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MIMO-Based Indoor Localisation With Hybrid
Neural Networks: Leveraging Synthetic
Images From Tidy Data for Enhanced
Deep Learning

Manuel Castillo-Cara”, Jesus Martinez-Gomez
Raul Garcia-Castro

Abstract—Indoor localization determines an object’s position
within enclosed spaces, with applications in navigation, asset track-
ing, robotics, and context-aware computing. Technologies range
from WiFi and Bluetooth to advanced systems like Massive Multi-
ple Input-Multiple Output (MIMO). MIMO, initially designed to
enhance wireless communication, is now key in indoor positioning
due to its spatial diversity and multipath propagation. This study
integrates MIMO-based indoor localization with Hybrid Neural
Networks (HyNN), converting structured datasets into synthetic
images using TINTO. This research marks the first application
of HyNNs using synthetic images for MIMO-based indoor local-
ization. Our key contributions include: (i) adapting TINTO for
regression problems; (ii) using synthetic images as input data for
our model; (iii) designing a novel HyNN with a Convolutional
Neural Network branch for synthetic images and an MultiLayer
Percetron branch for tidy data; and (iv) demonstrating improved
results and metrics compared to prior literature. These advance-
ments highlight the potential of HyNNs in enhancing the accuracy
and efficiency of indoor localization systems.

Index Terms—Massive MIMO, deep learning, hybrid neural
network, synthetic images, positioning, indoor localisation.

I. INTRODUCTION

NDOOR localization involves determining the position of
an object or device within an enclosed area using sensors
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and various technological methods [1], [2]. This field has sig-
nificant applications in navigation, asset tracking, robotics, and
context-aware computing [3], [4], [5]. Wireless technologies
used in localization systems include WiFi, Bluetooth Low En-
ergy (BLE) [1], [6], Zigbee, Radio Frequency Identification
Device (RFID) [5], Massive Multiple Input - Multiple Output
(MIMO) [7], [8], and Ultra WideBand (UWB) [3], [9]. The
choice of technology depends on factors like complexity, ac-
curacy, and environment [4], [10].

MIMO-based indoor localization integrates wireless commu-
nication with localization techniques to accurately determine
positions in indoor environments [11]. MIMO leverages spatial
diversity and multipath propagation to capture detailed environ-
mental data, improving localization accuracy with low complex-
ity and reduced costs by utilizing existing infrastructure [12],
[13], [14]. Localization algorithms typically use Channel State
Information (CSI) or Received Signal Strength Indicator (RSSI)
from MIMO systems to gather details about the propagation en-
vironment [8], [14]. Recent studies have applied neural networks
to enhance the accuracy of MIMO-based indoor localization [7].

Recent advances in transforming tidy data into synthetic im-
ages enable Convolutional Neural Networks (CNNs) to leverage
feature sequences, as in speech and imaging applications [15],
[16], [17]. However, tidy data typically lacks inherent spatial
relationships among features, making it less compatible for CNN
modelling [18], [19].

To address these issues, researchers have developed innova-
tive methods to map features to specific pixel positions within
images to ensure related features are proximate [19], [20], [21].
Historically focused on CNNs alone —limiting exploration of
integrated architectures— these transformations show significant
promise for deep learning [22], [23]. Hybrid Neural Networks
(HyNNs), combining the strengths of CNNs and MLPs, provide
acompelling alternative to overcome these limitations. By lever-
aging the complementary capabilities of CNNs for synthetic
images and MLPs for tidy data, HyNNs offer improved learning
and generalization in complex scenarios [17], [22], [23].

This article contributes to advancing the research field by
demonstrating the potential of such hybrid architectures applied
to indoor localization, offering insights into their advantages and
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showcasing improvements over prior methods in the domain [1],
[24]. These hybrid architectures are particularly suitable for
addressing the unique challenges posed by MIMO-based indoor
localization, as discussed below.

In the context of MIMO-based indoor localization, the high di-
mensionality and complexity of the data pose unique challenges
due to spatial and temporal variability [8], [25]. Traditional
methods may not be able to handle this complexity effectively.
Transforming tidy data into synthetic images for use in HyNNs
addresses these challenges by capturing spatial relationships
and variability in the data critical for accurate localization [1],
[17]. This approach takes advantage of the strengths of CNNs
in processing image data and MLPs in processing structured
data, providing a robust solution to the specific requirements of
MIMO-based indoor localization.

In this paper, we integrate HyNN architectures with MIMO-
based indoor localization by creating synthetic images from tidy
data using the TINTO tool [15]. Our approach demonstrates
improved metrics and model training generalization. Notably,
this is the first application of HyNNs with synthetic images
for MIMO-based indoor localization with potential for broader
applications. Our key contributions are:

® The adaptation and use of the TINTO tool to transform tidy
data into synthetic images tailored for standard regression
problems.

e The use of synthetic images generated by TINTO as in-
put data for our learning model, supporting MIMO-based
indoor localization.

® The HyNN architecture combines a CNN branch for syn-
thetic images with an MLP branch for tidy data, enhancing
learning and generalisation.

® The enhancement of results and metrics from the original
paper [7] and classical ML algorithms through the appli-
cation of HyNN, fed by synthetic images from TINTO.

The remainder of this paper is organised as follows. Sec-
tion II reviews recent literature of this research. Section III
describes the experimental setup. Section IV details the TINTO
algorithm and the generation of synthetic images. Section V
outlines the learning process, including ML algorithms, HyNN,
and complexity. Section VI presents and compares the findings
from ML approaches and HyNN. Finally, Section VII provides
conclusions and future research directions.

II. RELATED WORK

This section presents a key literature analysis to support the
enhancement and comprehension of the proposed solution.

A. MIMO Indoor Localisation

The development of MIMO systems has significantly ad-
vanced user localization by leveraging multipath information
embedded in CSI measurements. While traditional methods re-
lied on triangulation using distance and angle calculations [26],
deep learning now enables direct localization from channel
measurements, simplifying the process [26]. Han et al. [13]
further enhanced RSS-based localization by introducing Recon-
figurable Intelligent Surfaces (RIS) to optimize reflected signals,

achieving notable accuracy improvements through phase shift
optimization.

MIMO technology holds great promise for indoor localiza-
tion, capable of achieving high accuracy with relatively low com-
plexity. Various wireless-based localization systems highlight
the importance of fingerprinting methods [12]. Our proposal is
motivated by the latest advances in deep learning applied to
high-precision indoor wireless localization.

In [7], De Bast et al. used a massive MIMO dataset with over
250,000 CSI measurements to develop a 1D-CNN achieving
centimeter-level accuracy with a mean error (ME) below 6 cm
in a 2.5 m x 2.5 m area using 64 antennas. We consider this
method [7] our reference and use the same dataset [25] for all
our tests.

Finally, Tian et al. [27] evaluate a deep learning pipeline
composed of two parallel Fully Connected Neural Networks
(FCNN), achieving millimetre accuracy in tracking a robot’s
position. Gong et al. [28] study MIMO fingerprint positioning
in a non-LoS scenario, showing 93% reliability at one-meter ac-
curacy. Widmaier et al. [14] demonstrate neural network-based
indoor localization using raw CSI data, achieving a precision of
23 cm in an 80 m? area in LoS conditions.

B. Tidy Data Into Synthetic Image Transformation

Currently, researchers are investigating methods to con-
vert tidy data [23] into synthetic images suitable for feeding
two-dimensional CNNs. These approaches include: (i) feature
permutation techniques like IGTD [16], [17]; (ii) visual repre-
sentation methods such as BarGraph, DistanceMatrix, Combi-
nation [21], and SuperTML [29], [30]; and (iii) reduced feature
representation techniques like Deeplnsight [20], TINTO [1],
[15], and REFINED [19].

BarGraph, DistanceMatrix, and Combination [21] depict nor-
malized characteristics and their relationships, but lack spa-
tial distribution awareness —a key advantage of CNNs. Su-
perTML [29], [30], inspired by NLP-based Super Characters,
encodes data in 1-channel images but struggles with small value
fluctuations and spatial variability.

IGTD [16], [17] optimizes pixel arrangements to minimize
discrepancies between feature distances and pixel distances,
considering spatial distribution. While effective, its performance
depends heavily on hyperparameter tuning and produces 1-
channel images. In contrast, REFINED [19] computes the fea-
ture distance matrix and applies the MDS algorithm to generate
a preliminary feature map, followed by Bayesian fitting to
compress the image and assign features to pixels. This produces
spatially aware 3-channel images.

Finally, DeeplInsight [20] applies dimensionality reduction
algorithms (DRA) (e.g., -SNE, PCA) to generate 1-channel syn-
thetic images, while TINTO [1], [15], implemented in Python,
extends it with formal specifications and a blurring technique to
improve the results.

C. Synthetic Images for MIMO Localization

Recent studies highlight the transformation of tidy data [23]
into synthetic images to improve learning via CNNs. This
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transformation also facilitates the implementation of HyNNs
that can handle different data types, since CNNs process images
and MLPs manage tidy data. Basic models like SuperTML [29],
[30], BarGraph, DistanceMatrix, and Combination [21] do not
fully account for the spatial distribution of features. In addi-
tion, previous research has largely focused on applying these
techniques exclusively with CNNs [22], resulting in incremen-
tal advances. In contrast, our study introduces a novel HyNN
architecture that significantly improves CNN performance and
rivals state-of-the-art models through improved generalization
and robustness.

MIMO data’s high dimensionality and spatial-temporal vari-
ability challenge traditional methods. Transforming tidy data
into synthetic images with HyNN’s captures spatial relationships
critical for accurate localization. More sophisticated models
like IGTD [16], [17], REFINED [19], Deeplnsight [20], and
TINTO [1], [15] capture spatial distribution more effectively.
These methodologies are primarily applied to classification
problems, with CNNs learning from the generated images. Their
potential in regression tasks or with HyNNs remains unexplored.

To address this, we adapted TINTO to create synthetic images
tailored for HyNN integration with tidy data. Our HyNN features
a CNN branch for images and an MLP branch for tidy data,
converging to output a continuous numerical value, paving the
way for ML regression tasks. This research marks the first
application of HyNNs using synthetic images from tidy data. It
demonstrates significant potential in refining model learning and
generalization for MIMO-based indoor localization, enhancing
the outcomes of the original research [7]. This work does not
employ further data preprocessing techniques, achieving robust
results from the original data.

III. BACKGROUND: TOOLS, SCENARIO, METRICS AND
GUIDELINES

The section outlines the principal tools, dataset, indoor sce-
nario, metrics and guidelines used in the study.

A. Tools: Hardware and Software

For training, we deployed the HyNN using TINTO-generated
synthetic images and conducted quality metric assessments on
the high-performance supercomputer GALGO at the Albacete
Research Institute of Informatics (I* A) within the Universidad
de Castilla-La Mancha (UCLM). The training process utilised
two computing nodes, each equipped with 2 Intel Xeon Platinum
8452Y 2.00 GHz processors, providing a total of 72 cores (36
cores per processor). Each node is also supported by 1.5TB of
RAM and 2 NVIDIA L40 graphic cards, each with 48GB of
RAM.

The implementation was done in Python. For the HyNN
design, we primarily used the PyTorch and TensorFlow and,
for the ML algorithms, we used Scikit-Learn. In addition, we
used the TINTOIib, which we developed, to transform tidy data
into synthetic images [15], [31].
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Fig. 1. The three measurement scenarios. The antennas are spaced around the
users using a scenario specific topology. The users are positioned inside the green
areas. All measurements on the Figure are in mm. (Figure taken from [25]).

B. MIMO Indoor Scenario

The ultra-dense indoor Massive MIMO CSI dataset includes
numerous samples of CSI, collected via the 64-antenna KU Leu-
ven Massive MIMO testbed (see Fig. 1) [7], [25]. Additionally,
the base station of the testbed was constructed with considerable
adaptability in regards to the antenna array’s deployment. As a
result, three distinct data sets were generated, each featuring a
distinctive antenna deployment. Initially, a 8 by 8 Uniform Rect-
angular Array (URA) was situated utilising a metal blocker in
Line-of-Sight (LoS) condition (see URA distribution in Fig. 1).
Subsequently, a Uniform Linear Array (ULA) consisting of 64
antennas was installed in a single line (see ULA distribution in
Fig. 1). Finally, the antennas were distributed across the room
in sets of eight, creating the distributed (DIS) scenario (see DIS
distribution in Fig. 1). The ULA scenario is selected for the
optimisation of the HyNN architecture and parameters due to
their relevance in the conclusions and because they are the most
accurate (as referenced in Section V).

The physical features of the environment consist of anten-
nas located at a distance of 1 metre from the XY-tables. In
the illustration, yellow rectangles indicate the areas measuring
[1.25 x 1.25] m where users can be moved by the XY-tables.
The spacing between the XY-tables is determined by the space
required for the motors that power the movements and the
cables that connect them to the controllers. The tables were
synchronised via Ethernet with the base station to guarantee
that the sampled H obtained a precise spatial label, creating a
remarkably reliable dataset. Throughout the measurements, the
base station was arranged to operate at a centre frequency of
2.61 GHz, which results in a wavelength A of 114.56 mm. The
system incorporated a bandwidth of 20 MHz.
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TABLE I
A SAMPLE EXAMPLE OF THE FINAL FORMAT OF THE DATASET IN TIDY DATA

A1C1-m  AlICl-¢ Al1C2-m AlC2-¢ PosX  PosY
0.276 0.6350 0.2938 0.6248 .. 302 2395
0.561 -2.410 0.557 -2.44 e 722 3984
0.126 0.588 0.138 0.501 -892 3994
0.150 -1.999 0.143 -1.961 -1217 1225

A is the antenna, C is the carrier, m is the modulus, ¢ is the phase, PosX is the X-position and PosY
is the Y-position.

C. MIMO Localisation Dataset

The user’s channel is gathered via CNC-tables, thereby gen-
erating a dataset with highly precise spatial labelling for all
samples [25]. In this process, the user’s position is systemat-
ically moved over a nine-square metre area, and halted every
five millimetres, eventually yielding 252,004 samples for each
topology that was measured. The base station is outfitted with
64 antennas, each receiving a predefined pilot signal from all
positions. Using pilot signals, the CSI is estimated for 100
carriers evenly spaced in frequency over a 20 MHz bandwidth.
Consequently, at one location, the complex number matrix H
represents the CSI measured. The matrix comprises N rows and
K columns, where N represents the number of base stations
antennas and K represents the number of carriers. Thus, the
measured CSI can be denoted with the matrix H € CN*¥ [7].

The complete datasets were utilised for this experiment and
analysed for antenna quantities of 8, 16, 32, and 64, as demon-
strated in [7]. It is imperative to mention that the datasets are
extensive, comprising 100 carriers per 64 antennas, alongside
252,004 samples. Consequently, a dataset matrix of [6400 x
252,004] was initially generated. The datasets includes two
target values that indicate the X- and Y-position, respectively.
Hence, two distinct models; one for predicting the position in X
and the other for predicting the position in Y, are formulated. No-
tably, the targets under consideration are continuous numerical
values (regression problem).

D. Dataset Preprocessing

As said before, the experiment used a maximum of 64 an-
tennas with 100 carriers each. Consequently, a numpy array
of [64 x 100] was produced for each position, containing the
CSI obtained for that particular position. The array consists of
values with an imaginary number. To store complex numbers
internally, rectangular or cartesian coordinates were used. A
complex number z is determined entirely by its real part z.real
and its imaginary part z.2mag, e.g, (1.36 + 1.027). Thus, polar
coordinates use imaginary numbers to transform to radians,
specifically modulus and angle.

Therefore, m is saved in its corresponding index within the
AntennalCarrierl-m array, while ¢ is saved in the cor-
responding index of the AntennalCarrierl-¢ array. To
illustrate, Table I displays the final data format in a clear and con-
cise manner, with the final two columns indicating the predicted
values, namely, the X- and Y-positions. Note that in addition to
the 64 antennas and 100 carriers per antenna discussed earlier,

we have m and ¢ for each carrier. For instance, with 64 antennas,
there would be 64 (antennas) - 100 (carriers) - 2 (m) and (¢) =
12, 800 features. Following this, for 64 antennas, the number of
samples would not change, leading to a dataset matrix sized at
[12,800 x 252,004]. Note that this work does not employ any
further data preprocessing techniques, such as feature selection
or data preprocessing, to achieve the robust results obtained from
the original data.

E. Evaluation Metrics

The target values of the dataset are given for the X- and
Y-position as two independent variables that are continuous
numerical, i.e., we have a classical regression problem. Further-
more, we have to create two models, one to predict the X-position
and the other to predict the Y-position. Hence, the metrics for
any regression problem are used, i.e., R?, Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE).

Moreover, for comparative purposes with the results reported
in [7], we analyse the Mean Error (ME) on the validation and
test split as a function of the number of antennas used for the
scenarios [7], [25].

Distance ME (in mm) is calculated as follows:

ME(mm) = E{|p — p[}
Wavelength ME (in 1) is calculated as follows:

ME()\.) — E{|p B p‘}
A
where

e pis the measured position (X, Y") for the user.

e p the estimated position (X, Y") for the model.

® ) giving a wavelength of 114.56 mm.

The results are shown in absolute accuracy, using the millime-
tre as the unit, and in relative accuracy, using one wavelength X
as the unit. This allows one to compare the results independently
from the used carrier frequency.

F. Assessment Criteria

Drawing from existing literature, this study explores the use
of MIMO-based indoor localization. It is crucial to note that
TINTO requires data to be in numerical and tabular format [23]
for the conversion of tidy data into synthetic images [1], [15].
The performance of models with 8, 16, 32, and 64 antennas
have been analysed, consistent with the original work [7], [25].
In a similar vein, we have acquired a data matrix of [12,800 x
252,004] by considering 100 carriers for each antenna, along
with their respective modulus and angles. Furthermore, we
have developed two HyNNs to evaluate the X- and Y-positions,
respectively. For this purpose, we employed the TINTO method
using the TINTOIib python library [31]. TINTO allows the
utilisation of HyNNs, which are shown to enhance learning and
enable the use of synthetic images in ML regression problems,
as supported by this paper.

In this context, Fig. 2 illustrates the methodology applied
in this experiment. Firstly, we carry out an extensive analysis
of the entire experiment, which includes the MIMO scenario
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Analysis of the experiment

i[  Experimental MIMO |
. area
|

TABLE II
TINTO PARAMETERS AVAILABLE IN THE TINTOLIB LIBRARY AND THE
VALUES USED IN THIS EXPERIMENT

Al | |[ Data dimensionality J[ Centre of mass and ]l
H Dataset
)
— ;|

| reduction demilitation |
Indoor
Positioning

Scaling and Characteristic |
positioning

pixel positions
Blurring
technique

Fig. 2.

Overall schema proposal.

and the dataset (illustrated in blocks labelled “Analysis of the
experiment”). The previous preprocessing of the dataset is es-
sential to enable proper handling by the regression algorithms
and its conversion into synthetic images using TINTO. The
“TINTO: Tidy data into image transformation” block, accepts
the preprocessed datasets as input and produces a synthetic
image for each sample within the dataset (detailed in Section IV).
During the modelling phase, found in the “MIMO localisation
model” block, the HyNN, which is the primary addition along-
side TINTO, as well as the regression algorithms serving as
baseline results, are assessed. The HyNN is provided with two
inputs, specifically (i) the dataset in tidy data format [23]; and (ii)
the synthetic images generated by TINTO [15]. Nevertheless,
the baseline algorithm only receives the dataset in tidy data
format as input. Note that this work does not employ any further
data preprocessing techniques, such as feature selection or data
preprocessing, to achieve the robust results obtained from the
original data.

IV. TINTO: TiDY DATA INTO SYNTHETIC IMAGE
TRANSFORMATION

TINTO methodically transforms datasets in tidy data format
into synthetic images using a DRA. TINTO stands out for its
unique attributes related to synthetic image creation and the
strategic placement of characteristic pixels within these images.
Users can customise these features via TINTO’s adjustable
parameters [1], [15]. This paper delves into the mathematical
and algorithmic foundations of TINTO and showcases results
derived from its synthetic images in subsequent sections.

A. TINTO Algorithm

TINTO employs a sophisticated mathematical model to con-
vert tidy data into synthetic images. The transformation process
involves mapping tidy data into a two-dimensional space defined
by the X and Y axes. This translation enables the creation
of synthetic images where characteristic pixels represent each
dataset sample, effectively encoding the data into a structured
spatial format.

The procedure consists of five primary tasks [1], [15]: (1)
DRA: For this task, a DRA was employed, with TINTO ex-
ploring the algorithm - PCA. The initial matrix is transposed,

Parameter Type value  Value Description

algorithm [PCA, pcA Dimensionality Reduction
1-SNE] Algorithm

pixels integer 35 Number of pixels in the

image [pixels x pixels]

blurring boolean True  Use of blurring

amplification  float o) Blurring amplification radius

distance integer[0,1] 0.1 Distance of blurring (%)

steps integer 4 The steps of the blurring

option [mean, mean Technique to address
max] pixel overlapping

seed integer 20 Random numbers

submatrix boolean True  Using submatrices to

perform efficiently

where each feature is denoted by a distinct colour for better
clarity, despite the resulting image being a 1-channel (B/W); (2)
Centre of mass and delimitation: Once a coordinate is obtained,
the centroid of the points is determined, followed by defining
the boundary of the area; (3) Scaling and pixel positions: The
matrix is transposed, scaled and rounded to integer values; (4)
Characteristic pixel positions: The values obtained would pro-
vide the locations of the characteristic pixels used in generating
the synthetic image pattern; and (5) Blurring technique: The
proposed methodology aims to utilise a blurring technique on
characteristic pixels in order to increase their area size.

TINTO can be described as outlined in Algorithm 1. Noted
that TINTO also involves an intricate algorithmic component, as
demonstrated in [15]. Consequently, TINTO is a potent tool for
generating synthetic images in a systematic manner using tidy
data in tidy data format. For this paper, we generated synthetic
images according to the specifications outlined in Table II. A rig-
orous mathematical formalisation of TINTO fully investigates
these aspects.

B. TINTO Mathematical Formalisation

TINTO is formally described through an intricate mathemat-
ical model, comprised of five main numerical algorithmic steps.
1) Apply the DRA to the standardised characteristics. Given
the matrix A € RN*vaN where N is the number of sam-

ples (rows) and var N is the number of features (columns).

ail AlvarN

a21 A2varN
A =

aN1 A NvarN

Transpose the matrix A to obtain A* € RV*N*N:

ai azy ani

Al =

AlvarN  A2varN ANvarN
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Algorithm 1: TINTO.

Data: algorithm, pixels, blur, amplification, distance,

steps, option, seed, times

Result: Gray-scale images

#Normalise features
X = norm01(X);
#Apply RDA

B =

RDA(X',2);

#Compute the characteristic points

P =

{pl, A 7pvarN} where Pi = (bi17 big)Vi S ’U(M“N;

#Scale and define pixel position

C =

G(X);

#Calculate characteristic pixel

Q=

Fy(Fi(pi))s

#Apply burring

Q=

Blurring(Q));

for ;. =0: N do
img = H(C,Q);
#Save image
save(img);

end

2)

Apply the DRA with PCA, to the transposed matrix A*.
The resulting matrix reduces N to 2 columns. The result-
ing matrix is B € IRV&N*2

b1 b12

DRA(A',2) = B =

bvaer bvaTN2

Calculate the centre of mass and delimit the representation
plane. Define a point p; (where i € [1, varN]) for each
row of B, where the coordinates (X, Y") are provided by
the first and second column, correspondingly.

pi = (bit, biz) = P ={p1,..., Pvarn}
Find the centre of mass pj;¢ of the points p;.

parc = (z:izN b i b>

varN varN

Calculate the distance from the farthest point to the centre
of mass dyax.

dmax = I— max Hp;) - PA?[C‘H

{i€[1,varN]}

where |||| is the norm function, [] is the ceil function, and
p~" is a vector from the coordinate origin to the point p.
Once d,,x is computed, the Cartesian plane .S containing
the points p; is calculated.
S=A{(zy):z,ycR/
T e [pMCz - dmax7p]\/ICr + dmax}y

AS [pMCy - dmax7p]\/ICy + dmax]}

3)

4)

5)

Perform a linear transformation F : S — T
Fy (%y) = (JZ — PMCz + Amax, Y —DPmMmMCy — drnax);
V(z,y) € S

When using d,.x, the square bounding the feature image
space has a size of 2dyax X 2dmax. T is defined as:

T={(z,y):z,y € R/z € [0,2 X dax],
Yy € [-2 X dmax, 0]}

Scale and define the position of the pixels. In this step, the
T matrix is scaled to obtain the pixels of the image. This
is accomplished through the application of transformation

F:T —=U.

B . pizels — 1 pizels — 1 _
Fate) = (o a2 ] | x =) )
V(x,y) €T

where pizels is the number of pixels of the resulting image
and || and | | are the absolute value and rounding functions
(solely to integer value positions), respectively.

In turn, the set U is defined as:

U={(z,y) : xz,y € N/x € [0, pizels — 1],
y € [0, pizels — 1]}

At the same time it is necessary to transform the charac-
teristic pixels p; positions of the characteristic pixels g;.

¢ = Fy(Fi(pi) = Q ={aq, ...

The values must then be scaled to obtain the gray range
[0,255] using G : RVxvarN _y pNxvarN,

Jqn}

G(A) = [[255 x a;;]] € RN*varN
_ [Cij] c RNxvarN =C

where C' € RV*va™N g the matrix containing the final
values after normalisation and scaling to [0,1], to be placed
at the corresponding positions in the characteristic pixels.
Create synthetic images using the positions of the char-
acteristic pixels ¢ and the matrix of values C' with

a linear transformation H : RN*varN s RuarNx2 _,
RN xpixelxpizel

H(C,Q)

_ J Gix,s
Wijk = 0
)

c RN xpixelsxpizels

otherwise

where, C' € RV*varN and Q € RverN>2,

Finally, blurring technique enables expansion and blurring
of the characteristic pixel value to its neighbouring pixels,
thus enriching image information. When two or more blur-
ring pixels overlap, the average value of the overlapping
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Fig. 3.

pixels is calculated according to the following formula:

intensityg

(n) DIS-16 antennas—Sample 1 (o) DIS-32 antennas—Sample 1

intensity; = ampli fication x
Yi plif X (stepsx distance)?
where intensityg is the value of the characteristic pixel;
amplification is the blurring amplification, steps are
the steps of the blurring; and distance is the distance of
blurring (in %).

C. TINTO Synthetic Images

As discussed, TINTO enables the conversion of a dataset in
tidy data format into synthetic images. This conversion allows
the use not only of CNNs but also HyNNs such as the one

(p) DIS-64 antennas—Sample 1

Synthetic image samples generated by TINTO for different samples in the ULA, URA and DIS scenarios.

designed in this experiment. The network consists of a CNN
branch that learns from generated synthetic images and an
MLP that learns from the original tidy data. The conversion
process is straightforward, with every dataset sample generating
a image. Note that, as described in Sections III-C and III-F, we
have developed two CNN+MLP models: (i) one to learn the
X-position and (ii) another to learn the Y-position. The study
involved comparing the outcomes by using metrics with 8, 16,
32, and 64 antennas.

As a result, Fig. 3 presents the TINTO synthetic images of
the aforementioned antennas. As a result, synthetic images of
the antennas were generated using TINTO. Synthetic images for
the ULA (see Fig. 3(a), (b), (c), and (d)) are created using the
blurring technique, which adds more contextual and organised
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information to the image, resulting in better numerical metrics
due to the clearly defined lines and borders, as well as a more
detailed spatial representation of the features [1], [15]. On the
other hand, Fig. 3(e), (f), (g) and (h) illustrate the appearance of
the generated synthetic images produced by TINTO for a distinct
sample from the previous ones. As depicted in Fig. 3, comparing
the synthetic images of the first and second row reveals identical
clusters, albeit with varying pixel intensity. This pixel intensity
is significant in feature extraction and spatial distribution for
CNNs.

Finally, the spatial representation of the synthetic images
generated by TINTO for the URA (see Fig. 3(i), (j), (k) and (1),
respectively) and DIS (see Fig. 3(m), (n), (o) and (p), respec-
tively) scenarios is illustrated in the last two rows of Fig 3. These
images correspond to the same sample presented in the first two
rows for ULA scenario. Notably, there is completely different
between each scenario concerning the spatial pattern drawn by
characteristic pixels and the blurring technique. This is a coher-
ent argument because even with the same number of antennas,
the numerical values in every contact sheet differ significantly.
It is worth noting that HyNN optimisation is performed on ULA
images. [tis reasonable to suggest that, given the disparity among
ULA, URA and DIS TINTO synthetic images, adjusting the
HyNN can enhance the results of these scenarios (as referenced
in Section V-D).

V. LEARNING PROCESS MODELLING

This section examines the various evaluated models and the
training process carried out in this work. First, it presents the
classical ML algorithms employed. Second, the specifications
of the HyNN, which comprises a CNN+MLP, is presented.
Additionally, the HyNN architecture is outlined. Finally, the
training phase specification is presented.

A. Regression Algorithms

For initial baseline algorithms, Supervised Learning Algo-
rithms (SLAs), particularly regression models, are advanta-
geous in addressing indoor MIMO-based localization. Hence,
for SLAs, we possess knowledge of the input parameters and
output, which are iteratively trained on the dataset. Upon com-
pleting the model training, we can make predictions and then
evaluate the model performance via comparison of predicted
values with ground truth data. As outlined in Section III-A,
several regression algorithms available in Scikit-Learn were
used in this experiment. For the purpose of comprehension
and visualisation, a subset of algorithms that obtained the
most favourable RMSE in an initial survey with ULA sce-
nario with 8 antennas: LinearRegression (LiR), De-
sionTreeRegressor (DT), KNeighborsRegressor
(KNN), BaggingRegressor (BR), AdaBoostRegres-
sor (AB), ExtraTreesRegressor (ET), Gradient-
BoostingRegressor (GBM), HistGradientBoost-
ingRegressor (HGBM) and XGBRegressor (XGB).

In addition, for the purposes of this study, the classical ML
algorithms were only evaluated on the ULA scenario, which
provided the best quantitative results, and therefore a comparison

has been made with the HyNN. Consequently, other algorithms
with worse results were discarded.

B. Hybrid Neural Network Architecture

The HyNN architecture consists of two main branches (see
Fig. 4). The first branch analyses synthetic images generated by
TINTO through a CNN, while the second branch analyses tidy
data through an MLP.

The CNN in the first branch has two convolutional sub-
branches with [16, 32, 64, 64] filters, respectively. The first
sub-branch uses a [3 x 3] kernel and max pooling of [2 X 2],
while the second sub-branch uses a [5 x 5] kernel and average
pooling of [2 x 2]. The two sub-branches are then flattened and
concatenated with a five-layer FCNN with [512,256,128,64,32]
neurons, respectively. A dropout of 0.3 is applied in the five
layers.

The MLP in the second branch has also two sub-branches with
seven hidden layers each, with [1024,512,256,128,64,32,16]
neurons, respectively. A ReLLU activation layer, a batch normal-
isation layer, and a dropout of 0.3 are applied after each layer.
The outputs of the two branches are then concatenated.

The results of the CNN and MLP are then merged, followed
by four hidden layers with [64,32,16,8] neurons, respectively. A
ReLU activation layer, a batch normalisation layer, and a dropout
of 0.3 are applied after each layer. Finally, it is followed by the
output layer with one neuron and a linear activation function to
give a continuous number value for the regression problem.

To address the two target variables in the dataset, X- and
Y-positions, two independent models were created, one for each
variable. Both models have a similar structure, which includes
two main branches: a CNN branch that learns from synthetic
images generated by TINTO, and an MLP branch that learns
from the original dataset. Each branch has two sub-branches.
The two main branches are then merged to provide stability and
generalisation to the model’s learning.

Among the various fusion techniques evaluated, we tested par-
tial concatenation strategies (within the CNN or MLP branches)
and final concatenation strategies (between the CNN and MLP
branches). The Transformer-Encoder-based concatenation con-
sistently outperformed other methods, including Early Fusion,
Weighted Fusion, and Attention-Based Mechanisms, demon-
strating significant improvements in both accuracy and general-
ization. The Transformer-Encoder’s superior performance lies
in its ability to model complex interactions between features
extracted by the CNN (spatial information) and the MLP (struc-
tured data), employing the Multihead-Attention mechanisms.
This enables the model to effectively capture both local and
global patterns, which is particularly beneficial for the MIMO
dataset.

Additionally, the hierarchical feature integration provided
by the Transformer-Encoder enhances the model’s capacity to
handle multi-scale dependencies and cross-modal relationships.
This approach led to a reduction of RMSE by an average
of 15% compared to Early Fusion, the next best-performing
method, highlighting its effectiveness for datasets requiring a
combination of spatial and structured data. Given these results,
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we recommend Transformer-Encoder-based concatenation as a
primary strategy for designing HyNNs. Despite its additional
computational overhead, the significant improvements in quan-
titative results and interpretability make it an ideal choice for
a wide range of applications. This technique enables HyNN
models to achieve superior performance, particularly in complex
datasets like MIMO.

Note that the parameters for the Transformer-Encoder, CNN
and MLP were set through empirical configuration until mean-
ingful results were achieved. The focus of this paper is to demon-
strate the effectiveness of the HyNN for the MIMO dataset,
rather than exploring the optimal search for these parameters.

C. Single-Branch Architectures: CNN & MLP

In addition to the HyNN architecture described above, we
evaluated the performance of individual models using a branch
CNN and a branch MLP. These models utilize the same archi-
tectures as the corresponding branches within the HyNN, as
illustrated in Fig. 4, with the CNN processing only synthetic
images generated by TINTO and the MLP exclusively handling
the original tidy data. The results of these CNN and MLP are
presented alongside the HyNN results to highlight the impact of
combining synthetic image-based feature extraction with tidy
data processing.

D. Training Phase Specifications

The two independent models for X- and Y-position outputs
are trained following a consistent procedure. TINTO generates

Hybrid Neural Network architecture comprises a CNN branch for the generated synthetic images from TINTO tool and an MLP branch for the tidy data.

identical synthetic images for each run, and data is partitioned
with 80% for training, 15% for validation, and 5% for testing,
using the same partitions and seed as in the original article [7].
The Adam optimizer is set with a learning rate of le-3 for
X-position and le-4 for Y-position, and MSE served as the loss
function with a batch size of 32. Early stopping is implemented
to restore weights from the epoch with the least loss if no
improvement occurred over 20 epochs. Training was capped
at 200 epochs, though models typically converged within 150
epochs. For the training of ML algorithms, the split dataset used
is the same as for the HyNN. The training is computationally and
time-consuming, with over 50 hours required in ML algorithms
and over 15 hours in HyNN, for the ULA scenario with 64
antennas.

Finally, potential improvements to the HyNN could involve
refining internal parameters, such as weight initialization, layer
configurations, or incorporating additional branches. In this
study, further optimization was not pursued since the baseline
configuration yielded satisfactory results. While the HyNN is
configured to perform optimally in the ULA scenario with
TINTO synthetic images, additional architectural and hyperpa-
rameter adjustments could lead to even more significant out-
comes in URA and DIS scenarios.

E. Computational Complexity Analysis

We analyse the complexity Big O of TINTO and the models
which n_wvar is the number of variables, /N is the total of
instances in the dataset and pizels in height and width (see
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TABLE III
ALGORITHMIC COMPLEXITIES FOR TINTO AND DEEP NEURAL
NETWORKS
Method Complexity

TINTO (PCA)  O(N x n_var? + n_var>)
TINTO (t-SNE)  O(N x n_var?)
MLP O(n_var)

CNN O(pizels?)

HyNN O(n_var + pizels?)
n_var is the number of variables, N is the total of instances in the
dataset and pixels in height and width.

Table III). The TINTO method, used for transforming tidy data
into synthetic images, has a complexity that varies with the DRA.
PCA, while more complex than +-SNE, was chosen for its better
performance and stability (less sensitive to the seed [1]) in our
experiments.

On the contrary, the complexity of each model is as follows: (i)
MLP: O(n_var), because the MLP complexity scales linearly
with the number of input features n_var, and subsequent layers
are of fixed size; (ii) CNN: O(pizels?) since the complexity
is dominated by the convolutional operations, which primarily
depend on the spatial dimensions [pizels X pixzels| of the
input image; and (iii) HyNN: O(n_var + pizels?), since it
combines an MLP (O(n_var)) and a CNN (O(pizels?)), and
the Transformer-Encoder fusion adds only a constant factor
(O(1)), the overall complexity is O(n_var + pixels?).

VI. EXPERIMENTAL RESULTS & EVALUATION

This section aims to assess the efficacy of our proposed
method using the scenarios outlined in Section ITI-C. We will
begin by confirming that our method achieves promising re-
sults and investigate the risk of overfitting. Upon successful
validation, we will proceed to compare our proposal against
state-of-the-art solutions. The section will conclude with an ex-
amination of a new research proposal, such as the one introduced
in [7], comparing its results directly with those achieved by our
approach.

A. Experiment 1.- Proposal Validation

The first experiment is designed to find out the suitability
of the HyNN for regression problems, such as those found in
MIMO-based indoor localization. We conducted this by training
the HyNN across three different scenarios within our selected
dataset, using ULA, URA and DIS configurations with 8, 16, 32,
and 64 antennas. In each scenario, we trained separate models
for the X- and Y-positions. The data was divided into training,
validation, and test sets with ratios of 85%, 10%, and 5%, respec-
tively, aligning with the methodology used by the benchmark [7]
(see Section V-D). We chose RMSE as the primary metric for
reporting results, which are detailed in Table I'V, for both X- and
Y-positions.

The analysis of these results yields several significant insights.
Initially, it is clear that the obtained results are promising, which
is further validated in subsequent experiments. This outcome
is important as it confirms our model’s effectiveness not only
with ULA —the configuration it was originally designed to work

8 antennas 16 antennas

300 — XULA Y ULA 300 — X ULA Y ULA
250 it ovoe| 250 e voe
200 MHMTaH.
100 —
50
0 TR VAL TEST 0 TR VAL TEST

300 32 antennas 300 64 antennas

— XULA Y ULA —— XULA Y ULA
250 —Xos b | 250 MY
200 200
150 150

50\_’_

TR VAL

TEST TR VAL TEST

Fig. 5. Evolution of training (TR), validation (VAL), and test (TEST) RMSE
metrics for HyNN for the ULA, URA and DIS scenarios in X- and Y-positions.

with— but also with URA and DIS scenarios, underscoring
HyNN’s ability to generalise across different scenarios. Addi-
tionally, the model scales positively with the increased complex-
ity introduced by a larger number of antennas, suggesting that
HyNN effectively integrates more data to enhance performance.
Crucially, the results suggest that HyNN mitigates the risk of
overfitting, with the best performance observed in the test split.
This phenomenon is graphically analysed in Fig. 5, where RMSE
metric evolution is presented for training, validation, and test
splits.

B. Experiment 2.- Comparison With State-of-The-Art
Solutions

Having established the promising attributes of HyNN, the
second experiment is designed to compare it against standard
solutions meeting two requirements: (i) they are extensively
used in the literature; and (ii) there are canonical implemen-
tations for easy integration and fair comparisons. We selected
a comprehensive list of methods —namely, AB, BR, DT, ET,
GMB, HGMB, KNN, LiR, and XGB- all of which are detailed
inthe Scikit-Learn Python library (as referenced in Section V-A).
Additionally, an ablation study was conducted to assess whether
HyNN outperforms individual MLP or CNN models, providing
insights into its superior performance (as referenced in Sec-
tion V-C).

Consistent with the first experiment, we maintained the same
distribution for training, validation, and testing splits (85%, 10%,
and 5%), and the same metric. However, to streamline the data
presentation, we limit our results to the testing split. We also
remove the 64-antennas configuration to conserve on presenta-
tion space and computational resources, given the large training
times associated with it. This reduction is warranted to facilitate
abroad comparison across a significant, yet manageable, number
of methods and scenarios —specifically, 18 scenarios combining
ULA/URA/DIS configurations with 8/16/32 antennas for X/Y
positioning are deemed sufficient for drawing meaningful in-
sights.
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TABLE IV
RMSE RESULTS (IN mm) FOR THE HYNN IN TRAIN/VALIDATION/TEST FOR THE ULA, URA AND DIS SCENARIOS
WITH 8, 16, 32 Y 64 ANTENNAS

Antennas  Scenario X-position Y-position
Train  Validation Test Train  Validation Test
ULA 126.86 80.39 80.75 | 215.23 148.32  147.71
8 URA 101.65 63.24 64.62 | 193.19 121.92 12243
DIS 181.79 129.32 12599 | 209.10 14426 142.84
ULA 108.71 65.69 64.96 | 205.30 129.02  131.26
16 URA 80.29 47.87 49.86 | 147.22 84.89  103.04
DIS 147.63 94.34 93.20 | 153.70 87.43 90.53
ULA 70.38 34.87 37.90 | 149.80 86.89 87.61
32 URA 71.83 40.09 41.59 | 133.02 75.14 76.50
DIS 102.45 56.51 57.24 | 116.65 61.02 60.43
ULA 47.86 21.50 21.46 94.72 46.85 47.07
64 URA 61.05 33.23 33.02 | 11492 63.63 63.22
DIS 71.83 37.76 40.14 88.32 45.11 45.35
Best results, in test split, for each number of antennas are shown in bold.
TABLE V

RMSE (IN mm) IN TEST SPLIT FOR ULA, URA AND DIS SCENARIOS FOR 8, 16, 32 AND 64 ANTENNAS COMPARING CLASSICAL REGRESSION

ALGORITHMS WITH THE HYNN

ULA URA DIS
Model  Position 8 16 32 64 8 16 32 64 8 16 32 64
AB X 75472 653.67 42989 25330 | 699.48 655.68 578.71 440.10 | 538.16 49465 38698 297.55
Y 762.68 69321  548.65  428.67 | 797.15 785.88 72026  665.38 | 599.54 569.81 47037  348.98
BR X 35599 28690 150.62  82.67 | 268.72 27896 235.17 160.81 | 256.66 206.67 16326 116.99
Y 380.36  297.54 18047  134.84 | 324.12 31413 26579 22438 | 27841 22854 17311  123.13
oT X 55526 459.19 25401 153.09 | 44343 43640 40094 268.58 | 384.11 339.87 283.65 2128
Y 58838 474.82  316.07 253.81 | 524.01 503.94 454.84 39254 | 43452  364.54 300.03  226.30
BT X 19516 17622  90.75 4072 | 14604 15539 13506  94.04 | 160.01 12347 9049 5594
Y 24877 191.82 10476  67.52 | 187.08 17327 15506 129.58 | 18246 13515 9633  60.44
GBM X 60201 49748 29622 16622 | 49871 469.22 40094 30834 | 401.04 348.88 293.80 227.00
Y 618.06 513.65 36973 30775 | 551.24 428.57 44323  433.01 | 45456 40142 34801  266.92
HGBM X 336.00 30152 197.24 11452 | 299.46 304.88 24405 19504 | 31333 260.74 21634 158.56
Y 418.18 35271  259.87 20343 | 320.65 297.25 29348 257.69 | 35746 28504 239.04 176.97
NN X 6510 3245 961  4.60 | 5481 2628 1093 579 | 10296 29.13 428  2.42
Y 151.63  80.99 2295  6.68 | 14147  69.12 2512  8.01 | 12589 3353 488  2.09
LR X 530.69 42135 305.07 14753 | 492.87 42121 352.66 259.79 | 38254 318.64 26144 186.10
Y 41897  347.85 27111  199.51 | 495.06 42430  336.04 263.69 | 43191 362.85 28947 201.11
<GB X 237.00 219.08 149.80  99.02 | 202.18 20477 18480 152.68 | 237.92 19747 16847 140.63
Y 277.84 25337  208.69 174.07 | 260.87 23404 227.18 207.67 | 27529 213.67 184.19  149.79
MLP X 9566  80.36  47.05 3479 | 98.06 6891 5037 5538 | 20200  96.63 7522  65.54
Y 23038 205.11 107.77 12036 | 178.81 14340 167.89 10090 | 16548  99.02 5876  123.00
NN X 22810 25750 359.51 18790 | 15334 163.65 16192 147.24 | 638.74 361.75 29429 229.54
Y 44117 40372 401.65 357.78 | 384.52 326.18 250.85 363.60 | 642.13 45847 531.85 431.53
HyNN X 8075 6496 3790 2146 | 64.62 4986 4159  33.02 | 12599 9320 5724  40.14
Y 14771 13126 87.61  47.07 | 12243  103.04 7650 6322 | 142.84 9053 6043 4535
Best results are shown in bold.
TABLE VI results, but this lazy method is not suitable for real-world appli-
RANKING OF METHODS USING KNN AS REFERENCE cations due to its substantial memory requirements (as it needs
Method Rank  p-value  Win Tie Loss to store each training instance). Among all the other methods,
KNN 1.08 - - - - HyNN appears to be the most promising method, as it is the only
HyNN 1.96  4.0053¢-01 22 0 2 one that outperforms KNN in two scenarios —-URA and ULA
MLP 3.25 7.4746e-02 24 0 0 . e
ET 371 3.5005e-02 24 0 0 with 8 antennas for Y-positioning— and reports the second-best
XGB 550  8.8065e-05 24 0 0 results in all other scenarios. However, we deemed necessary to
BR 612 6.3665¢-06 24 0 0 conduct a statistically significant test to back up our findings. To
HGBM 7.25 1.8767e-08 24 0 0 . . .
LiR 842  12923¢-11 24 0 0 this end, we run a Friedman test with a 0.05 confidence level,
CNN 9.00  2.260le-13 24 0 0 using the null hypothesis that all methods are equivalent. This
DT 9.54  3.9766e-15 24 0 0 hypothesis is rejected with a p-value of 4.3148e — 46, and we
GBM 1033 6.2717e-18 24 0 0 .. . .
AB 1183  5.7751e-24 24 0 0 used a post-hoc statistical analysis using the Holm procedure

Results with a p-value > 0.05 are shown in bold.

The results are presented in Table V, with the top-performing
scenario for each method highlighted in bold. We can elucidate
from the results that KNN is the method achieving the best

to compare the performance of all classifiers against the one
reporting the best results.

The results are presented in Table VI, where we confirm
that HyNN and MLP are not significantly different from KNN
(with p-values of 0.40053 and 0.074746, respectively), while all
other methods show significant differences compared to KNN.
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TABLE VII
COMPARISON, IN ME (mm AND 1), OF THE ULA, URA AND DIS SCENARIOS FOR THE HYNN AND THE RESULTS REPORTED
IN [7] IN THE TEST PARTITION RESULTS

Antennas  Model ULA URA DIS
ME (mm) ME (\) | ME (mm) ME (\) | ME (mm) ME ()\)
3 [7] 244.80 2.137 230.08 2.008 197.62 1.725
HyNN 144.37 1.260 115.80 1.011 162.58 1.419
16 [7] 132.87 1.160 120.73 1.053 152.37 1.330
HyNN 125.25 1.093 97.69 0.853 113.80 0.993
0 [7] 77.87 0.680 85.19 0.744 130.64 1.140
HyNN 80.93 0.706 74.33 0.649 73.20 0.639
64 [7] 59.05 0.515 55.35 0.483 82.30 0.718
HyNN 43.75 0.382 61.16 0.534 53.36 0.466

Best result is shown in bold.

Although KNN achieves the best results overall, it is discarded
for real-world applications due to its substantial memory re-
quirements, as previously explained. This positions both HyNN
and MLP as practical and effective solutions for MIMO-based
indoor localization tasks, with HyNN offering additional ad-
vantages due to its ability to leverage complementary data
modalities.

Our ablation study further reveals that HyNN architecture sig-
nificantly outperforms individual CNN models, highlighting the
limitations of relying solely on synthetic image data —a common
practice in the literature [22]. Specifically, HyNN combines the
strengths of CNNs for spatial feature extraction and MLPs for
handling tidy data, resulting in a more robust and comprehen-
sive integration of multimodal features. While the difference
between HyNN and MLP is not statistically significant, HyNN
demonstrates better performance than MLP in all but one result
(see Table V), underscoring its superior capacity to handle multi-
modal data effectively. Moreover, HyNN consistently achieves
improved performance across diverse scenarios, developing a
more robust and generalizable model (see Figure 5).

In summary, HyNN’s dual-branch architecture captures both
numerical and spatial relationships, enabling consistent im-
provements across scenarios. This versatility and robustness
position HyNN as a significant advancement in neural network
architectures and a reliable choice for MIMO-based localization
tasks.

C. Experiment 3.- Comparison With Outstanding Proposals

The last experiment seeks to compare HyNN with outstanding
proposals from the research community. In this case, we have
selected the work presented in [7] due to its great results, but
also because there are some similarities between both proposals,
including the internal use of neural networks.

The comparison is carried out following the procedure pre-
sented in [7], and we replicate all the internal parameters during
training. Namely, we use exactly the same train, validation and
test split by using the same random seeds. We also select the
same metrics for being presented, and we report the results
using values for ME, in mm and wavelength (1), as detailed
in Section III-E. Differing from previous experiments that as-
sessed X- and Y-positions independently, here we calculated
the Euclidean distance between estimated and actual positions,
integrating both X and Y components.

Therefore, Table VII shows the obtained results, and we can
see how our proposal appears as a promising competitor. The
best overall result is obtained for ULA in combination with
64 antennas, and it is obtained by HyNN. The best result gets
43.75 mm as the ME, which allows us to position an agent with
an average error of nearly 4 cm.

To ensure a fair comparison between the two solutions, we
applied a Wilcoxon signed-rank test. The test yielded a p-value
of 0.0012, falling below the 0.05 threshold, leading us to reject
the null hypothesis of method equivalence. Consequently, this
allows us to expose HyNN as the best method in the overall
experimentation. Indeed, a closer look at the results reveals that
HyNN improves in 10 out of 12 results (see Table VII). Even
in instances where our model did not outperform, the margin
of difference was minimal, further affirming the robustness of
our proposal. It is worth noting that the model was configured
to achieve robust performance in the ULA 8-antenna scenario.
This approach ensures generalizability of our findings across
configurations, but further refinement specific to each scenario
could yield additional improvements (see Section V-D).

VII. CONCLUSION & OPEN CHALLENGES

This article explored the transformation of tidy data into
synthetic images to process MIMO signals, aiming to develop
advanced wireless indoor localization mechanisms. Our results
demonstrate that converting tidy data into synthetic images sig-
nificantly enhances the model’s learning and generalization ca-
pabilities. We show that HyNNs, which integrate a CNN branch
for analysing synthetic images generated by TINTO and an MLP
branch for tidy data, offer substantial improvements in model
performance and stability, surpassing traditional CNN-based
approaches. Additionally, our results indicate improvements not
only over traditional ML algorithms but also compared to the
results presented in [7]. Furthermore, our findings confirm that
increasing the number of antennas enhances the generalization
of the HyNN, with the 64-antenna configuration achieving a
significative precision.

Some open challenges remain to be addressed. One key
area for future development is the optimization of the blurring
technique to follow signal degradation more accurately, rather
than relying on empirical methods as done in this study. Utilizing
channel propagation models to develop the blurring of character-
istic pixels in the image, aligning it with the signal’s degradation,
could lead to a hybrid communications-based blurring approach.
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Moreover, the novel HyNN architecture presented in this
paper, based on synthetic image generation, can be further
enhanced by integrating advanced models such as Vision Trans-
formers or Kolmogorov-Arnold Networks to replace either the
CNN branch or the MLP branch, respectively. An interesting
avenue for future work is exploring Transformer Encoder-based
concatenation methods to analyse which features from tidy
data or images are most informative. These approaches could
enhance feature selection and attention mechanisms, enabling
a more dynamic fusion of features between the CNN and MLP
branches, and offering greater flexibility in adapting to different
data types and environments. Another significant challenge is
evaluating the model’s performance in larger and more complex
environments, including multi-level buildings, to understand the
impact of precision in such scenarios.

VII. DATA AVAILABILITY

This scientific experiment contains the extended data and
source code available in Zenodo [32]:
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