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Executive Summary 

The present deliverable studies fundamental signal processing tools used specifically to capture 

the influence of human body movements and locations on RF data as organized into hologram 

frames. The hologram frame is a maximally exhaustive representation of the RF radiation field 

(magnitude and phase) associated to different spatial elements, namely antennas, possibly with 

different radiation patterns (or beams), and observed over different frequency bands, and 

consecutive time symbols. RF data is thus defined in general as 4-dimensional tensor structure: the 

goal of this deliverable is to set proper signal processing tools design for efficient management of 

such structures.  

Conventional Bayesian and statistical signal processing tools are designed to extract (or segment) 

the effects of body movements on RF field. Besides, the deliverable also summarizes novel methods 

and approaches optimized to reconstruct, or synthetically generate, the radiation field. Several 

model-based methods are proposed as based on Generative Neural Networks (GNN) tools: in 

particular, the deliverable considers the Variational Autoencoders (VAE) and Generative Adversarial 

Networks (GAN) techniques. Physics-driven GNNs enable the synthetic generation of RF data and, 

in general, they can reproduce various radiation field measurements and body motion scenarios 

based on their trained models.   

The goal of GNNs is thus to create a synthetic environment which is used to reproduce hologram 

frames as well as several Electromagnetic (EM) blockage effects, for example the human body 

blockage and the alterations induced by body movements on the radio propagation. GNNs also 

reduce the need for training data as well as personal data collection that could be used maliciously 

for person (re-)identification. A GNN simulator is developed to integrate several emerging signal 

processing tools and their adaptations. We also verified the potential of these tools for synthetic 

generation of different hologram structures, namely RF attenuation data, Received Signal Strength 

(RSSI), or Channel State Information (CSI) tensors,  

An initial measurement campaign has been conducted indoor to validate and test the considered 

tools. Measurements target indoor localization applications with controllable level of privacy.  The 

deliverable discusses several results and the capability of the proposed tools to reproduce RF data 

in a practical scenario. The RF datasets and a description of the measurement campaigns will be 

available in the Deliverable D4.1  
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The following contents are covered: 

• A short introduction of the HOLDEN project and the collaboration partners. 

• A theoretical background of the signal processing tools designed for the management of 

RF tensor and hologram structures/frames. 

• Simulations of AI generated data and model-based reconstruction. 

• Validation of the generative AI methods for human subject tracking in a realistic scenario. 
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1. Introduction 

1.1. About HOLDEN 

The ubiquitous perception by sensing of objects, subjects, and gestures is a pivotal challenge for 

future technology: it enables personalized services such as smart living, automated logistics, or 

interaction through free-space gestures. However, it also challenges ethical and moral boundaries, 

and threatens privacy. HOLDEN proposes a radically new approach to RF-based perception by 

concisely analysing ethical constraints and privacy risks while re-thinking RF-based sensing. We 

establish necessary conditions for privacy preserving and ethically compliant sensing, and develop 

new paradigms respecting these constraints. 

For the first time ever, HOLDEN constitutes a concentrated effort to explore social aspects of RF-

sensing to guide the technological advance, and to derive technology for ethically and privacy 

compliant perception. The development of ethical and privacy constraints is central to HOLDEN.  

We use these findings to derive privacy- and ethically-compliant concepts for RF-based perception. 

We will develop a system of distributed multi-antenna devices for simultaneous multitarget 

recognition and ubiquitous perception with unprecedented accuracy, which constitutes a radical 

paradigm shift from a technology-centric perspective to a privacy-centric one via a privacy-by-

design approach. 

HOLDEN achieves this goal along three high risk, complementary, and privacy-centric paths: 

Path 1: Continuous-space measurement points: Radio-based 3D vision by holographic image 

processing of RF wavefronts. 

Path 2: Discrete-space measurement points: Advanced 3D beamforming for human-scale 

recognition and tracking through dense, massive, and connected antenna arrays.  

Path 3: Signal processing and learning: High-dimensional tensor processing for the distinction of 

complex activities and motion from massive-dimensional RF data. The resulting breakthrough 

approaches and algorithms will be compared against application-level benchmarks via usage 

scenarios in the fields of logistics, smart living, and free-space. 

1.2. Partners 

The consortium consists of four academic partners and a high-tech SME partner: (a) Aalto 

University (AALTO), Finland, (b) Technical University of Munich (TUM), Germany, (c) Consiglio 

Nazionale Ricerche (CNR), with third party Politecnico di Milano (POLIMI), Italy, (d) University of 

Twente (TWE), Netherlands, and (e) Adant (Adant), Italy. This consortium features the specialized 

and complementary expertise required to achieve the project objectives. AALTO will be responsible 

for the project management (WP1), covered by an experienced and dedicated project manager. 

Ethical aspects (WP2) will be addressed by TWE (Prof. Ciano Aydin) who is a pioneer in the field. 

Eventual gender differences in the ethical perception will be taken into account. TUM pioneered 

RF holography, which makes TUM (Prof. Thomas Eibert) the ideal leader of WP3. In advanced 
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distributed signal and information processing, CNR has through Prof. Stefano Savazzi more than 

14 years of experience. CNR will lead WP4. Since more than 10 years, AALTO is active in radio 

sensing and machine learning based activity recognition. This expertise makes AALTO (Prof. Sigg) 

the ideal leader of WP5. Adant (Daniele Piazza) will contribute to the market analysis, application 

possibilities, and validation (WP6). Led by AALTO, dissemination with the website as one the media 

will be addressed by all partners. All academic partners are committed to early publication of 

results, e.g., via arXiv (open science). 
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2. Signal processing tools for RF sensing  

The RF sensing holography general goal is to extract the EM human body(ies) blockage effects (𝑬𝜃) 

from noisy measurements 𝐒𝐭  of the RF radiation observed at time t.  The radiation measurements 

can be in the form of a hologram structures as detailed in D3.1 or simplified tensor sets for 

application to dynamic environments. Targeting specifically human subject monitoring, we assume 

that the target is characterized by an unknown state 𝜃  which we want to recover from the body-

induced effects on EM field 𝐸θ.  

The body effects 𝐸θ can be evaluated in terms of excess attenuations 𝐴θ [1]-[4] as in the example 

of Figure 1 or  magnitude and phase measurements, namely baseband Channel State Information 

(CSI) 𝐶θ [5]-[7].  

In dynamic environments, the body or target state θ generally consists of an ensemble of features, 

such as body location, size, height, and orientation which depend on the specific sensing 

application.  

In what follows, we provide the necessary background on RF sensing and signal processing tools, 

focusing specifically on Bayesian methods. 

2.1. Bayesian approach and background 

The objective of the RF sensing inverse problem is to obtain the posterior distribution  𝑝(𝐸θ|𝑆𝑡): 

𝑝(𝑬𝛉|𝑆𝑡) =
𝑝(𝑆𝑡|𝑬𝜃) ⋅ 𝑝(𝑬𝛉)

𝑝(𝑺𝒕)
 

of the (unknown) human body blockage effects 𝑬𝜃  given the measurements 𝑺𝒕. Maximum A-

Posteriori (MAP) solution to the above problem allows to extract the most likely effects: 

 

(𝑬̂𝜃, 𝜃) = arg max
𝜃

{𝑝(𝑬𝜃|𝑺𝒕)}, 

from which it is possible to recover the subject state θ̂ and any feature of interest, such as target 

2D/3D size, position, orientation of the subject or object in the space. Field measurements 𝑆𝑡 can 

be in the form of received power, Received Signal Strength (RSS), or base-band CSI magnitude and 

phase response.  

Observations 𝑺𝒕 are perturbed by the body movements according to a prior distribution, 𝑝(𝑬𝛉), 

which predicts the effects of the body (i.e., the target) in the state 𝜃 as the result of the propagation 

of the reflected, scattered, and diffracted EM waves. 

The above Bayesian approach for solving the radio sensing problem requires the knowledge of the 

likelihood function 𝑝(𝑺𝒕|𝑬𝛉), namely the RF measurement model, and the prior distribution 𝑝(𝑬𝛉). 

The likelihood term depends on the data collection process as well as on the impairments 

introduced by the measurement instrument or by the environment. In localization and human scale 

sensing applications it is typically modelled as log-normal distributed. 
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The prior distribution models the initial beliefs on 𝑬𝛉. It is usually hard to represent as it often 

requires full-wave EM approaches. Model-based reconstruction of the RF data is thus required. 

Approximated solutions, such as diffraction models [8]-[11] and several variants are in many cases 

too time-consuming to be of practical use for real-time sensing scenarios. In addition, when it 

comes to practice, imperfect knowledge of the scenario, small, involuntary, body movements, or 

changing configurations of the propagation environment, make the prior even more difficult to 

obtain with an acceptable level of accuracy.  

 

Figure 1: RF sensing general setups: single and multiple antennas, signal processing and model-

based reconstruction of data through generative AI 

 

2.2. Bayesian prior modelling of EM effects 

In this deliverable, we propose, design and validate several tools targeting the model-based 

reconstruction of the RF/holography data. The tools are based on EM-informed Generative Neural 

Networks (GNN) techniques. The goal is to reproduce the EM effects 𝐸θ  as sampled from the 

Bayesian prior probability distribution 𝑝(𝐸θ). When focusing on dynamic environments, the prior 

generally quantifies the uncertainties of the body effects arising from  imperfect knowledge of the 

target or body state. It is defined in general as: 

𝑝(𝑬𝜽|𝜃𝑘) = 𝑬𝜃∼𝒑(𝜃|𝜃𝑘). 
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In other words, the EM effects are obtained for random instances of body features that follow a 

probability function. Probability 𝑝(θ|θ𝑘) models the uncertainty with respect to the target features 

θ𝑘.  

Examples. Some examples are proposed in the following to clarify the approach. First, consider 

the problem of generating body-induced RF excess attenuation values for a subject located at 

some (nominal) position θ𝑘 = (𝑥, 𝑦). Involuntary movements, as the result of the complex structure 

of the human body, strongly affect the RSS and must be adequately considered. Body motions can 

be represented by random movements in an elementary squared area of size 5-10 cm around the 

nominal location (𝑥, 𝑦). Subject movements can be modelled by setting 𝑝(θ|θ𝑘) = 𝒰
−

△

2
,
△

2

 with △=

5 ÷ 10 cm [8].  

Likewise, let’s consider now the problem of subject activity recognition, which requires to real-time 

track the subject trajectory and orientation w.r.t. the line of sight (LOS) path and its effects on CSI 

measurements. As reported in [19], diffraction models can be designed to capture the rotation 

angle φ of the 2D target by varying the size of the absorbing sheet S that represents the body. 

However, this operation is often expensive in terms of computational time. Rather than simulating 

each target rotation angle separately, which is not feasible, the proposed generative model can be 

set to reproduce the CSI for all subject orientations simultaneously. Further examples will be given 

in the next sections. 
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3. EM body models 

In this section, we discuss relevant diffraction-based EM body models to reproduce the human 

body blockage effects 𝐸θ , also considering body-induced RF excess attenuations 𝐴θ  and 

magnitude/phase (or CSI) data as special cases. First, we briefly recall the body models proposed 

in [8] for a single link scenario using scalar diffraction theory considerations. Next, we consider a 

receiver equipped with an array, i.e. Uniform Linear Array (ULA), of L isotropic receiver antennas. 

This setup is instrumental for the experimental activities that will be conducted in WP4 (Task T4.4) 

and WP5. The diffraction model represents the body effects relative to each radio link 𝑙, namely 

𝑬𝛉 = [𝐸l,θ]
l=1

𝐿
, or equivalently 𝑨𝛉 = [𝐴l,θ]

l=1

𝐿
 for RSS and 𝑪𝛉 = [𝐶l,θ]

l=1

𝐿
 for CSI. 

In what follows, we will always assume that the monitored target is in the Fraunhofer's region of 

both transmitting (TX) and receiving (RX) antennas for all the considered links. Extension to multi-

target scenarios can be also inferred according to [26]. 

3.1. EM models: diffraction  

We adopted the body model originally proposed in [11] for a single link scenario and extended for 

the case of multiple array receivers [26], and more recently for antennas with non-uniform 

directivity patterns [9].  

As depicted in Figure 1, we assume that the length of the radio link (horizontally placed w.r.t. the 

floor) is given by d while h is its height from the floor. The effects of floor, walls, ceiling, or other 

obstacles are not considered. However, with some effort, these obstacles can be included, as shown 

in [10]. The scalar diffraction theory assumes that the 3D shape of the human body is modelled as 

a 2D rectangular absorbing sheet with height ℎ𝑆 and traversal size that changes according to a 3D 

cylinder view, with max. and min. traversal sizes 𝑤𝑆,1, 𝑤𝑆,2 , respectively. The target has nominal 

position coordinates 𝑝 = [𝑥, 𝑦], w.r.t. 

the TX position, which is defined by the projection of its barycenter on the horizontal plane that 

includes the Line-of-Sight (LOS). The 2D target might be also rotated of an angle φ with respect to 

the LOS direction.  

A distribution of Huygens' sources of elementary area 𝑑𝑆 is located on the absorbing sheet 𝑆. The 

electric field 𝐸θ  at the receiver is obtained by subtracting the contribution of the obstructed 

Huygens' sources from the electric field 𝐸θ of the free-space scenario (with no target in the link 

area): 

𝐸θ = 𝐸0 − ∫𝑑𝐸
𝑆

, 

with time t omitted to simplify the reasoning. The above equation can be rewritten in terms of the 

field ratio 𝐶𝜃 = 𝐸𝜃 𝐸0⁄ , representing the CSI (where 𝜆 is the wavelength, and the other quantities 

are defined in the Figure 1): 

𝐶𝜃 = 1 − 𝑗 
𝑑

𝜆
 ∫

1

𝑟1 𝑟2𝑆

 exp {−𝑗
2𝜋

𝜆
(𝑟1 + 𝑟2 − 𝑑)} 𝑑𝜉2 𝑑𝜉3. 
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3.2. Full EM simulations of body induced effects on RF field 

To allow for a comparative analysis, full-wave electromagnetic simulations have been also 

performed with Altair FEKO®, a commercial software package that implements, among others, the 

Method of Moments (MoM), a full-wave solution of Maxwell's integral equations in the frequency 

domain.  Rather than a 2D perfectly absorbing sheet, as assumed in the scalar diffraction models, 

an anthropomorphic obstacle is here introduced between the antennas. A body-shape model, ℎ𝑆 =

1.80 m, 𝑤𝑆,1 = 0.52 m and 𝑤𝑆,2 = 0.32 m, is used while the obstacle is built as shown in Figure 2. 

The material of the body is retrieved from a simulator available online [28]. Assuming the body 

mainly constituted by muscles, we set: the relative permittivity 𝜀𝑟 =  60, the dielectric loss tangent 

tan∆=  0.242, and the mass density 𝜌 = 1040.0 kg/m^3. The surface of the humanoid obstacle is 

discretised using triangles, then the Surface Equivalent Principle (SEP) is applied by introducing 

equivalent electric and magnetic currents on the surface of the dielectric body.  

Most of physical models designed to quantify realistic body motions must also consider imperfect 

knowledge of the environment, namely small and involuntary body movements which cause the 

subject to change its orientation or pose w.r.t. to the receivers. All these impairments make body 

features hard to obtain with an acceptable level of accuracy.  

 

 

Figure 2: EM body simulation (FEKO interface) 
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Figure 3: Uniform Linear Array geometry 

3.3. Multiple antenna array configurations (MIMO) 

We now consider a Uniform Linear Array (ULA) antenna configuration with links ordered as shown 

in the Figure 3.  ULA configurations are typically of interest in holography, tomography and imaging 

approaches and will be discussed in the following sections. Each l-th antenna of the array is 

uniformly deployed at mutual distance ∆ along a segment orthogonal to the LOS at distance d 

from the TX and horizontally placed w.r.t. the floor.  

Ignoring mutual antenna coupling, the CSI observed on each antenna of the array corresponds to 

the ratio of the electric fields 𝐶𝑙,𝜃 = 𝐸𝑙,𝜃 𝐸0⁄ , thus using the previous equation with: 

 

𝐶𝑙,𝜃 = 1 − 𝑗 
𝑑𝑙

𝜆
 ∫

1

𝑟1,𝑙  𝑟2,𝑙𝑆

 exp {−𝑗
2𝜋

𝜆
(𝑟1,𝑙 + 𝑟2,𝑙 − 𝑑𝑙)} 𝑑𝜉2 𝑑𝜉3, 

where 𝐸𝑙,0 is the EM field received by the same RX node in the reference condition, i.e., the free-

space scenario. The term 𝑑𝑙 now indicates the distance of the l-th antenna RX of the array from the 

TX while 𝑑1,𝑙 and 𝑑2,𝑙 are the distances of the projection point 𝑂𝑙
′ (of the barycenter P of the 2D 

surface S, see Figure 3) from the TX and RX_l nodes. Likewise, 𝑟1,𝑙 and 𝑟2,𝑙 are the distances of the 

generic elementary area 𝑑𝑆 of the target S from the corresponding TX and RX, respectively. Clearly 

for M=0, the model reduces to the single-antenna case shown in Sect. 3.1. 
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Figure 4: EM diffraction body model including antennas with non-uniform directivity 

3.4. Effect of antennas with non-uniform directivity  

The previously discussed EM models considered wireless devices equipped with a single or multiple 

omnidirectional antenna, without exploiting directional properties. Given the interest of HOLDEN 

project in novel WLAN sensing systems [29]-[34] that leverage antennas with non-uniform and/or 

re-configurable radiation characteristics, such as beam-switching antennas, it is considered 

necessary to develop effective EM models and related signal processing that meet these emerging 

needs. Models will be instrumental for core technology development in WP6.  

In the following, based on the results of Section 3.1 and 3.3, we discuss a diffraction model, that 

includes antenna directivity hypotheses. The evaluation of the impact of antenna radiation patterns 

is also verified in [9]  by exploiting real field measurements. Measurements and dataset used for 

validation are reported in D4.1. 

For a generic non-isotropic antenna, the EM diffraction model previously discussed (Sect. 3.1) must 

be modified to take into account the antenna radiation pattern 𝐺(θ, φ) = 𝐺0  𝑓(θ, φ), 𝐺0 being the 

gain and 𝑓(θ, φ) the normalized radiation pattern, while θ and φ that are polar coordinates usually 

referred to the antenna phase center. Considering, as depicted in Figure 4, a directional 

transmitting and receiving antenna with radiation pattern 𝐺𝑡(θ𝑡, φ𝑡) and 𝐺𝑟(𝜃𝑟, 𝜑𝑟), respectively, 

the field ratio on link l 𝐶𝑙,𝜃 becomes: 

𝐶𝑙,𝜃 = 1 − 𝑗 
𝜆𝑑𝑙

4𝜋
 ∫

1

𝑟1,𝑙  𝑟2,𝑙𝑆

√𝐺𝑡(θ𝑡, φ𝑡) √𝐺𝑟(θ𝑟, φ𝑟)  exp {−𝑗
2𝜋

𝜆
(𝑟1,𝑙 + 𝑟2,𝑙 − 𝑑𝑙)} 𝑑𝜉2 𝑑𝜉3. 
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4. Model-based reconstruction of RF data 

In this section, we consider the problem of model-based reconstruction of the RF field as support 

tool for the management and pre-processing of channel state information (CSI) and hologram 

structures. The methods used in this section are based on a physics-driven generative AI approach 

which achieve the synthetic generation of RF and hologram recordings to reproduce training data 

and real RF observations.  Synthetic data can replace training data collected using real people. In 

the following, we discuss a generative AI simulator which integrates several emerging generative 

neural network techniques and their adaptations. The goal is to verify the potential of these tools 

for synthetic generation of RF attenuations and magnate/phase baseband RF data.  

4.1. Generative Neural Network approach 

The generative models considered in the following can reproduce different body-induced EM 

effects 𝑬𝛉 as sampled from the ground-truth prior distribution 𝑝(𝑬𝛉|θ𝑘) described in Sect. 2.2. 

In the following, we discuss the adoption of EM-informed Generative Neural Network (GNN) 

models inspired by VAE and GAN tools. All the GNN models are designed and trained to reproduce 

the human blockage effects on radio propagation as underpinned by scalar diffraction theory, 

discussed in Section 2. The models consider different body and link configurations relevant in radio 

sensing:  

1) varying link geometries: distance (d), height from the ground (h);  

2) Multiple-Input Multiple-Output (MIMO) antennas (L);  

3) variable body size (size of the human subject, or the obstruction/blockage in case of an 

object), position, and orientation/posture of the monitored target/body.  

The proposed GNNs also comprise of:  

1) a generator of body-induced RF signal attenuations, which can be used in several 

passive motion detection and localization applications target of WP4 

2)  a generator of EM field samples which can be used for EM full-wave propagation 

analysis as well as advanced imaging, holography and gesture recognition applications. 

The generators are shown to reproduce human body blockage effects under configurations which 

might be unseen during the training phase, or rather difficult to predict through traditional EM 

field computing methods. In line with some initial studies [14]-[25], the generators are purely based 

on sequences of convolutional (and de-convolutional) signal processing layers whose number 

varies depending on the physical quantity to be reproduced. Therefore, they are well-suited for 

most of HOLDEN use cases, such as real-time localization applications, as do not need intensive 

EM wavefield computations. In the following section, VAE and GAN generator methods are 

analyzed in terms of their accuracy in reproducing EM model diffraction effects, implementation 

complexity, generation times, and model size. 
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The implemented generators for all the considered use cases discussed in this deliverable are public 

available in the following github repository: 

https://github.com/labRadioVision/generative_diffraction_model.  

 

Figure 5: Physics driven Generative Neural Network (GNN) selected tools for reconstruction of RF 

attenuations and EM field: VAE and GAN 

4.2. Variational Autoencoder (VAE) tools 

As depicted in Figs. 5a) and 5c), the Conditional AutoEncoder (C-VAE) model uses an encoder (Q), 

parameterized by the NN parameters 𝑾𝑬, which learns the latent space 𝑝𝒵(𝒛|𝜃𝑘) ∼ 𝒩(𝝁𝒌, 𝝈𝒌
𝟐) for 

the inputs 𝜃𝑘 . Latent space is multivariate Gaussian distributed. The encoder is trained using 

samples 𝑬𝜃  obtained from an EM body model (in this case the diffraction model discussed in 

Section 2) and the corresponding body states 𝜃𝑘.The decoder produces a distribution of samples 

𝑬𝜃
VAÊ ∼ 𝑝gen

VAE(𝑬𝜃|𝜃𝑘) which is optimized to reproduce the true prior. The goal is to maximize a 

likelihood metric referred to as Evidence Lower Bound (ELBO) described in [35]. ELBO metric 

balances the maximization of classical likelihood metric and the minimization of the Kulback-Lieber 

(KL) divergence which quantifies the difference between the true and the reproduced probability 

functions. Maximization of the likelihood makes the generated samples more correlated to the 

latent variables which typically cause the model to be more deterministic. On the other hand, the 

number of latent variables Z can be tuned to increase the contribution of the KL divergence 

between the posterior and the prior to the total ELBO and thus increase the randomness of 

generated samples. In [19], it has been shown that C-VAE generation of samples can be optimized 

https://github.com/labRadioVision/generative_diffraction_model
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to improve the randomness of the generation process, also to account for measurements 𝑺𝒕 

affected by noise and multipath interference. 

4.3. Generative Adversarial Network (GAN) tools 

GAN training, depicted in Figs. 5 b) and 5 d), is formulated as a min-max problem that can be 

interpreted as an adversarial game with two players: the discriminator 𝒟(𝑬𝜃̂, 𝑬𝜃) ∈ [0,1], namely a 

binary classifier which tries to improve the detection of fake EM field samples and the generator, 

which is trained to fool the discriminator. The goal is to minimize the statistical distance (Jensen-

Shannon divergence) between the true and reproduced distributions. This corresponds to 

maximizing the discriminator loss while minimizing the generator one. More details can be found 

in [21]. An unbalanced implementation [36] has been recently considered which is specifically 

designed for reproduction of EM samples. 

4.4. Body motion detection and background subtraction with GNN  

VAE and GAN models are key enablers for anomaly detection in time series. In the context of 

HOLDEN project, anomaly detection is used for twofold purposes: 1) to segment RF data time 

series that might be indicative of body motions; 2) to subtract the background information which 

is indicative of an empty space (with no targets or subjects moving in the considered area).  

The goal of anomaly detection tools is thus to identify the presence of body movements as 

inducing (body-induced) alterations of the measured RF field. The following body motion 

segmentation algorithms are identified as potential candidates for future algorithm design and 

development (WP4 and WP6): 

1) Bayesian anomaly detection. The goal is to detect a change in the propagation 

environment as induced by body or target movements in the scene. Considering an indoor 

environment without targets in the monitored area, the RF data readings 𝑺𝒕 (Section 2) are 

modelled as a stationary process which is typically modelled by a p-th order auto-

regressive (AR) model [37]. A change in the environment, for example, single or multiple 

object/person/people occupying or moving in the corresponding monitored scene, alters 

the AR parameters that are thus replaced with new terms. Detection of such change can be 

implemented iteratively by monitoring the cumulative sum (CUSUM) [37]. 

  

2) Array processing based (MUSIC). These methods apply to receiver antennas organized 

in large and dense 2D and 3D array layouts, which is a typical setup in the HOLDEN project 

(see the following sections). RF signals originated from the transmitter might reflect off 

multiple objects when approaching the receiver array AP. Considering that the presence of 

the subject moving in the environment modifies the Angle of Arrival (AoA) paths, the 

MUSIC (MUltiple SIgnal Classification) algorithm is typically adopted [41] to disentangle 

the multipath components and estimate the AoA of the dominant propagation paths. 

Monitoring of the changes of such AoA paths is effective to obtain segmentation of body 

motions (see implementation and data examples in [42]).   
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3) AI-based tools. VAE-LSTM [38] and Anomaly Transformers [39] are identified as further 

candidates. The considered tools adopt an unsupervised approach that does not need prior 

knowledge about body-induced effects on the data. VAE-LSTM tools for example apply 

Long Short-Term Memory network-based Variational Auto-Encoder to extract the 

sequential features of the input multivariate time series RF measurements. Similarly to what 

done in the previous sections, the VAE model is trained to reproduce the RF data 

observations and convert them into a low-dimensional embedding (latent space) where 

possible anomalies induced by body movements are inspected. Both VAE-LSTM and 

Anomaly Transformer allow to detect and segment anomalies induced by body motions 

and occurring over both short and long periods. 
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5. Full-wave EM simulation analysis 

In line with typical setups considered in the HOLDEN project, we report and describe here a 

simulation dataset which supports the analysis of the human body blockage effects on the EM field 

observed by receiver antennas organized in large and dense 2D and 3D array layouts. The dataset 

is also intended to support the analysis and the validation of array processing techniques for 

passive indoor localization which will be the core of WP4 activities. Full dataset will be published in 

D4.1. 

The simulation scenario described below involves an Hertzian dipole radiating at the nominal 

frequency f = 2.4868 GHz and located at h = 0.99 m from the floor. The radiated field is measured 

over an array of points organized in a 3D layout as depicted in Figure 6. The 3D layout comprises 

of multiple 2D arrays that are uniformly deployed on co-located surfaces positioned at varying 

distances from the source. Each surface is composed of a grid of 90 × 180 elements, also spaced 

∆ = λ/10 apart. The first measurement surface, i.e. the one closest to the source, is located 4 m 

away (distance d = 4 m) from the source itself (and its center is aligned with the source), and it is 

followed by other 49 additional surfaces spaced at intervals of ∆ = λ.  The body is modelled as an 

anthropomorphic target described previously in Sect. 3.2. 

 

 

Figure 6: Full wave EM simulation of human body blockage observed by a dense 2D array of 

receivers. 

FEKO® simulations were conducted with the body positioned at various distances and orientations 

relative to the source and the measurement points, allowing the collection of both real and 

imaginary samples of the EM field at the receivers’ location.  

The goal is to set a simulator environment for model-based reconstruction of the amplitude and 

phase of the CSI samples as well as the creation of a dataset (T4.3) which supports the analysis of 

the human body blockage effects on the EM field observed by receiver antennas organized in large 

and dense array layouts.  
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A simple tool for body imaging is also explored in this section using purely statistical 

considerations. The tool is based on the analysis of mean and standard deviation of the simulated 

RF attenuation samples. The tool is also useful to assess the impact of involuntary movements of 

the body on EM samples.  

The images of Figure 7 report the average and standard deviation map of the EM field amplitudes 

collected by receivers on the 2D surface array. In this example, the body is in position (x = 0 m, y 

= 0.25 m). Figure 7(a) further highlights the overlapping between the average attenuation map and 

the body rotated by each ∆θ to help relate the final pattern with some of the movements 

considered. Analyzing both maps, the body footprint is clearly distinguishable as well as parts of 

the torso and head. The regions with the highest attenuation are those consistent over translations 

and rotations of the body.  

When the target moves, only a subset of receivers is affected by such movements. Using the relative 

position of these receivers in the 2D array manifold, it is possible to trace back the offset of the 

body blockage from the LOS path. Also, by observing the corresponding standard deviation maps, 

it is possible, for example, to distinguish specific human body parts most susceptible to movements 

and variability, i.e., the arm movements and shape. 

  

 

Figure 7: Imaging maps of attenuations observed on a 2D surface grid of 90x180 elements. (a) 

Positions and orientations of the simulated body highlighted; (b) average attenuation map and (c) 

corresponding standard deviations.  
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6. Validation of generative tools for detection of 

body motions 

The generation of samples using the GNN tools proposed in Sect. 3 is assessed here at carrier 

frequencies 2.4 GHz and 5GHz. First, we analyze the reproduction accuracy against EM body 

diffraction. Next, we compare the results with an EM simulator (FEKO® software) and the body 

model detailed in Section 4. As depicted in the Figure 8, the RX node is equipped with a Uniform 

Linear Array (ULA) of 9 omni-directional antennas and spaced at 𝜆/2 while the TX node is equipped 

with a single antenna. All the links of the array are horizontally placed at height h=0.99 m from the 

ground. Distance between the TX and the central RX of the array is d=4 m.  

The C-VAE tool of Sect. 4.2 is trained here using examples of EM diffraction from: 1) 75 marked 

locations inside the first Fresnel’s ellipsoid of the central link of the array; 2) varying blockage 

dimension in the interval 1.65 - 2.00 m. Notice that the chosen blockage dimensions are reasonable 

when considering human bodies. In the following, we verify the ability of the proposed C-VAE 

model to generate CSI samples to reproduce the array excess attenuation response of the 

conventional linear beamforming processing. Further details are provided in [26]-[36]. 

6.1. Reproduction of body induced diffraction effects 

In this section, we verify the ability of the C-VAE model to reproduce the results of EM field 

simulation obtained by diffraction and MoM (Method of Moment) methods (i.e., using Altair FEKO 

tools). The TX is an hertzian dipole transmitting at 2.4868 GHz, the RX is composed by 9 isotropic 

antenna elements. For FEKO® simulations, the same anthropomorphic obstacle is used as 

described in Sect. 4. 

Figure 8 shows the body-induced array response, in terms of the excess attenuation as a function 

of the direction of arrival (DoA) and for different values of the y displacement of the target (w.r.t. 

the central LOS) and x=2 m. The array signal processing extracts the response for varying DoA and 

is based on Fast Fourier Transform (FFT) with 257 points. The figure shows two responses (red and 

green lines) for corresponding nominal displacements y=0.25 m and y=-0.25 m, respectively. 

Dashed lines show the responses obtained using EM body diffraction, while solid lines represent 

the reproduced response using C-VAE. Notice that, in this example, each array response represents 

a random movement of the body in the surrounding of the nominal displacement. The maximum 

response of the array, namely the dominant DoA, is perturbed by the presence of the subject and 

such alteration is generally well reproduced by the C-VAE model. 



HOLDEN – 101099491 – D3.6 Signal processing tools 23 

 

 

 

Figure 8: Array layout setups (top) and corresponding responses (bottom). Target is a human body 

with dimensions 1.65 m size 0.55 m / 0.25 m. Two subject positions are considered, namely x=2 m, 

y=0.25 m (left) and x=2 m y=-0.25m (right). Responses are obtain obtained using VAE generated 

field samples (green/red solid lines) and compared with the array response obtained with the EM 

body diffraction model (dashed lines) of Sect. 3.1. 

 

Generation times of C-VAE are compared in the Table of Figure 9 with those obtained by classical 

diffraction models [11] as well as popular EM body simulator tools (Altair FEKO® software). VAE-

based generation of the samples is about one order of magnitude faster than EM diffraction model 

computation, which also depends on the chosen numerical integration configurations (i.e., tiled 

integration method, and absolute error tolerance), target size, and antenna configuration. The 

generative model can produce up to up to 100-150 samples per second, which is reasonable 

considering typical body movement speeds (max. 1 m/s). The tool is therefore suitable for 

application in dynamic scenarios, which is the goal of WP4. 
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Figure 9: CSI model-based generation time analysis: C-VAE vs diffraction and FEKO® simulations. 

 

In Figure 10, we report the body-induced excess attenuation values measured by each antenna 

element for the corresponding subject positions (black, red and green colors). Responses consider 

the effect of small body movements (5 cm) around the nominal subject position. FEKO® simulated 

results are shown in solid lines, while, in dashed lines, we reported the corresponding C-VAE 

generated attenuation samples reproducing EM body diffraction effects. In general, the GNN 

mostly underestimates the FEKO® results, due to different hypotheses about body composition 

and shape, namely about 4 dB for positions on the LOS and 2 dB for positions outside (y = 0.25 m, 

y = −0.25 m). A possible remedy, to be investigated in the future, is to train the GNN network using 

examples from both diffraction model and FEKO® simulation samples, with the goal of improving 

the GNN generalization capabilities. 
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Figure 10: Excess attenuation values obtained by the FEKO® software (solid) and compared with 

C-VAE generation (dashed) for varying antennas of the array (9 antennas) and target dimensions. 

Three nominal subject positions are considered namely x=2 m, y=0.25 m (red), x=2 m, y=0 m 

(black) and x=2 m, y=-0.25 m (green). For all cases, attenuation responses account for small body 

movements around the nominal positions. 

 

6.2. Reproduction of measured RF data  

A specific experimental use case is considered in this section. The goal is to demonstrate the 

effectiveness of the proposed GNN tools to reproduce the EM data and to support a real-time 

localization process. The EM-informed generative tool has been thus validated with measurements 

taken in a hall of size 6.1 m x 14.4 m as shown in Figure 11. Both TX and RX are equipped with 

directional antennas with parameters summarized in the table embedded in the same figure. A 

mechanical handling mechanism is used to move the RX antenna at specified positions where RF 

measurements on multiple links are collected. The target is located in K=75 marked positions which 

belong to a regular 2D grid as shown in the same figure.  

A tracking-generator-enabled spectrum analyzer is used to measure the RSS in the 2.4-2.5 GHz 

band and over 81 frequencies with 1.25 MHz spacing. For each frequency and target position under 

test, 500 consecutive time samples are acquired in 1 minute (with 120 ms sampling time). The 

human target (one of the authors who volunteered) has height 1.80 m and traversal max. and min. 
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sizes approximated as 0.55 m and 0.25 m, respectively. Further details on the dataset structure will 

be published in D4.1. 

 

Figure 11: Measurement setup, TX/RX antennas, linear guide system for RX antenna positioning. 

Explored target positions around the Fresnel area. 

 

Figure 12: Generated RSS samples (solid lines) compared with RSS measurements (histograms) for 

link ℓ = 2  in Figure 11 and considering 4 nominal positions of the human blockage, namely 

x=0.25m, y=0 (blue color), x=0.5m, y=0 (violet color), x=0.75m, y=0 (yellow color).  
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Figure 12 compares the generated RSS samples (by following the procedure illustrated in [40]) with 

RSS measurements at 2.4 GHz for the scenario in Figure 11 and link ℓ = 2. The subject is standing 

while performing small movements around 4 nominal positions, namely x=0.25 m, y=0 (blue color), 

x=0.5 m, y=0 (violet color), x=0.75 m, y=0 (yellow color). Position outside the Fresnel area is x=2 

m, y=-0.5 (black color). The generative model can be effectively used to predict the true RSS values 

for both the considered links with average error of 2.7 dB and max standard deviation error of 2.9 

dB. On the other hand, as also previously observed, the C-VAE generation tool seems to under-

estimate the observed RSS values for target positions close to the transmitter or receiver, i.e., x=3 

m, since it is trained using diffraction models. 

 

Figure 13: Precision/recall metrics for distance estimation. Estimated prior from calibration 

data, C-VAE prior and uniform prior cases compared. 

6.3. Passive localization example  

In this section, we discuss an example of passive localization. The goal is to detect the distance 𝑑𝑅 

of the target from the multi-antenna RX device (Figure 11) in real-time, as in typical radar 

applications. 

The proposed use case is critical in industrial scenarios where human workers operate in areas 

featuring increasing levels of safety or privacy. Enforcing safety/privacy constraints requires the 

real-time monitoring and tracking of human subjects. The estimated position of the target relative 

to RX is obtained as shown in Sect. 2.  

In the following, we analyze the precision 𝑝1(𝑑𝑅) and recall𝑝2(𝑑𝑅) metrics: the recall metric 

measures how often the algorithm correctly identifies the target distance from all the true positive 

counts, while the precision indicates how often the algorithm is correct when predicting the target 
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distance. In particular, the Table of 

 

Figure 13 analyzes precision and recall for varying distance 𝑑𝑅  from the RX and compares three 

cases: 

1) Estimated prior: assumes the prior probability 𝑝(𝑬𝜽)  being estimated from large 

calibration measurements (ideal case, human subjects involved during training data 

collection);  

2) C-VAE prior: adopts 𝑝𝑔𝑒𝑛
VAE(𝑬𝜽) to generate synthetic samples using the C-VAE generator 

tool (no human subjects involved during training);  

3) Uniform prior: the prior is replaced with a uniform probability function. 

Note that scenario (1) gives the best performance, as expected; on the other hand, it requires time-

consuming data collection and a calibration stage which might be not feasible in practice. Case (3) 

corresponds to the worst-case scenario since no prior information on body-induced attenuations 

are available. Finally, case (2) does not need any calibration (human subjects are thus not involved 

in calibration activities) as it uses the C-VAE tool to real-time generate synthetic samples from the 

prior. From the results in the table, the performance of C-VAE prior scenario approaches the 

estimated prior case, with an average drop of about 10%. This initial analysis will be expanded 

through the HOLDEN project and will serve as the basis for some of the case studies in WP6. 
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7. Conclusion 

This deliverable discussed fundamental signal processing tool for management of hologram 

structures in the form of RF tensor databases. We introduced classical Bayesian tools for RF sensing 

focusing specifically on passive radio localization. Next, we proposed the use of EM-informed 

Generative Neural Network (GNN) tools deployed for model-based reconstruction and prediction 

of body-induced EM effects, such as diffraction. The deliverable reported the generation time 

analysis and the explored applications are in dynamic tracking of body motions, specifically 

focusing on passive radio sensing and localization. A Variational Auto-Encoder (VAE) tool, namely 

the Conditional VAE (C-VAE), is designed to generate samples of the targeted EM model through 

latent variable encoding/decoding neural network operations. Adaptations of Generative 

Adversarial Networks (GAN) are also considered for comparative analysis. The proposed methods 

implement model-based reconstruction of the RF samples and are set to reproduce both RF signal 

attenuations, i.e., Received Signal Strength (RSS), as well as base-band Channel State Information 

(CSI) for full EM analysis of human body blockage.  

 

GNNs produce observations of CSI sampled from the Bayesian prior probability which supports 

Bayesian estimation problems. They are an essential component in state-of-the-art segmentation 

and motion detection tools targeting anomaly detection analysis over multidimensional time-

series data. The possibility of generating large CSI tensor structures representing the full RF 

radiation field is useful in holographic methods and microwave imaging techniques based on 

Synthetic Aperture Radar (SAR). Finally, the proposed tools have been proved to be effective in 

reproducing body motions in user selectable locations. The property is instrumental to privacy 

selective sensing policies. Generated samples might also serve as synthetic training data for 

supervised or semi-supervised machine learning tasks. They thus reduce the need of personal data 

collection, that could be used maliciously for person (re-)identification.  

 

Beside the advantages, the proposed generators require hyper-parameter optimization to achieve 

a good compromise between average reproduction accuracy and generalization capability. The 

former measures how close the prediction is to the training observations, while the latter quantifies 

the randomness of generated samples which is useful to predict effects not seen during training. 

When compared with real measurements, the generated tools appear to underestimate some 

human blockage effects, i.e. for small targets placed close to the receivers. This opens the room for 

possible improvements. The considered generative systems are currently trained to reproduce EM 

blocking effects obtained by scalar diffraction methods. Training the system with different EM 

blockage models, such as full-wave solutions or Method of Moments (MoM), and/or using more 

accurate body models, might increase the generalization capabilities. 

 

We expect the proposed models to become indispensable tools in different scenarios all relevant 

in HOLDEN project, and particularly WP3, WP4 and WP6.  
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