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This bachelor’s thesis studies the optimization of cellular-based positioning with ML mod-
els. The purpose of this work is to discover possibilities and potential problems with indoor
positioning that is going to be implemented and required in future 3rd Generation Partner-
ship Project (3GPP) releases. A variety of machine learning (ML) models are trained for
evaluation of performance and challenges.

The literature section describes briefly the development, challenges, and evolving require-
ments of positioning. The impacts of offloading the processing to edge cloud services and
overview of the main driving factors for developing means of providing location based ser-
vices (LBS) with already existing infrastructure, with minimal physical investment. The
sections for the data origin and ML architecture bridges to the creation and evaluation of dif-
ferent models. Model results are in line with prior publications and development examples.
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Tissd kandidaatintyossé tutkitaan matkapuhelinverkkoihin perustuvan paikantamisen opti-
mointia hyddyntiden koneoppimista. Tyon tarkoituksena on 10ytédd ratkaisuja sekd potentiaa-
lisia ongelmia matkapuhelinverkkoihin perustuvassa paikantamisessa, joka on yksi keskei-
simmistd kandidaateista seuraavien (3GPP) julkaisuiden paikannustarkkuuden vaatimusten
tayttamiseen. Tyon lopussa esitelldiin kattaus erilaisisten koneoppimismallien (ML) tarkkuu-
desta verrattuna kiytettyyn dataan, malliin, seki haasteista eri mallien kohdalla.

Kirjallisuuskatsaus kiy ldpi paikantamisen kehitystd, haasteita, sekd tarkkuuden kehittymi-
sen vaatimuksia. Prosessoinnin siirtdimisen reunaprosessointiin (edge cloud, edge proces-
sing) ja jakamiseen palveluna, sekid suurimmat motivaattorit tuottaa paikantamispalveluita,
sekd paikantamista hyodyntidvid palveluita (LBS) jo olemassa olevalla infrastruktuurilla mi-
nimaalisella fyysiselld investoinnilla. Viimeiset kappaleet, jotka kisittelevit datan ldhdetti,
sekd koneoppimismallien (ML) arkitehtuureja yhdistédvit kirjallisuuskatsauksen tutkimuk-
sessa tehtyjen mallien esittelyyn, sekd niiden arviointiin. Mallien tulokset ovat vastaavia
aitheeseen liittyvien aiempien julkaisuiden kanssa.



Nomenclature

Acronyms

3GPP 3rd Generation Partnership Project

4G 4th generation of mobile network

5G Sth generation of mobile network

GNSS global navigation satellite system

NLOS non-line-of-sight

AI/ML  artificial intelligence / machine learning

UE user equipment

DL down-link

UL up-link

gNB next generation nodeb

RF radio frequency

BS base station

CIR channel impulse response

ML machine learning

FR1 frequency range 1 (410MHz - 7.125GHz)

FR2 frequency range 2 (24.25GHz - 71.0GHz)

GPS Global Positioning System

GLONASS GLObalnaya NAvigatsionnaya Sputnikovaya Sistema in Russian
BDS BeiDou Navigation Satellite System

MIMO  multiple-input and multiple-output

PDP power delay profile

LBS location based services ) ) )
InF-DH indoor factory with Dense clutter and high base station height
MSE mean square error

LSTM long short-time memory
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1 Introduction

As quicker and even more accurate positioning is desired, and very well implemented in
open spaces with global navigation satellite system (GNSS) it is still lacking in constructed-
and indoor environments. This document deals with indoor positioning with cellular net-
works, and improvements with machine learning models. Theory and introduction are based
on a literature review, which is followed by the creation of machine learning models and
an assessment of their characteristics. Indoor positioning systems are currently still lacking
behind outdoor, mostly GNSS dominated systems, which do not provide the accuracy and
reliability needed in current and emerging fields. Currently, cellular network-based posi-
tioning is a technology available in 5G networks offering very high accuracy in the order of
centimeters [3].

However, these legacy methods show weaknesses in industrial scenarios with a high amount
of devices that generate a high rate of non-line-of-sight (NLOS) links. To solve these is-
sues, indoor positioning methods based on artificial intelligence / machine learning (AI/ML)
techniques are proving high efficiency and performance when compared to legacy solutions.

Previous studies have found that alternative methods are needed for good accuracy in con-
structed and indoor environments. These studies have been conducted with independent
fingerprint databases, that have been collected with a limited set of user equipments (UEs).
The conclusion has been that with this limited amount of data, it is possible to determine
the location with accuracy that satisfies 3GPP requirements for E911 phase II (since 2018)
and E112 / eCall [1]. These require horizontal positioning accuracy within 50m for 67% and
150m for 90% when using the device’s own location services, and 100m for 67% and 300m
for 90% of the calls when using network-based location services. For E112 / eCall the re-
quired horizontal positioning accuracy is 150m with 95% confidence The estimated position
could be improved with the use of AI/ML models, and the improvements were significant
with average accuracy getting from 50m to 21m [4].

The different implementations of the AI/ML models were not tested, as it has not been an
essential part of that research, however, in different implementations, it could be a really
important part of the design of the system. This is especially true in edge cloud applications,
where overall low latency is a high priority. As the overall latency consists of the data
transmission latency and the inference latency of running the model, it is important to balance
the data gathering and sending, with the size and processing time of the model. The low
latency is a trade-off for the highest accuracy, however, in some applications, it is more
desired. Itis also possible to have a service where you can request different levels of expected
accuracy, with knowing the estimated time for the returned position data.



2 Methods

Before going to the methods used in this thesis, here is a brief opening of the concepts in-
volved in the methods and analysis. The section consists background of positioning, wireless
technologies, and machine learning.

2.1 GNSS based positioning

Publicly available positioning tools GNSS have been around since the late 1970s, with the
most notable changes being the removal of artificial jitter from Global Positioning Sys-
tem (GPS), the modernization completion of GLObalnaya NAvigatsionnaya Sputnikovaya
Sistema in Russian (GLONASS), the launch and completion of BeiDou Navigation Satellite
System (BDS) and Galileo, and the addition of 2 civilian bands to both GPS and GLONASS.
Other notable technology is LEO (Low Earth Orbit) satellite constellations, such as Iridium
STL. As they are 25 times closer to the Earth compared to other GNSSs, the signal strength is
~30dB stronger, Which enables devices to intercept the signals even in indoor situations.[1].

2.2 Wireless Technologies

Based on circumstances, the data for the positioning can be generated by the UE or the
next generation nodeb (gNB). The selection is based on if the data is generated from down-
link (DL) or up-link (UL) signal [5]. This is furthermore selected based on requirements,
capabilities of the device, and/or privacy concerns. For general fingerprinting positioning,
the UE has to have a detailed radio frequency (RF) fingerprint of its surroundings. This will
contain signals of many different technologies and also unwanted noise. The suitability of
different types of signals, that the UE can intercept has been analyzed in many studies [1].
In this thesis, the focus is on 4th generation of mobile network (4G) and 5th generation of
mobile network (5G) mobile networks.

In 4G LTE (Long Term Evolution) for even higher data rates, multiple-input and multiple-
output (MIMO) antenna arrays were introduced. Advancement to this required advances in
the transceivers and antennas. MIMO can be implemented in many ways: Diversity Figure
2, where the antennas are sending and receiving the same signals with a physically larger
antenna for better coverage and signal-to-noise ratio. Spatial Multiplexing Figure 3, where
multiple antennas are used to send and receive multiple streams to increase throughput to
a single user or to split the available resources for multiple users. Beamforming Figure 4,
antenna elements in the installation are used to steer narrow beams to the UE. 4G supports
up to 8 spatial layers however, the most common installations are 2x2 and 4x4 MIMO.[1].

5G NR (New Radio) Takes the MIMO from 4G to a whole new level. With up to 256-
element antenna arrays, this is also called Massive MIMO [1]. mMIMO antenna arrays are
usually capable of steering the beam also up and down compared to the 4G MIMO which is
usually only side to side, this is called 3D beamforming. Otherwise, the beamforming works
much the same as in 4G. For any MIMO features to be used effectively the transceiver needs
to know where the UE is located. This can be achieved by UL and or DL measurements
with MIMO antenna array. The transceiver will then use this information to send the signal
effectively.
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2.3 Beamforming

The technology behind beamforming plays a key role in achieving good positioning accuracy
in 4G and 5G mobile networks. Knowing an estimate of the UEs location is needed for
effective beamforming, however, this information can also be used for providing location
estimation service.

For achieving beamforming, antenna arrays with multiple driven elements are needed. There
are multiple application-dependent ways for implementing the array, however, one common
in 4G and 5G installations is cross-polarized antenna arrays 1, where one element is tilted
45° and the other -45°. 4G antenna arrays are typically 2x2 and 4x4 up to 8x8, and 5G
mMIMO arrays reach up to 256x256. Most of the UEs still only support 4x4 MIMO due to
space constraints, so the bigger antennas can be divided into 4x4 MIMO subgroups, or larger
subgroups to use for efficient resource allocation.

0.5

]

Y S0

Figure 1: Cross-polarized antenna-array (Illustration from original [1])
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Figure 4: Beamforming, using multiple elements to decrease the antenna aperture and in-
crease gain.

Signals to the multiple driven elements need to be phase-shifted and in some cases attenuated
to achieve the wanted results. Many of the newer antennas have all control circuitry, and RF
modulators built into the antenna itself, and thus called active antennas. This reduces the
complexity of installment and the losses that would occur in the cabling.

Beamforming can be achieved with just 2 antennas 6, however, the aperture of the antenna
is still pretty large [1]. The aperture of an antenna array can be made smaller, by increas-
ing the amount of driven elements. This also improves the measurement of the received
beam direction, and the transmitted signal can be focused with a narrower beam, for reduced
interference, longer range, and reduced transmit power [6].

signal

Wavefront(0)

Wavefront(1)

Figure 5: Receiving/transmitting steered beam with 2 antenna elements. (Illustration from
original [1])



13

2.4 Machine learning

Machine learning is used for the creation of machine learning models from input data, and
to improve their performance without being explicitly programmed. As the model is fitted
with data, a ML model with stored weights is created.

Machine learning can be roughly split into 2 categories, supervised and unsupervised learn-
ing [7]. The type of which is used, is based on if the input or training dataset contains labels,
which are the defined outcomes of the samples. The model can then be used to describe
the outcome of testing data. With supervised learning, the model assumes that the testing
dataset contains the same value fields as the training dataset and the values are inside the
value distribution of the training dataset. If only some value fields contain data outside of
the learned distribution, the model can usually still output accurate results. In cases of many
of the fields contain data outside the distribution or missing altogether, the results can be
inaccurate. Because of these cases, having a confidence level in the prediction is important.

Determining the level of confidence is also affected by what sort of output we want from
the model. The importance of the confidence level changes, for example: if the outcome
values are 1/true or O/false compared to a floating point number. These two examples can
be achieved with both supervised learning subcategories, usually called classification and
regression. [7].

Most of the ML models consist of an Input layer, multiple hidden layers, and an output layer.
The deepness (number of layers) and the width of the layers depend on the input and output
requirements of the model. For different kinds of applications, there are several different
types of layers, optimizers, loss functions, etc [8].

Input Feature extraction
Output

Hi I
Droppout idden layers (dense)

Figure 6: Simplified illustration of the model.

The creation of suitable and complex enough architectures for the model is crucial for achiev-
ing good generalization performance, allowing enough trainable parameters to enable the
training of accurate models if enough training data with good variety is available. The com-
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plexity cannot be increased if there is not enough good, generalizable training data, which
would lead to overfitting[9]. Overfitting is a major challenge, and the training section will
go deeper into ways it is tried to reduce with model architectural changes, and phasing the
training.

Overfitting causes the model to lose precision while it is used with testing data, (unseen
data), however at the same time its precision seems better with the training data and loss
is smaller, as it is beginning to “memorize” the training data, and most of the time using
the model more as a lookup table for the particular case, and less like a function as well
generalized model would do. This is why it is really important to evaluate the model with
its training data, and the unseen evaluation data, this will tell usually early if there are issues
with overfitting, which can be seen in Figure 8. The validation loss can be seen starting to
increase after around 20 epochs, which indicates overfitting, and the generalization ability of
the model getting worse.

In the Figure 7 can be seen 2 different degrees of curve fits. The curve A does not completely
cross the sample dots, as the curve B does. The curve B needs a higher degree to be fitted
matching the samples perfectly. Depending on the data, either one of these fits would be bet-
ter, and the learning towards either one of the curves is dependent on the model complexity,
quality (variety) of training data, and the bias of the model. In the subsequent models that
are going to be trained for this study, case A would be preferred over case B, illustrated as
case A would be more generalized, and case B would be memorized, exact outcomes of the
training data.

A B\\v -tErmy N
y 2 .
’” s,
’ s
’ .
‘ v
d 3
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., ¢' \~ -‘—‘— s,
s, s -
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Figure 7: Illustration of 2 different degrees of the fitted curves. (illustration from original
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3 Model Training

As a base for the ML model an example [10] model was used to build the actual model
architecture. The model’s input layer takes a sample of the data, which is formatted as a
number of base station (BS), CIR-samples and their real and imaginary parts. The output
of the model contains X and Y coordinates of the reference position. This model does not
provide Z (height) data, as it is not part of the datasets [10] that were used. Datasets are kept
the same with the different model groups, performance gets significantly worse if testing
data differs from the training data [7]. The dataset is generated for indoor factory with
Dense clutter and high base station height (InF-DH) scenario, and the datasets are generated
according to 3GPP TR 38.857 [10]. Parameters of the 2 datasets used can be found in Table
1

Parameter FR1 dataset FR2 dataset
Scenario InF-DH, 120m x 60m InF-DH, 120m x 60m
Spatial Consistency No No
Bandwidth 100M 100M
BS Number 18 18
BS Spacing 20m 20m
Antenna config Ix1 1x1
UE height 1.5m 1.5m
CIR length 256(FR1) 512(FR2)
Training Set 80k, 80k drops with 1 UE per | 80k, 80k drops with 1 UE per
drop drop
Synchronixation Ideal Ideal
between BS and UE

Table 1: Dataset configurations

The model type is sequential and it doesn’t incorporate long short-time memory (LSTM).
The simplified architecture consists of 2 feature extraction layers, followed by dropout and
activation layers, and then by different width dense layers. This model was compiled with
mean square error (MSE) as the loss function, and Adam as the optimizer. The learning rate
was kept at the original 0.001 for most of the model training, however, this could be changed
for retraining and fine-tuning the model. Important hyperparameters can be found in Table 2

parameter CIR as input model PDP as input model
Model type Sequential Sequential
Learning rate 0.001 0.00025 - 0.001
Batch size 128 64
Epochs 1000 1000
Optimizer Adam Adam
Hidden layers 21 21
Loss function MSE MSE
Regularization dropout x4 dropout x4

Table 2: Model hyperparameters
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In the title of the figures is mentioned the used dataset, CIR samples, and the number of
trainable parameters that the model had. The error in meters is provided at the confidence
level of 90% and is tested with the training data and separate, unseen testing data to validate
the model for overfitting [7].

3.1 Fitting optimization

In all of the subsequent CIR model figures, the lines are almost identical, telling that over-
fitting was greatly mitigated. On the later PDP models, overfitting can clearly be seen, with
higher input samples. This tells that the model is likely too complex compared to the varia-
tion in the input data, and starts memorizing patterns rather than improving its generalization
ability [9].

For optimizing the fitting process, parts of the model were tweaked, as reducing the learning
rate alone did not have a significant impact on mitigating the overfitting. Most promising re-
sults were obtained by increasing third dropout layers dropout in steps, and the improvement
can be seen in the graphs (Validation-, versus Training loss (lower is better)) from 0.5 Figure
8, 0.75 Figure 9 and 1.0 Figure 10.
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The model trained with the original 3rd dropout of 0.5. The validation loss can be seen
starting to increase after dipping at around 20 epochs.

Training and validation loss

—— Training loss
—— Validation loss

A

o 200 400 600

800

1000

Figure 8: Losses versus epochs, 3rd dropout 0.5

The model trained with an increased 3rd dropout of 0.75. The validation loss can be seen

dipping, then increasing, and then coming back to the same region as the training loss.

Training and validation loss

—— Training loss
—— Validation loss

o 200 400 600

BoO

1000

Figure 9: Losses versus epochs, 3rd dropout 0.75
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The model trained with ever increased 3rd dropout of 1.0. The validation loss can now be
seen dipping and staying under the training loss.

Training and validation loss

—— Trainin g loss
—— Validation loss

A

b

o 200 400 600 800 1000

Figure 10: Losses versus epochs, 3rd dropout 1.0

These were only 1 example of the optimizations that were made to the model architecture,
however, the goal is the same: prevent overfitting and keep the conclusive learning rate of the
model high enough, that the time for training is manageable. One other way that was tried
was first doing 10% of the epochs with the original learning rate and then reducing it from
0.001 to 0.0005. this worked for the FR1 models and allowed for faster training with fewer
total epochs needed. Only stopping the training early without other modifications resulted
model being trained within around 20 to 30 epochs, however, the performance of the model
was significantly reduced.

4 Results

The models are divided into 2 categories, one has as its input, the full CIR, and the other
with only PDP. This removes the need for direction information and the needed input data
halves.

4.1 FRI1 models

First, the models with full CIR data, that contains reception power as well as information
about the angle, in which it was received. (in polar coordinates).

4.1.1 CIR as input models

Original datasets for these models have CIR length (number of samples) of 256(FR1) and the
models are created with first full length CIR and then halving it for the subsequent models.
This has a dramatic effect on the amount of trainable parameters, and consequently the size of
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the stored weights of the model. The accuracy of the model is pretty consistent, the full and
half CIR samples perform closely to one other, however, the 64 and 32 sample models are
not far behind, reducing the samples to only 16 causes the accuracy to decrease significantly.

confidence %

[dataset/WLI_3_1009 InF_DH422 FR1 drop80000], multiple (test) data

101
08 1
06 -
041
02
(test) CIR (256), (90% acc = 7.418 (m))
(test) CIR, (128), {90% acc = 7.431 (m})
—— (test) CIR (64), (90% acc = 8.332 {m))
ool —— (test) CIR (32), (90% acc = 8.998 (m))
' —— (test) CIR (L6}, (90% acc = 14.843 (m})
0.0 25 50 75 10.0 125 15.0 175 0.0

distance {m)

Figure 11: Model results with 256 to 16 FR1 CIR samples
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First model, trained with full FR1 (256) CIR samples. By chance, the testing dataset results
are even better than the training dataset. The model is maybe not complex enough, as the

accuracy is still not as good as it supposedly would be compared to the simpler input data
with PDP models.

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 256, params: 542090

10 —— test data
train data By — -

testing_dataset (90%) = 7.367832 (m)

08 training_dataset (90%) = 7.429935 (m)

06

confidence %
e

0.4 / .I

.".
02 /

0.0

0.0 25 5.0 75 10.0 125 150 175 20,0
distance {m)

Figure 12: Model results with 256 FR1 CIR samples

Second model, trained with half FR1 (128) CIR samples, accuracy is similar to full FR1 CIR.
This would confirm that the model is not complex enough. This and the 256 FR1 CIR sample

model did not see noticeable improvement even after extending the training with additional
1000 epochs.
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confidence %

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 128, params: 312714

—— test data
train data

testing_dataset (90%) = 7.560830 (m)
training_dataset (90%) = 7.361457 (m)

0.0

25 5.0

75

100 125 150
distance {m)

175

Figure 13: Model results with 128 FR1 CIR samples
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Third model, trained with quarter FR1 (64) CIR samples, accuracy has decreased by ~1 (m)
compared to full and half FR1 CIR. This and the following FR1 CIR models did not receive
further re-training, as the previous models showed only marginal improvement.

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 64, params: 198026

— test data
10 train data /._--——“‘_'_—_ — —
¥ j testing_dataset (90%) = 8.535769 (m)
08 training_dataset (90%) = 8.459284 (m)
0.6
F
I
g
5
]
B
1
2
04
0.2
00 ="
0.0 25 5.0 75 10.0 125 150 175 20,0

distance {m)

Figure 14: Model results with 64 FR1CIR samples

Fourth model, trained with 1/8 FR1 (32) CIR samples, accuracy has decreased by ~1.5 (m)
compared to full and half FR1 CIR. The only improvement is the drop in needed space as
trainable parameters are getting fewer.
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[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 32, params: 132490

—— test data
train data

testing_dataset (90%) = 9.070912 (m)
training_dataset (90%) = 8.760507 (m)

0.0

25 50 75 100 125 150 175
distance {m)

Figure 15: Model results with 32 FR1 CIR samples
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Fifth model, trained with 1/16 FR1 (16) CIR samples, accuracy has decreased to around half
compared to full and half FR1 CIR. This model is only a stretch of what can be extracted
for a really limited amount of data. With the more optimal model, as will be seen in the PDP
part, this is enough for really impressive results.

[dataset/WLI_3_1009_InF_DH422_FR1_drop&0000], cir: 16, params: 99722

—— test data
10 train data
testing_dataset (90%)="14 843351 (m)
08 training_dataset (30%) = 15.009934 (m)
0.6
£
o
&
b
=
£
o
=
0.4
02
00—
0o 25 50 75 100 175 150 175 0.0

distance {m)

Figure 16: Model results with 16 FR1 CIR samples
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4.1.2 PDP as input models

The original dataset for these models is the same as in the other FR1 models. The PDP is
extracted from the CIR by taking the absolute value of the CIR vector. As can be seen in the
Figurel7, This model is much better-balanced complexity vice, compared to the full CIR as
input.

[dataset/WLI_3_1009 InF_DH422 FR1 drop80000], multiple (test) data

confidence %

— (test) PDP (256), (90% acc = 1.625 {m))
(test) PDP (128), (90% acc = 1.542 (m))
— (test) PDP (64}, {90% acc = 1.687 (m}}
— (test) PDP (32}, {90% acc = 1.505 (m)}
(test) POP (16}, (90% acc = 2.002 (m))
— (test) PDP (8), (30% acc = 3.714 {m))

0.0 25 50 75 10.0 125 15.0 175 0.0
distance (m)

Figure 17: Model results with 256 to 8 FR1 PDP samples

First model, trained with full FR1 (256) PDP samples. Overfitting mitigations were really

effective and model is capable of high accuracy. Compared to the full CIR model, trainable
parameters increased by 4 times.
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[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 256, params: 4274730

testing_dataset (90%) = 1.625134 (m)
training_dataset (90%) = 1.632330 (m)

confidence %

—— test data
train data

175 0.0

00
125 150

50 75 100
distance {m)

00 25

Figure 18: Model results with 256 FR1 PDP samples

Second model, trained with half FR1 (128) PDP samples. Performance is better than the full
sample model, now with only half the input data, and half of the trainable parameters.

[dataset/WLI_3 1009 InF_DH422 FR1 drop80000], cir: 128, params: 2177578

10
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Figure 19: Model results with 128 FR1 PDP samples

Third model, trained with quarter FR1 (64) PDP samples. Performance is on par with the
full sample model, and supersedes all full FR1 CIR models, with around 2x the number of



trainable parameters as the largest FR1 CIR model.

confidence %

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 64, params: 1129002

— test data
train data
testing_dataset (90%) = 1.687493 (m)
training_dataset (90%) = 1.711898 (m)
T T T T T T T
0o 25 5.0 75 10.0 125 150 175 200
distance (m)

Figure 20: Model results with 64 FR1 PDP samples
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Third model, trained with 1/8 FR1 (32) PDP samples. Performance is the best of the FR1
PDP models. The model has slightly more trainable parameters than the largest FR1 CIR

model.

confidence %

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 32, params: 604714

testing_dataset (90%) = 1.504809 (m)
training_dataset (20%) = 1.547874 (m)

— test data

train data

0.0

25 50 75 100 125 150 175
distance {m)

20.0

Figure 21: Model results with 32 FR1 PDP samples
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Fourth model, trained with 1/16 FR1 PDP samples. Performance starts to decrease from
here on, still superseding all the FR1 CIR models.

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 16, params: 342570

—— test data

train dati/—_._

testing_dataset (90%) = 2.001649 (m)
08 training_dataset (90%) = 2.000592 (m)

o |

confidence %

0.4

0z

—

0.0

00 25 50 75 100 125 150 175 200
distance {m)

Figure 22: Model results with 16 FR1 PDP samples

Fifth model, trained with 1/32 FR1 PDP samples. This was done just to test what are the

limits however, it again ended up outperforming the FR1 CIR models. Comparably this
model has a bit more parameters than the 64 CIR model.

[dataset/WLI_3_1009_InF_DH422_FR1_drop80000], cir: 8, params: 211498

—— test data
10 train data e
testing_dataset (90%) = 3.714428 (m)
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Figure 23: Model results with 8 FR1 PDP samples
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4.2 FR2 models

First, the models with full CIR data, that contains reception power as well as information
about the angle, in which it was received. (in polar coordinates).

4.2.1 CIR as input models

Original datasets for these models have CIR length of 512(FR2) and the models are created
with first full length CIR and then halving it for the subsequent models. Accuracy stays
pretty consistent with 128 and over CIR samples. Reducing the samples even further causes
the accuracy to deteriorate significantly. Overfitting was a huge problem with these FR2
models, and the third dropout needed to be increased substantially to get the models to the
shape they are now. This did cause the models to be not as accurate as the PDP models
however, this was necessary to retain the generalization ability.

[dataset/WLI_3_1012_InF_DH422_FRZ_drop80000], multiple (test) data
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0.0 — (test) CIR (64}, (90% acc = 3.448 (m))
) [test) CIR {32), (90% acc = 13.822 (m))
0 2 1 B B 10

distance {m)

Figure 24: Model results with 512 to 32 FR2 CIR samples



30

First model, trained with full FR2 (512) CIR samples. Much improved accuracy compared
to FR1. However, it still lacks behind even FR1 PDP models. The model is not well opti-
mized for the data, as huge problems with overfitting would tell the model to be too complex
however, at the same time, the model was outperformed with a more complex PDP model

with much less input data.

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir: 512, params: 1000842
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10 traindata | _——"_
p
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Figure 25: Model results with 512 FR2 CIR samples
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Second model, trained with half FR2 (256) CIR samples. Accuracy is similar to full FR2
CIR

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir- 256, params: 542090

—— test data
train data

10

testing_dataset (90%) = 2.231698 (m)
training_dataset (90%) = 2.281041 (m)

confidence %

00 25 50 75 100 125 150 175
distance {m)

20.0

Figure 26: Model results with 256 FR2CIR samples
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Third model, trained with quarter FR2 (128) CIR samples. Accuracy is similar to full / half
FR2 CIR

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir- 128, params: 312714

—— test data
10

train data

testing_dataset (90%) = 2.513482 (m)
training_dataset (90%) = 2.510597 (m)

confidence %

00 25 50 75 100 125 150 175
distance {m)

20.0

Figure 27: Model results with 128 FR2CIR samples
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Fourth model, trained with 1/8 FR2 (64) CIR samples. Accuracy has decreased by ~1.5 (m)
compared to full, half and quarter FR2 CIR

[datasetyWLlI_3 1012 InF_DH422 FR2_dropB80000Q], cir: 64, params: 198026

—— test data
10 A

train data

testing_dataset (90%)

= 3.447885 (m)
training_dataset (30%) = 3

3.377606 (m)

confidence %

0.0 25 50 75 100 125 150 175
distance (m)

Figure 28: Model results with 64 FR2 CIR samples
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Fifth model, trained with 1/16 FR2 (32) CIR samples. Accuracy has decreased dramatically
by around an order of magnitude compared to all previous FR2 CIR models.

[datasetyWLl_3 1012 InF_DH422 FR2_dropB80000Q], cir: 32, params: 132490

—— test data
10 A

train data

13.821819 (m)
13.798866 (m)

confidence %

0.0 25 50 75 100 125 150 175
distance (m)

Figure 29: Model results with 32 FR2 CIR samples
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4.2.2 PDP as input models

The original dataset for these models is the same as in the other FR2 models. The PDP is
extracted from the CIR by taking the absolute value of the CIR vector. Accuracy stays very
similar until samples are reduced under 64. With the FR2 samples overfitting becomes sig-
nificantly more noticeable compared to FR1 samples. Compared to CIR models, overfitting
could not be fully mitigated, and it will show on the individual graphs clearly.

[dataset/WLI_3 1012 InF_DH422 FR2_drop80000], multiple (test) data

confidence %
(=]
[=2]

(=]
=

02

= (test) PDP (512), (90% acc = 1516 {m))
(test) PDP (256€), (90% acc = L.17% (m))
— (test) PDP (128), (90% acc = 0.967 (m))
— (test) PDP (64}, (90% acc = 1.198 (m))
(test) PDP (32), (90% acc = 3.094 (m))
— (test) PDP (1&), (90% acc = 4 B03 (m))

00 25 5.0 15 10|.O 125 15.0 175 2000
distance {m)

Figure 30: Model results with 512 to 16 FR1 PDP samples
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First model, trained with full FR2 (512) CIR samples. The model can be seen performing

better with the training dataset compared to the testing dataset. Overall the performance is
still really good.

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir: 512, params: 8469034

—— test data
train data
testing_dataset (90%) = 1.516094 (m)
training_dataset (90%) = 0.793208 (m)
&
b
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=
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2
0o 25 50 75 100 125 150 175 0.0

distance {m)

Figure 31: Model results with 512 FR2 PDP samples

Second model, trained with half FR2 (256) CIR samples. Accuracy is bit better than full
FR2 CIR. This is most likely due to the reduction in input data fitting better to the model.

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir: 256, params: 4274730

testing_dataset (90%) = 1.178976 (m)
training_dataset (90%) = 0.611417 (m)

confidence %

— test data
train data

0.0

0.0 25 5.0 75 10.0 125 150 1?‘.5 20,0
distance {m)

Figure 32: Model results with 256 FR2 PDP samples
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Third model, trained with quarter FR2 (128) CIR samples. Accuracy is similar to full/half
FR2 CIR. This seems to be the sweet spot for the amount of input data for this particular
architecture and the amount of training data.

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir: 128, params: 2177578

testing_dataset (90%) = 0.966539 (m)

08 training_dataset (90%) = 0.602851 (m)

0.6

confidence %

0.4

0.2

| —— test data

ALl train data

0.0 25 5.0 75 10.0 125 150 175 20,0
distance {m)

Figure 33: Model results with 128 FR2 PDP samples

Fourth model, trained with 1/8 FR2 (64) PDP samples. Accuracy is close to half and
quarterFR2 PDP models. Accuracy is better than with full samples, reducing the needed
overall parameter count.
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[dataset/WLI_3_1012_InF_DH422_FR2_drop80000], cir: 64, params: 1129002
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Figure 34: Model results with 64 FR2 PDP samples

Fifth model, trained with 1/16 FR2 (32) PDP samples. Accuracy is starting to decrease
drastically compared to previous FR2 PDP models.

[dataset/WLI_3_1012_InF_DH422_FR2_drop80000I, cir: 32, params: 604714

— test data

10 train data e =

testing_dataset (90%) = 3.094468 (m)
training_dataset (90%) = 2.075508 (m)

confidence %

0o 25 5.0 75 lOI.ﬂ 125 150 175 200
distance {m)

Figure 35: Model results with 32 FR2 PDP samples

Sixth model, trained with 1/32 FR2 (16) PDP samples. Accuracy keeps getting worse.
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Figure 36: Model results with 16 FR2 PDP samples
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4.3 Insights of the Results

On all of the test results, the test dataset is used to specify the worst (real) case performance
of the model, even when measures were taken to minimize overfitting.

4.3.1 Impact of different measurements as input models

The models with input of PDP performed much better compared to the full CIR models. This
is most likely due to the model not being complex or deep enough to store all the information.
This might also be caused by not enough training and or variety of training data.

[dataset/WLI_3_1009_InF_DH422_FR1_drop&0000], multiple (test) data

confidence %

= (test) PDP (32}, {90% acc = 1.505 (m))
(test) CIR {128), {90% acc = 7.359 (m))

0.0 25 50 75 10.0 125 150 175 0.0
distance {m)

Figure 37: Model results with best performing FR1 CIR and PDP implementations.

4.3.2 Full CIR as input models

For the full CIR models, the ones with FR2 CIR models performed much better compared to
the FR1 models. This is due to the FR2 having more samples available, and the resolution of
the FR2 samples is higher.



41

[datasets: FR1_1009 and FR2_1012], multiple (test) data

confidence %

— (test) CIR {512}, (90% acc = 2.184 (m))
(test) CIR {128), (90% acc = 7.359 (m))

0.0 25 50 75 10.0 125 15.0 175 200
distance (m)

Figure 38: Model results with best performing FR1 and FR2 CIR implementations.

4.3.3 PDP as input models

The PDP models have smaller search window and smaller steps on the feature extraction
layers, which leads to more parameters and larger models. These PDP models perform best
with 32 samples and deliver better results than even a full FR2 CIR model.

Models with reduced sample needs are a bit larger so running them takes a bit more compu-
tation power and time. The time required to gather and send more samples can lead to that
being overall slower than the bit larger model with less required sample data.

4.4 Conclusions and Future Work

The model results suggested that models using only PDP instead of full CIR performed
substantially better compared to the complexity difference of the models, amount of training,
and needed input data.

Future studies can be done considering the performance of cross-trained models or smart
model switching for different environments, which is a substantial challenge in indoor posi-
tioning in real-world situations, and a potential candidate for achieving performance require-
ments for the future 3GPP releases.
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