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Introduction

MR-based positioning systems:

Accurate localization of mobile devices (MDs), using measure-
ment report (MR) data

• MR data:

– measurement parameters of radio signal strengths (RSSI)
when MDs connect to base stations (BSs) in telecommuni-
cation (telco) networks

– MRs are generated when MDs are making/receiving calls or
use mobile broadband services (MBB)
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Introduction

Telco Big Data opportunity

I Accumulation of many over-the-top (OTT) global position-
ing system (GPS) data in telco networks, from widely-used
location based services (LBS)

I Can be used automatically as training labels for learning
accurate MR-based positioning systems
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Global Positioning System (GPS)

https://thesciencegeek.org/2017/01/29/gps/
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Global Positioning System (GPS)

• A GPS device uses data from satellites to locate a specific
point on Earth

• Using trilateration, a GPS receiver measures the distances
to satellites using radio signals

• Trilateration is the process of determining absolute or rela-
tive locations of points by measurement of distances, using
the geometry of circles, spheres or triangles

https://www.nationalgeographic.org/topics/gps/
https://en.wikipedia.org/wiki/Trilateration
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GPS Pros & Cons

X Accurate localization of an MD outdoor with around ±10m
errors

× Energy consuming

× Unavailable in many MDs

× Requires line-of-sight (LOS) to the satellites (degrades quickly
indoor or underground

× Being often turned off for private reasons
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MR-based positioning systems Pros & Cons

X Energy efficient

X Available on most MDs

X Better network coverage and workable indoors and under-
ground

X Active when making calls or MBB services

× Localization error 50 ∼ 1000m in different situations −→
promise: next-generation telco networks (e.g. 5G) will have
denser structures
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1. Empirical Measurement of Big MR data

∗ Analysis over four properties of Big MR data

1 stability: Temporary change of MR data for the same loca-
tion and MD

2 sensitivity: Influence of small spatial changes on MR data

3 uncertainty: MDs usually do not connect with their closest
BS

4 missing values: The amount of BSs and their corresponding
RSSI value an MR contains

∗ This process provides practical guidance

– how to update the localization models

– determine the lower limit of localization errors
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2. Context-aware coarse-to-fine regression (CCR)
model

A machine learning-based positioning system from telco big data

1 Map-matching and interpolation algorithms to encode con-
textual information of road networks

2 Two-layer regression model to capture coarse-to-fine con-
textual features in a short time window for improved local-
ization performance

Deployment in Spark/Hadoop-based telco big data platform for
city-scale localization of MDs
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MR data generation

• MR data contain measurement parameters such as the Ra-
dio Signal Strength Indicator (RSSI) usually for 6 nearby
sectors

• A mobile device connects to the sector with the strongest
RSSI

• Only RSSI and engineering parameters of location-associated
base stations are used to build the MR-based positioning
system
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MR data generation

Figure 1: a) MR data generation procedure. b) Example of MR record
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Data flow of CCR localization model in telco big
data platform

Figure 2: a) OTT GPS locations generated by LBSs (low sampling rate
- 60 seconds per record).
b) Two examples of MR data generated by call or MBB
services (high sampling rate - 8 seconds per record)
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Data flow of CCR localization model in telco big
data platform

Figure 2: c) CCR training input - GPS data: training labels, MR data:
training features; CCR input - MR records; CCR output -
Recovered locations.
d) Predicted locations (blue dots), ground truth GPS loca-
tions (red dots)
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Training Data Acquisition

1 Extract urls from OTT data, many of them contain GPS coordinates

2 Extract GPS coordinates from urls

– Segmentation of long GPS trajectory

3 Map-matching method and most-frequent path interpolation to in-

crease the sampling rate of GPS data

3.1 Match each GPS coordinates in a short trajectory with the road
network

3.2 For each pair of adjacent matched points, compute the most-
frequent-path between them and do a uniform interpolation on
it, with a constant small time step

4 Match interpolated GPS data with MR data, by IMSI (International
Mobile Subscriber Identity) and time stamp in a sliding window

Note: Steps 3.1 and 3.2 are implemented in parallel, in a distributed Hadoop/S-
park system
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park system
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CCR Training

Training of a two-layer regression model with the GPS-labeled
MR data, using Random Forest (RF) for each layer
First layer:

I Input −→ 258 dimensional coarse features

I Output ←− predicted GPS location for each training sample

Christodoulou Eirini, Loizou Marios City-Scale Localization with Telco Big Data 16 / 43

mailto:echris08@cs.ucy.ac.cy
mailto:mloizo11@cs.ucy.ac.cy


City-Scale
Localization
with Telco
Big Data

Introduction

Paper
Contributions

CCR Localization
Models

MR data
generation

CCR model
data flow

Training Data
Acquisition

CCR Training
and Prediction

Datasets and
Measurements

Localization
Performance

CCR Training

Second layer:

I Input −→ 34 dimensional fine-grained features

I Output ←− predicted GPS location with higher longitude/lati-
tude accuracy
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CCR Prediction

• CCR maps the RSSI feature vector of an MD to the pre-
dicted location coordinate

• Predicting a sequence of location coordinates ⇒ recovery
of the trajectory of the MD on the road networks

Note 1: Feature engineering and RF regression model are hand
coded in Spark, based on Hive/Spark SQL and the parallel RF
algorithm

Note 2: Scalability for big data without communication cost be-
tween machines, because each regression tree is trained indepen-
dently
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Overview

1 Introduction

2 Paper Contributions

3 CCR Localization Models

4 Datasets and Measurements
1. Stability
2. Sensitivity
3. Uncertainty
4. Missing Value

5 Localization Performance
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Dataset

Figure 3: Statistics of GPS-associated MR Dataset
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Stability Measurement

Smaller distance to the sector lead to stronger RSSI values

Figure 4: Stability measures over time (hours) in two typical sectors
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Stability Measurement

Figure 5: Stability measures over time (days) in two typical sectors
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Stability

• Even if MD stays at the same position, it receives different
RSSI

• The |∆RSSI| over days is often less than 0.7db

• Changes in RSSI less than ±0.7 is indistinguishable
because of instability

Key inspiration

• If the localization model is not updated by the new
training data, the model may fail to capture the temporal
change of RSSI for bad localization performance.

• Experiments confirm that update models by new coming
data will enhance the overall localization performance
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Sensitivity Measures

Select pairs where the |∆RSSI| ≤ 0.7 (0.7 temporal fluctuation
threshold)
Plots the histogram of each distance ∆GPS of those pairs

Figure 6: Sensitivity measurement over space of MR data (using ∆GPS
when |∆RSSI| ≤ 0.7 for two sectors A and B
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Sensitivity

• The above distances cannot differentiated by the
localization model

• More than 50% of pairs have the distance ≥ 25m

• Lots of tested pairs with distance ∆GPS larger than 25m
have almost zero change of RSSI.

• The sensitivity of MR data within the radius 25m is too
low to be recognised in practice

To enhance performance

Improve the sensitivity of the sensor by designing new:

• Hardware

• Signal measurement methods
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Uncertainty Measurements

MDs do not always connect to the closest sector or BS

Figure 7: Uncertainty measurement of all MR data. (a) shows the
distribution over ∆Distance between the connected BS and
the closest BS. (b) shows the distribution over the top K
closest BSs
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Uncertainty

• Around 50% data connect to the BS within 100m of the
closest one

• If ∆Distance ≥ 300m the localization performance is not
satisfactory

• More than 50% MR data are yielded without connecting
with top 6 closest BS −→ worse localization performance

How to improve

Add more BSs in the cells, which will assure an MD always find
the closest BS for stronger RSSI values and better service
quality
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Missing Value Measurement

MR records does not always have RSSI values from 6 nearby
sectors

Figure 8: The distribution of MR data over the number of associated
BSs (a) and sectors(b)
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Missing Value

• RSSI values from different sectors in the same BS cannot
improve the localization accuracy

• More than 60% of MR data have RSSI values from less
than 2 location-associated BSs −→ large localization error

How to overcome missing value problem

1 Add more BSs or improve sensor systems

2 Design missing value algorithm to estimate missing values
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Experiments details

Platform:

• Six Huawei RH2288 servers

• Intel(R) Xeon(R) CPU E5-2690 v2 @ 3.00GHz

• 40 Cores and 189G Memory

Data:

• Training data: 24 days (around 80%)

• Testing data: 6 days (around 20%)

Training:

• 540 trees in Random Forest distributed in 6 machines

• Train a CCR localization model for each data block

• 16 CCR models in total
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Evaluation metrics

• Localization error −→ distance between predicted and
actual GPS position

• Cumulative density function (CDF) of errors

• Area under curve (AUC) of CDF with the error less than
100m
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CCR Performance

Figure 9: Comparisons of different CCR model settings: (a) Effective-
ness of interpolation, and (b) Effectiveness of two-layer re-
gression models

Christodoulou Eirini, Loizou Marios City-Scale Localization with Telco Big Data 32 / 43

mailto:echris08@cs.ucy.ac.cy
mailto:mloizo11@cs.ucy.ac.cy


City-Scale
Localization
with Telco
Big Data

Introduction

Paper
Contributions

CCR Localization
Models

Datasets and
Measurements

Localization
Performance

CCR
Performance

CCR on Four
Properties of
MR

CCR
Comparisons
and Error
Analysis

CCR on Stability

Figure 10: CCR on temporal stability of MR data. Test1 training: 1-7
days, Test2 training: 8-14 days

• Median error lower than that in Test1 −→ updating CCR
regularly captures the recent temporal variance in MR data
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CCR on Sensitivity

• CCR produces a median error of 80m

• The lower limit of the median error is 50m

• Reason: The training data is insufficient

• Collection of more data by fine-grained walk with 0.5m
per step

• Achieve median error around 46.1m

Future work

• Increasing sensitivity of MR data

• Designing new sensors or new algorithms
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CCR on Uncertainty

Figure 11: CCR performance on connection uncertainty of MR data:
(a) ∆Distance and (b) Top K

• Bigger ∆Distance has the larger errors
• The average localization error is within 1/4 - 1/2 of the

distance between the MD and the connecting BS
• Reduce the uncertainty by forcing the MD to connect to

the closest BS
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CCR on Missing value

Figure 12: CCR localization performance on MR data with different
missing number of BSs

• Less missing values lead to higher localization accuracy
• MR data with 3 associated BSs are enough to give

satisfactory localization accuracy
• Improve by designing specific missing value imputation

algorithms
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Comparison and Error Analysis

1 Range-based method
• Complex audio signal propagation patterns in urban areas

2 Cell* method
• Uses some contextual knowledge through map-mapping
• Does not use RSSI features

3 Fingerprinting method
• Much better than Cell* method

4 Proposed CCR method
• Designs a context-aware and coarse-to-fine features
• Captures much more signal and context knowledge than

previous methods
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1 Range-based method
• Complex audio signal propagation patterns in urban areas

2 Cell* method
• Uses some contextual knowledge through map-mapping
• Does not use RSSI features

3 Fingerprinting method
• Much better than Cell* method

4 Proposed CCR method
• Designs a context-aware and coarse-to-fine features
• Captures much more signal and context knowledge than

previous methods
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Figure 13: Comparison of CCR with the state-of-the-art localization
methods: range based, Cell* and fingerprinting mehods
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Figure 14: Localization error on CCR. Blue bubbles are the predicted
values and red lines correct GPS location

• Small error on the same road

• Use knowledge of the road network

• Forward or backward error because training data is
insufficient
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Figure 15: Localization error on CCR. Blue bubbles are the predicted
values and red lines correct GPS location

• Close and parallel to road error
• Low temporal stability and spatial sensitivity of MR data
• Collect denser training data and design special algorithm

in the areas with close parallel roads
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Figure 16: Localization error on CCR. Blue bubbles are the predicted
values and red lines correct GPS location

• Large errors occurs in dense road network

• Collect more training data on areas with dense road
networks to distinguish subtle detains among dense roads
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The End

Thank you!!!
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