat.reset_index() 
errstat=errstat.drop(['index'],axis=1) 
errstat['Est_latitude']=y_hat[:,0] 



 

112 
 

errstat['Est_longitude']=y_hat[:,1] 
errstat['Error distance']=errstat.apply(haversine, axis=1) 
 
errstat.rename(columns = {'Latitude':'GPS Latitude', 'Longitude':'GPS Longitude',  
                         'Est_latitude':'Precited Latitude', 'Est_longitude':'Predicted Longitude'}, inplace = True) 
 
print("Median distance error: ", str(errstat['Error distance'].median()), " meters") 
print("Mean distance error: ", str(errstat['Error distance'].mean()), " meters") 
 
# In[39]: 
 
### Plot histogram 
plt.hist(errstat['Error distance'], range = (0,3000), bins = 70) 
plt.xlim((0, 3000)) 
plt.xlabel('Distance error') 
plt.ylabel('Frequency') 
plt.title(r'Histogram ') 
plt.show() 
# In[40]: 
 
### Error stats 
r2 = r2_score(Y_test, y_hat, multioutput="raw_values") # Coefficient of Determination R squared 
var = explained_variance_score(Y_test, y_hat, multioutput="raw_values") # Variance  
print("the r^2 of longitude values between y_test and y_hat is ", r2[0]) 
print("the r^2 of latitude values between y_test and y_hat is ", r2[1]) 


