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Introduction 
 

ISLANDS, standing for Integrated Sensing and Communications for Future VehicuLAr 

Systems, is a doctoral network focusing on the theoretical and algorithmic foundations of 

Integrated Sensing and Communication (ISAC) for the automotive sector. Its objective is to 

develop new physical-layer and network-level solutions, to explore the fundamental limits of 

ISAC technologies in high-mobility environments, and to provide experimental validation and 

testing for the developed techniques. ISLANDS has received funding from the European 

Union’s Horizon Europe (HORIZON) Marie Skłodowska-Curie Actions Doctoral Networks 

(MSCA-DN) programme under Grant Agreement No. 101120544. 

 

Deliverable D1.4 constitutes the intermediate report on the research activities related to both 

the theoretical framework (Task 1.1) and the algorithmic framework (Task 1.2), as defined in 

the Description of Action (DoA). The main purpose of this document is to present the work 

carried out so far, to summarize ongoing developments and to highlight recent breakthroughs 

achieved within Work Package 1 (WP1): Theoretical and Applied Research.  

 

The activities described here reflect the coordinated efforts of all doctoral candidates involved 

in WP1 regarding the progress made toward Research Objectives 1 and 2. Research 

Objective 1 focuses on developing the mathematical underpinnings, fundamental trade-offs, 

and performance limits for ISAC in vehicular environments. Additionally, Research Objective 

2 aims at designing advanced waveforms, transceiver algorithms, beamforming techniques, 

AI-enabled solutions, and resource-allocation mechanisms tailored for ISAC operation under 

realistic automotive conditions. In particular, the activities documented here include: 

1. State-of-the-art reviews, 

2. Initial theoretical advances and methodological developments, 

3. Algorithmic designs, simulations, and experiments, and 

4. Identified challenges and next steps. 

 

The rest of the report is divided into two main chapters, each addressing one specific Task. 

Under each Task, different contributions are presented, collected from all doctoral candidates, 

as each researcher tackles complementary aspects of ISAC theory and algorithms, ensuring 

coverage of all identified scientific challenges. 
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Task 1.1: Theoretical Framework for ISAC Lead by ACG-RC, Months 

13–24 
 

Objectives 
 
Task 1.1 focuses on establishing the theoretical foundations required to enable high-
performance ISAC in vehicular environments. It includes a state-of-the-art review of existing 
ISAC theories and the development of new mathematical tools that capture the coupling 
between sensing and communication under high mobility, strong Doppler effects, and strict 
automotive constraints.  
 
A key objective of this task is to analyse the fundamental trade-offs that govern dual-function 
radar–communication (DFRC) systems, where sensing and communication performance 
influence one another and must be jointly optimised. The resulting Pareto frontiers will be 
examined to identify the most favourable trade-offs, supported by mutual-information-based 
performance measures that help unify radar and communication system analysis. 
 
The work carried out in Task 1.1 directly addresses the four gaps identified in the Description 
of Action. Gap 1.1 highlights the limitations of existing DFRC waveform designs, which 
typically optimise sensing or communication separately. Tackling this requires new joint 
design frameworks that capture the inherent radar–communication trade-offs through unified 
performance metrics, hardware-aware formulations, mutual-information–based analysis, and 
multi-objective optimisation capable of revealing the underlying Pareto frontiers. Gap 1.2 
concerns the lack of benchmark schemes and performance bounds for AI-based ISAC. To fill 
this gap, canonical ISAC problem formulations and associated metrics will be defined, together 
with model-based and data-driven bounding methodologies that account for practical 
automotive considerations such as detection errors, data association, and model mismatches. 
 
Gap 1.3 arises from the absence of an automotive-oriented spectrum-sharing framework that 
supports both sensing and communication with guaranteed quality of service. Addressing this 
involves defining an architectural foundation with spectrum-sharing rules, occupancy 
information, geolocation tools, and policy enforcement mechanisms tailored to ISAC. Finally, 
Gap 1.4 relates to the need for a unified ISAC evaluation methodology. Existing approaches 
do not allow fair comparison with traditional radar methods, motivating the development of 
new metrics that jointly quantify sensing accuracy and communication spectral efficiency and 
support consistent evaluation across ISAC technologies. 
 
The following sections present the individual contributions of each doctoral candidate working 
on Task 1.1. Each contribution addresses one or more of the identified gaps and reflects the 
progress made so far in developing the theoretical foundations required for ISAC in vehicular 
environments. 
 

Theoretical framework for radar-centric backscatter-enabled ISAC 

systems in Vehicular Environments (CNIT) 
 

Introduction 

In alignment with the DoA, the work carried out in this study analytically examines how 
conventional automotive radar waveforms can be extended and reused to support 
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backscatter-enabled communication while retaining their sensing functionality, without 
introducing new waveform structures.  
 
The DoA objectives for Task 1.1 will be met by conducting a structured theoretical investigation 
of radar-centric ISAC foundations, supported by extensive literature reviews in ISAC theory, 
automotive radar systems, and backscatter-enabled communication. This theoretical effort will 
establish the analytical basis required for the algorithmic developments that will be carried out 
in Task 1.2. 
 

State of the art 

The work conducted under Task 1.1 focused on establishing the theoretical foundation 
necessary for radar-centric ISAC operation in vehicular environments. Such radar-
centric system corresponds directly to the ISLANDS use case of on-vehicle radar-enabled 
ISAC, leveraging the vehicle’s existing 77-GHz radar for both sensing and low-rate 
communication, as outlined in Research Objective 3. 
 
Consolidation of theoretical background 
A preparatory phase was dedicated to strengthening the mathematical and system-level 
fundamentals required for ISAC analysis. This included the study of probability theory, 
stochastic processes, digital communications, wireless communication theory, coding 
principles, and modern radar fundamentals. This background enabled the integration of radar 
and communication concepts in a unified analytical framework, as required by the DoA. 
 
Automotive radar technologies 
The second stage consisted of an in-depth state-of-the-art review of automotive radar 
architectures and signal-processing methods to establish the sensing foundations required for 
radar-centric ISAC. The reviewed literature describes the full processing chain of modern 
vehicular radars, beginning with waveform generation (FMCW, PMCW, OFDM), followed by 
range–Doppler processing, angle estimation via digital beamforming, target detection, 
clustering, and multi-target tracking [1.1.1]–[1.1.4]. Conventional FMCW radars remain the 
dominant technology due to their hardware simplicity, low sampling requirements, and 
continuous-wave operation, but alternative OFDM and PMCW radars are gaining traction for 
their digital reconfigurability, software-defined nature, and ability to support multifunction 
operation under interference and multipath conditions [1.1.3]. 
 
Advanced estimation algorithms—including MUSIC/ESPRIT, compressed-sensing-based 
recovery, CFAR detection, and Kalman/particle filtering—were examined as they enable high-
resolution sensing, extended-target tracking, and robustness to clutter in dense urban 
environments [1.1.2], [1.1.4]. The surveys also emphasized the architectural shift toward 
MIMO and virtual-array radars, which significantly enhance angular resolution by exploiting 
spatial diversity and digital beamforming. Hardware advances such as CMOS/SOI and SiGe 
radar-on-chip integration further support compact, low-cost, and scalable radar modules 
suitable for large-scale vehicular deployment [1.1.1], [1.1.4].  
 
A recurrent theme across the reviewed papers is the evolution toward cognitive, adaptive, and 
cooperative radar systems capable of adjusting waveforms, beam patterns, and resource 
allocation based on environmental conditions. Several works also highlighted the emerging 
concept of networked automotive radar, where multiple radars—mounted on a vehicle or 
across vehicles and infrastructure—cooperate, share information, and mitigate mutual 
interference. This trend directly aligns with the ISLANDS radar-centric scenario, where 
automotive radars are envisioned not only as perception sensors but also as communication-
capable nodes within a cooperative vehicular network. 
 



 

6 
 

Project: 101120544 — ISLANDS — HORIZON-MSCA-2022-DN-01 D 1.4 Intermediate report on tasks 1.1 and 1.2 

ISAC theoretical frameworks 
A focused review of ISAC literature was conducted to understand the main theoretical 
approaches used to model joint sensing and communication. The studies consistently group 
ISAC research into three categories:  

i. radar-centric models, where radar waveforms (e.g., FMCW, PMCW) are reused to 
carry communication data;  

ii. communication-centric models, where signals such as OFDM are adapted for sensing; 
and  

iii. joint DFRC models, where sensing and communication are optimized together in a 
unified framework.  

The reviewed works highlight that ISAC design requires sharing time–frequency–spatial 
resources between the two functions. Many studies therefore introduce optimization 
methods—such as rate-constrained sensing design, estimation-error minimization, or Pareto-
front analysis—to describe how radar performance and communication performance influence 
each other.  
 
The review also covered ISAC in cooperative or networked settings, where several nodes 
jointly perform sensing and communication. These scenarios raise challenges related to 
interference, synchronization, and coordination, which are relevant to the multi-node 
ISLANDS use case.  
Finally, emerging topics such as task-oriented waveform design, information-theoretic limits, 
and AI-assisted ISAC were reviewed. These works show how ISAC is evolving toward more 
adaptive and flexible system designs [1.1.5–1.1.7]. 
 
Backscatter and symbiotic communication paradigms 
A detailed review was conducted on backscatter and symbiotic communication systems to 
understand how passive devices reuse an existing RF carrier for data transmission. The 
surveyed works establish backscatter communication as an energy-efficient technique in 
which a tag embeds information by modulating its reflection coefficient. The fundamental 
signal and channel models—reflection-based modulation, cascaded (double-fading) 
propagation, and coherent versus non-coherent detection—were examined to understand the 
inherent limitations and operating conditions of such links [1.1.8–1.1.11]. These studies 
highlight that backscatter channels suffer from severe power attenuation, and that techniques 
such as beamforming, RIS-assisted reflection, and energy harvesting are commonly adopted 
to enhance link reliability.  
 
The review also covered the symbiotic radio paradigm, in which the tag’s signal is embedded 
as a structured component of a primary transmission. This concept enables cooperative 
coexistence, where both systems jointly shape waveform, beam patterns, and reflection 
phases to improve spectral efficiency. Recent work on RIS-assisted backscatter demonstrates 
how reconfigurable surfaces can emulate or amplify tag behaviour, enabling adaptive beam 
control, improved coverage, and support for multiple readers [1.1.9].  
 
Although these frameworks are largely communication-centric, they offer essential conceptual 
insights for radar-centric ISAC. In particular, the principles of passive modulation, cooperative 
spectrum reuse, and structured reflections directly relate to the ISLANDS radar-to-tag 
scenario, where the radar waveform itself acts as both the sensing illumination and the 
communication carrier [1.1.10]. This review therefore provides the theoretical link connecting 
classical radar modelling with passive and symbiotic communication mechanisms. 
 

Mathematical analysis  

The mathematical formulation of the radar–tag–reader architecture under development was 
examined in detail. 



 

7 
 

Project: 101120544 — ISLANDS — HORIZON-MSCA-2022-DN-01 D 1.4 Intermediate report on tasks 1.1 and 1.2 

 
 
Figure 1.1.1 Radar–RIS–Reader architecture considered in Task 1.1. 

Identification of the relevant ISAC problem 

A radar-centric ISAC configuration was identified in which a bistatic radar illuminates a RIS-
based tag that modulates the incident waveform, while a separate reader receives the 
backscattered signal. This setting, illustrated in Fig. 1.1.1, defines a concrete dual-function 
scenario comprising a radar illumination path and a RIS-assisted backscatter communication 
path. This structure captures the essential elements required to analyse radar-centric 
ISAC with passive tag-based modulation and provides the theoretical basis for the 
derivations conducted in Task 1.1. 
 
Elaboration of the system description and signal model 
The bistatic radar illumination, the RIS-assisted reflection, and resulting reader observation 
were formulated into a consistent signal model. Radar transmissions occur over frames of L 
consecutive periods, where the transmitted baseband signal is: 

ℓ = ∑ 𝑎(𝑡 − ℓ𝑇𝑎)

𝐿−1

𝑙=0

, 

with 𝑎(𝑡) denoting the radar pulse. 

At the tag, each RIS element 𝑚 = 1, . . . , 𝑀 applies a unimodular space–time symbol 𝑥ℓ,𝑚   in 

the ℓ-th period. The received signal at the reader consists of three components: 

● the desired cascaded radar–tag–reader reflection,  
● the direct radar–reader interference,  
● and additive noise. 

This is expressed in continuous time as: 

𝑦𝑅  (𝑡) = ∑ ∑ 𝑥ℓ,𝑚 𝛼𝑅,𝑚(𝑡 − ℓ 𝑇𝑎)𝑀
𝑚=1

𝐿−1
ℓ=0 + ∑ 𝑖 𝑅(𝑡 − ℓ 𝑇𝑎)𝐿−1

ℓ=0 +  𝜔𝑅(𝑡), 

where 𝛼𝑅,𝑚(𝑡) is the radar pulse as observed at the reader after propagation through the 

cascade channel involving the m-th RIS element which corresponds to the desired signal, 
𝑖 𝑅(𝑡) is the radar pulse as observed at the reader after propagation through the radar-reader 

channel which corresponds to the interference and 𝜔𝑅(𝑡) is the additive noise. 
 
This signal model forms the analytical foundation used in Task 1.1 to describe dual-function 
operation and to define communication and sensing metrics in a mathematically coherent way. 
 
Proposal of a space–time encoding strategy for dual-function operation 
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A preliminary space–time encoding approach based on RIS subarray partitioning and 
unimodular temporal symbols has been outlined to enable dual-function behaviour. This 
strategy allows the RIS to simultaneously shape the transmit beampattern and embed 
information for communication through structured temporal modulation. 
 
Definition of communication and sensing performance metrics 
Preliminary performance metrics were identified, including the word error-probability for the 
communication function, and probabilities of false alarm and of target detection for the sensing 
function. These metrics provide a means to assess dual-function performance in proposed 
radar-centric ISAC configuration in Fig. 1.1.1 and to carry out system design and optimization. 
 

Future Work 

Future work will focus on optimizing and validating the space–time encoding strategy 
envisioned in Task 1.1. This includes optimizing the number, shape, and spatial response of 
the RIS subarrays, as well as the structure of the temporal codebook used for dual-function 
operation. Further efforts will also be devoted to deriving the corresponding communication 
and radar receivers associated with this encoding rule. In parallel, more realistic channel 
models for both the source–tag–reader and source–reader links will be developed to 
adequately capture propagation characteristics. Finally, the impact of radar waveform 
parameters on both sensing and communication performance will be assessed to establish a 
more complete understanding of system behaviour and to guide subsequent developments. 

Geometric Constellation Shaping for OFDM ISAC (UCL) 
 

Introduction 

In this study, a unified Multiple Input Multiple Output (MIMO) OFDM ISAC signal is used to 
simultaneously serve both functionalities, i.e., downlink data transmission and target 
detection, fully aligning with Gap 1.1 and the overall ISLANDS objective of developing 
mathematically grounded dual-functional waveforms. Constellation shaping is chosen as 
the central design variable, as it jointly influences communication reliability and the waveform 
statistics governing sensing performance.  
 
New mathematical models are developed to characterize how constellation properties 
influence the integrated sidelobe level of the ambiguity function, a metric directly linked to 
sensing detection probability. A multi-objective constellation optimization problem is 
formulated and solved using Pareto efficiency principles, enabling an investigation of the 
inherent radar–communication trade-offs within the constellation domain. This addresses 
Gap 1.1 by characterizing the fundamental sensing-communication limits of dual-
functional waveforms and aligns with ISLANDS vehicular use cases, such as platooning 
and cooperative perception, where both high detection reliability and communication 
performance must be jointly satisfied. 
 

State of the art 

Constellation effect on ISAC 

Orthogonal Frequency Division Multiplexing (OFDM) has been widely explored in the recent 
literature as the unified waveform that will facilitate both sensing & communications. However, 
OFDM-based ISAC signals have to accommodate randomness of the communication data in 
order to support robust sensing. The fundamental question of how different constellations 
affect generalized ISAC waveform design under random signalling is studied in [1.1.13] and 
extended to pulse shaping [1.1.14]. A framework based on the auto-correlation function and 
the expected Integrated Sidelobe Level (ISL) shows that OFDM with cyclic prefix minimizes 
sidelobes for QAM and PSK constellations. 
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In communication systems, constellation choice governs spectral efficiency and error 
performance: higher orders increase data rate but reduce noise resilience, while lower orders 
offer greater robustness. For sensing, constellations affect ambiguity function (AF) sidelobes, 
influencing detection performance [1.1.15]. This creates a fundamental S&C trade-off: 
constant modulus constellations (e.g., PSK) yield low AF sidelobes but limit data rate, whereas 
non-constant modulus constellations (e.g., QAM) maximize spectral efficiency but produce 
higher sidelobes. 

 
Du et al. [1.1.16] analyse the AF of an OFDM-based ISAC system and express it in terms of 
its variance, which is largely determined by the fourth moment of the constellation amplitudes. 
Building on this, they propose a PCS design in which the fourth-moment amplitude is 
constrained by a parameter that controls the AF variance. In a subsequent work [1.1.15], they 
extend this approach by generalizing the AF characteristics to multiple OFDM signals and 
employing a more advanced solver to address the optimization problem. Lai et al. [1.1.17] 
investigate the impact of different constellations on target detection in OFDM based ISAC 
systems. Based on their analysis, they propose a subspace-based detection method that 
identifies and suppresses interference from strong targets. Inspired by autoencoders, Geiger 
et al. [1.1.12] propose a joint constellation shaping to combine the advantages of both 
geometric and probabilistic approaches and demonstrate that GCS is better suited for 
sensing compared to PCS. 
 

Mathematical analysis 

ISL–constellation connection in multi-constellation scenario 

This work establishes a new theoretical link between sensing and communication 
performance in OFDM-based MIMO ISAC systems with 𝐾 downlink users. Building on [1.1.18], 
a closed-form expression for the expected ISL was derived as a function of the higher-order 

statistics of the transmitted symbol vector 𝐬, whose entries are drawn from the user-specific 

constellations 𝒞(1), … , 𝒞(𝐾): 

𝔼[𝜉𝐼𝑆𝐿(𝒞)] = ∑ [(𝜎𝑢
2)2 ∙ (𝐴1

(𝑢)
− 2𝐴2

(𝑢)
)]

𝐾

𝑢=1

+ ∑ [𝜇𝑢 ∙ 𝐴2
(𝑢)

]

𝐾

𝑢=1

+ ∑ [|𝛾𝑢|2 ∙ (𝐴3
(𝑢)

− 𝐴2
(𝑢)

)]

𝐾

𝑢=1

 

where 𝜎𝑢
2 = 𝔼 [|𝑠𝑖

(𝑢)
|

2
] expresses the variance, representing the average energy, 𝜇𝑢 =

𝔼 [|𝑠𝑖
(𝑢)

|
4

] is the unnormalized fourth order moment, defining the amplitude distribution and 

𝛾𝑢 = 𝔼 [(𝑠𝑖
(𝑢)

)
2

] is the magnitude of the pseudo-covariance, capturing the non-circularity of 

the constellation. The constants 𝐴1
(𝑢)

, 𝐴2
(𝑢)

, 𝐴3
(𝑢)

 for user 𝑢, depend on the precoding matrix and 

the array geometry, capturing the system-specific spatial processing. 
 

Next, by coupling ISL and minimum Euclidean distance (MED) of the received constellation 

into a Pareto-weighted optimization, the framework quantifies and controls the radar–

communication trade-off through a single parameter, 𝜆: 

𝜆 ∙ 𝔼[𝜉𝐼𝑆𝐿(𝒞)] − (1 − 𝜆) ∙ 𝑑𝑚𝑖𝑛 

 

Multi-User Geometric Constellation Shaping 

The theoretical ISL–MED model was implemented through geometric constellation shaping, 
which has been shown to be better suited for sensing-centric scenarios [1.1.12], in line with 
the ISLANDS use cases. The optimization jointly minimizes ISL and maximizes MED under 
zero-mean, unit-power, and circularity constraints, ensuring physically realizable 
constellations. All constellations are optimized simultaneously by stacking them into a unified 
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vector 𝐜 = [𝒞(1), … , 𝒞(𝐾)], while enforcing the geometry constraints on each individual 

constellation. To incorporate the MED in the formulation, an auxiliary variable 𝑡(𝑢) and 
corresponding MED constraints (in quadratic form) are introduced for every user 𝑢. The 
optimization problem can be written as: 

(𝒫1)   min
𝐜,𝑡

       𝜆 ∙ ∑[𝜇𝑢 ∙ 𝐶𝑢]

𝐾

𝑢=1

− (1 − 𝜆) ∙ ∑ 𝑡(𝑢)

𝐾

𝑢=1

 

𝑠. 𝑡.       𝐜𝐻𝑹𝑘𝓵
𝑢 𝐜 ≥ 𝑡(𝑢), 

𝔼 [𝑠𝑖
(𝑢)

] = 0, 

𝜎𝑢
2 = 1, 

|𝛾𝑢|2 = 0, 

p (𝑠𝑖
(𝑢)

) =
1

𝑀𝑢
 

 
Since we only shape the constellation geometrically, the last constraint, enforcing 
equiprobable symbols, is not applicable and therefore can be omitted. The resulting non-
convex problem is solved using Sequential Quadratic Programming (SQP), which results in a 
local optimum. To improve the quality of the final solution, the SQP solver can be run multiple 
times with different initializations, and the best solution is then selected.  
 

Results 

Constellation Diagrams 

The optimization is tested in a simple simulation setup consisting of a BS with 𝑁𝑇 = 4 transmit 

antennas serving 𝐾 = 2 communication users and detecting one target, under the assumption 
of a zero-forcing precoding scheme. Examples of the optimized constellations for different 

values of 𝜆 are shown in Fig. 1.1.2 and Fig. 1.1.3 for the 16-point constellation of user 1 and 
the 64-point constellation of user 2, respectively. 

 

The optimized constellations exhibit a smooth progression along the Pareto front. For small 𝜆, 
the design prioritizes communication performance, producing regularly spaced constellations 
with higher throughput. For large 𝜆, the constellations become more irregular and converge 
toward constant-modulus shapes, which reduce sidelobe energy and enhance sensing 
performance. When users employ constellations of equal order, the zero-forcing precoder 
imposes fairness, resulting in identical optimized constellations, an outcome that confirms the 
consistency of the joint design. 
 

a)

 

b)

 

c)

 

d)

 
 
Figure 1.1.2. Constellation diagrams for 16-points optimized constellation at (a) λ=0, (b) λ=0.4, (c) λ=0.6 , (d) λ=0.9, for a 
system consisting of K=2 users, a BS with N_T=4 transmit antennas and assuming a zero-forcing precoding scheme. 
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a) 

 

b) 

 

c) 

 

d) 

 
 

Figure 1.1.3: Constellation diagrams for 64-points optimized constellation at (a) λ=0, (b) λ=0.4, (c) λ=0.6, (d) λ=0.9, for a 
system consisting of K=2 users, a BS with N_T=4 transmit antennas and assuming a zero-forcing precoding scheme. 

Fundamental Design Trade-off 

To quantify the impact of constellation-induced noise robustness on communication capacity, 

we numerically estimate the mutual information from the received symbol statistics. The 

achievable throughput, computed via the mutual information for finite constellations, captures 

how constellation shaping influences noise robustness. The mutual information is evaluated 

as:  

𝔼𝑠,𝑌 [log2 (
𝑃(𝑌|𝑠)

𝑃(𝑌)
)], 

where 𝑃(𝑌|𝑠) =
1

𝜋𝑁0
𝑒

−(
|𝑌−𝑠|2

𝑁0
)
, 𝑃(𝑌) = ∑ 𝑃(𝑠́)𝑃(𝑌|𝑠́)𝑠́∈𝒞  and 𝑃(𝑠́) =

1

𝑀
. Fig.1.1.4 shows the 

resulting average throughput (in bits per second per channel use) versus average SNR for 
different constellation designs. Constellations with larger MED (i.e., smaller 𝜆) achieve higher 
throughput, especially in the moderate-to-high SNR regime where symbol distinguishability 
dominates. 

 
Figure 1.1.4: Achievable communication throughput versus average SNR of the system, for various λ, when both users have 
been assigned common 64-point constellations. Throughput (in bits per second per channel use) is empirically calculated 
based on MI for finite constellations. 

Sensing performance is evaluated in terms of detection probability, which is obtained using a 

Smallest-Of Constant False Alarm Rate (SO-CFAR) [1.1.19] detector with 𝑃𝐹𝐴 = 10−4, 

assuming a point-like target and strong self-interference conditions (𝑆𝑁𝑅𝑆𝐼 = 10𝑑𝐵). The 

sensing SNR is defined as the echo-to-noise ratio of the desired target. Fig.1.1.5 shows the 

detection probability of the desired target versus its SNR for various 𝜆 values, showing that 
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larger 𝜆 values improve detection probability, especially at moderate SNRs, whereas smaller 

𝜆 require higher SNR to achieve similar performance. 

 

Figure 1.1.5: Detection probability P_D of the wanted target versus target SNR for different λ values, with 𝑀1 = 𝑀2 = 64 and 
ZF precoding. SO-CFAR detector with 𝑃𝐹𝐴 = 10−4 for a point-like target in the presence of strong self-interference (𝑆𝑁𝑅𝑆𝐼 =
10𝑑𝐵). 

The results highlight the fundamental design trade-off: small 𝜆 values design constellations 

optimized for communication reliability, while large 𝜆 favor sensing, providing a tunable 

balance between the two. Fig.1.1.6 illustrates the resulting performance trade-off, using 

detection probability as the sensing metric and achievable throughput as the communication 

metric.  

 
Figure 1.1.6: Trade-off between achievable throughput and radar detection probability, calculated for a SO-CFAR detector 
with false alarm rate of 10−4. Both users employ a 64-point constellation. Radar detection is evaluated at 𝑆𝑁𝑅𝑟𝑎𝑑𝑎𝑟 =
−6 𝑑𝐵 in the presence of strong self-interference (𝑆𝑁𝑅𝑆𝐼 = 10 𝑑𝐵). Throughput is empirically calculated via the Mutual 
Information for finite constellations at an average communication SNR of 𝑆𝑁𝑅𝑐𝑜𝑚𝑚 = 20𝑑𝐵. Each point corresponds to a 

different value of the trade-off factorλ, which balances communication and sensing objectives. 
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Future Work 

Future work for Task 1.1 will extend the analytical framework to include multiple and range-
distributed targets, which naturally occur in vehicular environments and are aligned with the 
ISLANDS vehicular use case. In alignment with Gap 1.1, the framework will also be made 
waveform-agnostic, enabling the proposed constellation-based design principles to be applied 
across different signalling formats. 
 

ISAC–Radar Coexistence and Underlay Spectrum Sharing (ACG-RC) 

 

Introduction 

Task 1.1 aims to establish the theoretical foundations necessary for ISAC operation in 
high-mobility vehicular environments, with a focus on developing spectrum-sharing principles 
that ensure reliable sensing and communication performance across the ISLANDS vehicular 
use cases. This need is driven by the growing integration of high-resolution automotive radar 
and V2V/V2I communication in future autonomous systems, and by the emergence of ISAC 
as a unified solution for both functions.  
 
However, the coexistence of ISAC nodes with legacy FMCW radars and existing 
communication technologies in dense traffic introduces significant interference risks. The 
absence of a QoS-aware spectrum-sharing framework capable of guaranteeing sensing 
accuracy and communication reliability in such heterogeneous deployments—identified as 
Gap 1.3— is particularly critical for ISLANDS scenarios such as mixed-fleet operation, 
cooperative automated mobility, and radar-centric safety functions, thereby motivating 
the development of analytical tools to characterize and regulate ISAC–radar coexistence 
[1.1.20]. 
 
To address this need, the present work introduces an analytical framework for the 
coexistence of OFDM-based ISAC transmitters and FMCW automotive radars operating in the 
same spectrum within realistic ISLANDS traffic scenarios. The framework begins with a 
compact interference model describing how OFDM energy couples into the FMCW receiver 
and distorts the beat signal and range–Doppler map. The model accounts for multipath 
propagation, geometry-dependent channels, and aggregated interference from multiple 
vehicles, yielding explicit expressions for received interference power and resulting radar 
SINR. 
 
Building on this foundation, an underlay spectrum-sharing formulation is developed. An 
interference-temperature constraint is defined at the radar receiver, and closed-form ISAC 
power-control conditions are derived as functions of the interference threshold, propagation 
environment, and relative vehicle geometry, enabling QoS-compliant coexistence for 
ISLANDS mixed-fleet use cases. 
 
Finally, the derived SINR expressions are linked to key sensing QoS metrics, including beat-
SNR, detection probability, and estimation accuracy. This mapping identifies interference-
limited and noise-limited regimes and provides quantitative rules for safe-distance and 
interference zones around ISAC transmitters, information directly applicable to highway, 
urban, and cooperative-perception scenarios identified in ISLANDS.. 
 

Overall, the framework supplies the mathematical basis required for QoS-aware ISAC 

coexistence with legacy automotive radars, directly supporting the objectives of Task 1.1 

and contributing to closing Gap 1.3 within the ISLANDS project. 
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State-of-the art 

This section reviews key developments relevant to vehicular ISAC, underlay spectrum 

sharing, and the coexistence of ISAC nodes with legacy systems. The aim is to position the 

current work within the existing research landscape and identify the gaps that motivate the 

need for coordinated spectrum-sharing mechanisms [1.1.21]. 

 

Radar–Communication Coexistence and ISAC Foundations 

Early research on radar–communication coexistence focused on mitigating mutual 

interference in systems sharing overlapping frequency bands. Approaches included spectral 

separation, spatial filtering, interference cancellation, and coordinated waveform design. More 

recent ISAC frameworks exploit the inherent similarities between radar and communication 

signals, enabling a single transceiver chain and unified processing across both functions. 

 

In automotive applications, FMCW radar has become the dominant sensing modality, while 

NR-V2X and IEEE 802.11p/ITS-G5 support vehicular communication. These systems, 

however, were originally designed under the assumption of largely isolated spectral operation. 

Emerging ISAC systems challenge this assumption, as radar and communication waveforms 

now coexist in shared or adjacent bands. 

 

Recent surveys highlight three main coexistence philosophies: 

• Spectral coexistence: radar and communication systems operate simultaneously 

within overlapping frequency ranges, necessitating interference-control mechanisms. 

• Cognitive coexistence: systems learn or sense each other’s activity and dynamically 

adapt transmission patterns. 

• Functional coexistence (ISAC): a single waveform or transceiver jointly performs 

sensing and communication tasks. 

 

Vehicular ISAC belongs to the last category, yet must still operate alongside legacy radar and 

communication systems, making coexistence an unavoidable design objective. This 

interaction is particularly relevant for autonomous driving, where multiple vehicles 

simultaneously use radar-like waveforms for perception [1.1.22],[1.1.23]. 

 

Underlay Spectrum Sharing for ISAC 

Spectrum sharing is commonly categorized into overlay, interweave, and underlay modes: 

• Overlay relies on cooperation or message sharing between systems. 

• Interweave exploits temporal or spectral opportunities when incumbents are silent. 

• Underlay allows continuous transmission under strict interference limits. 

For safety-critical vehicular sensing applications, the underlay mode is the most appropriate, 

as sensing cannot be deferred and must operate continuously. Underlay spectrum sharing 

requires the ISAC transmitter to satisfy an interference-temperature constraint [1.1.24]: 

𝐼ISAC → legacy  ≤  𝐼th, 

where 𝐼th is the interference threshold tolerated by the legacy system. 

 

Underlay techniques have been widely studied in cognitive radio and, more recently, extended 

to ISAC systems. Relevant methods include: 

• Power control based on interference budgets 

• Beam shaping and  spatial nulling toward sensitive receivers 
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• Waveform optimization to minimize cross-correlation with legacy radar signals 

• Joint radar–communication resource allocation 

These methods primarily rely on accurate channel information or environmental awareness, 

which is challenging in highly dynamic vehicular environments. Additionally, underlay ISAC 

systems must maintain sensing quality while respecting interference constraints, leading to 

inherently coupled optimization problems. 

 

Although underlay ISAC has been conceptually explored in several domains, its application to 

automotive radar coexistence remains underdeveloped, particularly regarding real-time 

operation, mobility-induced Doppler effects, and dense multi-vehicle interactions [1.1.25]. 

 

ISAC in Autonomous and Vehicular Environments 

Autonomous driving imposes stringent requirements on both radar sensing and vehicular 

communication. Automotive radar must provide: 

• High range resolution (~0.1–0.2 m). 

• Accurate velocity estimation. 

• Robustness to multipath and clutter. 

• Minimal false alarms in dense traffic. 

 

Similarly, V2V/V2I communication requires: 

• Low latency (<5–10 ms). 

• High reliability (>99.999%). 

• Resilience to fast channel variations. 

 

Several recent studies examine ISAC-enabled vehicular radar, multi-static sensing, and 

cooperative perception. These works demonstrate the potential of ISAC to reduce hardware 

costs and improve environmental awareness, but also reveal major coexistence challenges: 

• Interference among radars on adjacent vehicles, especially in traffic clusters or 

convoys. 

• Interference from high-power automotive radars to nearby communication and sensing 

receivers, even when using different waveforms or protocols. 

• Lack of coordination among heterogeneous vehicles, including those equipped with 

ISAC, those with legacy radar, and those with only communication modules [1.1.26]. 

 

Research to date shows that uncontrolled ISAC transmissions may degrade detection 

performance or communication reliability in near-range interactions. However, structured 

spectrum-sharing strategies tailored for automotive ISAC, particularly underlay-based 

approaches, remain largely unexplored beyond conceptual frameworks. 

 

These findings reinforce the need for the work carried out in this report, namely the 

development of representative vehicular ISAC scenarios, the modeling of interference 

footprints, and the design of underlay coordination mechanisms for future autonomous 

transportation systems [1.1.27]. 

 

System Model 

This section presents the mathematical models for the OFDM-based ISAC transmitters, the 

legacy FMCW radar, the target reflections, and the interference coupling between the two 
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heterogeneous waveform types. These formulations provide the foundation for evaluating 

interference levels and for defining the underlay spectrum-sharing constraints required to 

ensure safe coexistence in vehicular environments. 

ISAC Transmitter Model (OFDM-Based) 

Each ISAC-equipped vehicle transmits a continuous OFDM signal that simultaneously 

supports communication and sensing functionalities. Let the baseband OFDM symbol be 

represented as [1.1.28]: 

𝑥OFDM(𝑡) = ∑ 𝑋𝑛

𝑁−1

𝑛=0

 𝑒𝑗2𝜋(𝑓0+𝑛Δ𝑓)𝑡 ,  𝑡 ∈ [0, 𝑇sym], 

where N is the number of subcarriers, Δ𝑓 is the subcarrier spacing, 𝑓0 is the base (lowest) 

subcarrier frequency, 𝑋𝑛 denotes the complex modulation symbol on subcarrier n, 𝑇sym =

1/Δ𝑓 + 𝑇CP is the OFDM symbol duration, including cyclic prefix. 

 

The transmitted passband signal is 

𝑠ISAC(𝑡) = 𝑅{𝑥OFDM(𝑡) 𝑒𝑗2𝜋𝑓𝑐𝑡}, 

with 𝑓𝑐denoting the carrier frequency in the 24GHz band. 

 

The sensing capability of the ISAC vehicle relies on the extraction of reflections from the 

OFDM waveform. Let the target be located at range R with relative radial velocity v. The 

received echo at the ISAC receiver after downconversion is modelled as [1.1.29]: 

𝑦ISAC(𝑡) = 𝛼 𝑥OFDM(𝑡 − 𝜏)𝑒𝑗2𝜋𝑓𝐷𝑡 + 𝑤(𝑡), 

where 𝜏 =
2𝑅

𝑐
is the round-trip delay, 𝑓𝐷 =

2𝑣

𝜆
is the Doppler shift, a is the complex reflection 

coefficient (dependent on target RCS and propagation loss), w(t) is additive noise. 

 

Delay–Doppler extraction is achieved by correlating the received pilot subcarriers across 

OFDM symbols. This process forms the basis for OFDM-based sensing and is highly sensitive 

to external interference. 

 

Legacy Automotive Radar Model (FMCW-Based) 

The legacy vehicle transmits a linear FMCW chirp described by [1.1.18]: 

𝑠FMCW(𝑡) = 𝑒
(2𝜋(𝑓𝑐𝑡+

1
2𝜇𝑡2))

,  𝑡 ∈ [0, 𝑇𝑐]. 

 

For a target at range R and velocity v, the received echo is: 

𝑟(𝑡) = 𝛽 𝑠FMCW(𝑡 − 𝜏)𝑒𝑗2𝜋𝑓𝐷𝑡 + 𝑛(𝑡), 

with similar definitions for 𝛽, 𝜏, and 𝑓𝐷 as in the OFDM case. 

 

After mixing with the transmitted chirp, the radar obtains the beat signal: 

𝑏(𝑡) = 𝑟(𝑡) ⋅ 𝑠FMCW(𝑡) 

which simplifies to a single-frequency tone for a single target: 

𝑏(𝑡) = 𝛽𝑒(2𝜋𝑓𝑏𝑡+𝜙), 

where 𝑓𝑏 = 𝜇𝜏 =
2𝜇𝑅

𝑐
 is the beat frequency used for range estimation. 
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A 2D FFT across chirps then provides the range–Doppler map. FMCW radars are particularly 

vulnerable to external interference because the beat frequency extraction assumes a clean, 

uninterrupted chirp. 

 

Interference Coupling Between OFDM and FMCW Signals 

The coexistence of OFDM-based ISAC and FMCW radar in the same spectrum produces 

bidirectional interference. The simulations in this report primarily focus on the OFDM → FMCW 

interference, which presents the strongest degradation effects. 

The received interference from an ISAC vehicle at the FMCW radar front end is [1.1.30]: 

𝑖OFDM(𝑡) = ℎch(𝑡) ∗ 𝑠ISAC(𝑡 − 𝑑) + 𝑤(𝑡), 

where ℎch(𝑡)is the vehicular propagation channel, d is the relative propagation delay. After 

mixing with the FMCW chirp, the interference term becomes: 

𝑏int(𝑡) = 𝑖OFDM(𝑡) ⋅ 𝑠FMCW(𝑡) 

which generates wideband distortion, spurious tones, elevation of the noise floor and 

corruption of the beat frequency. 

 

The observable SIR at the legacy radar is: 

SIRlegacy =
𝑃beat

𝑃OFDM→FMCW

. 

 

Underlay Spectrum-Sharing Constraint 

To ensure coexistence without explicit time/frequency coordination, underlay control requires 

the ISAC transmitter to satisfy: 

𝐼OFDM→FMCW ≤ 𝐼th, 

where 𝐼this the maximum tolerable interference power at the FMCW receiver. 

The underlay constraint must be enforced while maintaining minimum sensing quality for ISAC 

(range/velocity resolution), sufficient communication rate (if applicable) and stability under 

high mobility and Doppler spread. Thus, the ISAC transmit power must satisfy: 

𝑃ISAC ≤ 𝑃𝑚𝑎𝑥(𝑑, 𝜃) = 𝑓−1(𝐼th, ℎch,geometry) 

𝐻ere 𝑓−1 captures distance, angle, and propagation effects [1.1.7]. 

Spectrum Sharing and Interference Management Framework 

This section introduces the spectrum-sharing considerations required for coexistence between 

OFDM-based ISAC vehicles and legacy FMCW radars. Since both waveform types operate 

in the same band but exhibit fundamentally different temporal and spectral structures, mutual 

interference can severely degrade sensing and communication performance. The framework 

presented here motivates the necessity of underlay-based operation and defines the 

interference constraints that ensure safe coexistence in autonomous vehicular environments 

[1.1.27]. 
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Interference Environment in Mixed-Waveform Vehicular ISAC 

When OFDM-based ISAC and FMCW radar operate simultaneously, the interference paths 

include: 

1. OFDM → FMCW coupling: OFDM emissions raise the noise floor at the FMCW mixer, 

corrupting the beat frequency required for target detection. 

2. FMCW → OFDM coupling: FMCW chirps leak into OFDM subcarriers, interfering with 

pilot extraction and sensing channel estimation. 

3. ISAC → ISAC (inter-ISAC interference): Multiple ISAC nodes transmitting OFDM can 

interfere with each other’s sensing and communication functions. 

4. FMCW → FMCW (legacy radar interference): Though not the focus here, existing 

FMCW radars already suffer from mutual interference in dense traffic. 

The scenario developed in this work specifically evaluates OFDM → FMCW interference, 

which is the most harmful to target detection for legacy vehicles. 

 

The total interference power reaching a legacy radar receiver is [1.1.30]: 

𝐼rx = ∑ 𝑃ISAC,𝑘|ℎ𝑘(𝑑𝑘 , 𝜃𝑘)|2

𝐾

𝑘=1

, 

where K is the number of ISAC interferers, 𝑃ISAC,𝑘is the transmit power of the k-th ISAC node, 

ℎ𝑘is the propagation channel from the ISAC transmitter to the FMCW radar receiver, 𝑑𝑘, 𝜃𝑘 

are the relative distance and angle. 

 

The interference appears as: (a) broadband contamination of the beat signal, (b) spurious 

peaks in the range–Doppler map, (c) increased false alarms, (d) decreased detection 

probability. This behavior demonstrates the need for strict power limits enforced under the 

underlay spectrum-sharing approach. 

 

Underlay Spectrum Sharing for Vehicular ISAC 

Underlay spectrum sharing allows ISAC and legacy systems to transmit simultaneously but 

only if the interference experienced by the legacy radar remains below a predefined threshold. 

This threshold represents the maximum allowable degradation to ensure reliable sensing 

[1.1.31]. 

 

Interference-Temperature Constraint: 

The underlay constraint is expressed as: 

𝐼rx ≤ 𝐼th 

where 𝐼this the interference temperature determined by the allowable rise in noise floor, the 

minimum beat SNR required for FMCW detection and the regulatory emission constraints. 

 

Power Control Rule: 

To satisfy the above, the ISAC transmitter must adjust its power [1.1.31]: 

𝑃ISAC ≤
𝐼th

|ℎ(𝑑, 𝜃)|2. 

This formulation links allowable transmit power to geometry and mobility, meaning that ISAC 

nodes must reduce power when near a legacy radar and that higher power is allowed when 

far enough or with favorable propagation conditions. 
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Impact on ISAC Sensing & Communication 

Enforcing the underlay operation affects ISAC functionality: 

• Reduced transmit power may reduce sensing range or communication rate. 

• Adaptive modulation, subcarrier management, or beam shaping may be required. 

• ISAC waveform parameters (subcarrier spacing, pilot density) may need modification 

to remain robust under power constraints. 

Underlay operation, therefore introduces coupled constraints across OFDM design, sensing 

accuracy, and interference control. 

 

QoS Constraints in Autonomous Mode 

Autonomous vehicles operate with near-continuous sensing cycles. Unlike human-driven 

scenarios where sensing demand varies, the autonomous mode produces persistent radar 

activity, frequent ISAC data exchange and higher priority safety-critical tasks. This results in: 

1. No temporal gaps for interweave/overlay sharing. Underlay becomes the only 

feasible sharing regime because neither FMCW nor ISAC nodes can remain silent for 

coordination. 

2. Tight sensing-QoS requirements. Legacy FMCW radars require a beat SNR high 

enough to satisfy detection probability bounds: SNRbeat ≥ 𝛾min, where 𝛾min depends 

on desired range resolution and false-alarm specifications. 

3. Interference accumulation in dense traffic. Multiple ISAC nodes operating in 

proximity may jointly exceed the interference threshold unless coordinated. 

4. Mobility-induced dynamic interference. Rapid changes in vehicle distance and 

angle necessitate real-time adaptation of power and resource allocation. 

 

Motivation for Coordination Mechanisms 

The results of the interference analysis demonstrate that: 

• Individual ISAC vehicles cannot reliably estimate their impact on legacy radars without 

shared information. 

• Centralized control is impractical due to latency and scalability constraints. 

• A coordination framework must enable both legacy protection and ISAC performance 

guarantees. 

This requirement motivates the coordination schemes previously presented, which combine 

local interference estimation, lightweight vehicle–vehicle signaling, infrastructure-assisted 

algorithms and adaptive power control. 
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Task 1.2 : Algorithmic Framework for ISAC Lead by ACG-RC, Months 

13 – 24 
 

Task 1.2 focuses on developing the algorithmic foundations required to implement effective 

ISAC schemes in vehicular environments. Building on the theoretical insights from Task 1.1, 

this task encompasses a state-of-the-art review of existing ISAC algorithms and the 

development of new waveforms, transceiver architectures, beamforming strategies, AI-

enabled solutions, and resource-allocation mechanisms capable of operating reliably in high 

mobility conditions, strong Doppler effects, and doubly selective fading channels.  

 

The work conducted under Task 1.2 directly addresses the seven gaps identified in the 

Description of Action. Gap 2.1 highlights the limitations of current waveform designs, which 

often assume point targets or rely on radar-centric waveforms with inherent drawbacks. 

Addressing this requires new DFRC and radar-centric waveform solutions that account for 

extended targets, backscatter mechanisms, and hardware constraints. Gap 2.2 concerns the 

dependence of end-to-end learning approaches on differentiable channel models, motivating 

the development of gradient-free optimisation, reinforcement learning, and deep-unfolding 

methods for ISAC transmitter and receiver design. Gap 2.3 relates to the lack of ISAC 

methodologies for cell-free, vehicle-centric architectures, requiring new cooperative 

transceiver algorithms and waveform designs for monostatic and multistatic sensing under 

significant Doppler. 

 

Moreover, Gap 2.4 arises from the absence of suitable ISAC solutions for XL-MIMO and 

holographic arrays, where near-field propagation and mobility-induced Doppler must be 

incorporated into channel models, estimation techniques, and resource allocation. Gap 2.5 

focuses on the need for advanced radio-based SLAM algorithms capable of robust operation 

in highly dynamic, NLOS-rich vehicular scenarios, requiring improved data association, map 

uncertainty modelling, and ML-based feature extraction. Gap 2.6 addresses the absence of 

ISAC techniques within shared-spectrum conditions, necessitating new PHY/MAC 

mechanisms and performance analyses compatible with the spectrum-sharing framework 

described in Task 1.1. Finally, Gap 2.7 highlights the need for 3GPP-native ISAC protocols 

and architectural enhancements, including distributed or hybrid sensing schemes, sensing-

data fusion, and improved interference management tailored to ISAC. 

 

These activities reflect the scenarios defined in the DoA, including the development of 

geometrical target models and Fisher-information–based designs, waveform modifications for 

radar-centric ISAC, algorithms for backscatter communication, gradient-free end-to-end 

learning strategies, cooperative processing over multiple RRHs, near-field channel modelling 

for XL-MIMO and holographic arrays, and advanced radio-SLAM solutions that exploit joint 

time–frequency features and transfer learning. Further scenarios involve the creation of ISAC 

physical-layer and MAC techniques for shared-spectrum operation, as well as enhancements 

to the 5G NR protocol stack to support scalable sensing and cross-sensor fusion. 

 

The remainder of this chapter details the specific work carried out by each doctoral candidate 

under Task 1.2. 
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Distributed cell-free vehicle-centric architectures for joint 

communications and sensing (CNIT) 

 

Introduction 

In line with the DoA, Task 1.2 has completed a comprehensive state-of-the-art review of ISAC 

algorithmic methods, focusing on waveform design and cell-free massive multiple-input 

multiple-output (CF-mMIMO) architectures. This analysis revealed critical limitations in 

communication-centric waveforms and the underdevelopment of user-centric (UC) CF-

mMIMO approaches for vehicular networks—directly corresponding to Gaps 2.1 and 2.3. 

By consolidating these insights, the present work has established a foundation for algorithmic 

innovations that address these critical research requirements. 

 

Building thereon, the current work has developed a Doppler‑aware ISAC‑enabled CF‑mMIMO 

system employing OFDM waveforms, structured around a distributed user‑centric deployment 

for communication and a target‑centric perspective for sensing. This directly addresses Gap 

2.1 by introducing waveform solutions that move beyond radar‑centric frequency modulated 

continuous wave (FMCW) approaches, enabling improved dual‑function radar‑communication 

performance and accommodating range‑distributed targets. At the same time, the distributed 

CF‑mMIMO modelling responds to Gap 2.3 by providing ISAC signal processing 

methodologies tailored to networks of remote radio heads (RRHs) connected to a 

central processing unit (CPU), a configuration of high relevance for vehicular 

environments. Within this framework, Doppler‑based generalized likelihood ratio test (GLRT) 

receivers have been designed for reliable target detection, fulfilling the algorithmic objectives 

of Task 1.2. 

 

As part of Task T1.2, the current work began with an extensive literature review to identify 

state-of-the-art algorithmic approaches for ISAC in vehicular environments. Building on this 

groundwork, a system model for distributed UC-CF target-centric architectures for ISAC 

employing OFDM modulation has been developed, with particular attention to Doppler 

frequency effects. 

 

The model adopts a user-centric and target-centric approaches to enhance scalability. 

Accordingly, system modelling and analytical derivations have been carried out for 3D Doppler 

frequency profiles, OFDM transmission and reception signalling, and channel modelling. 

Furthermore, for sensing task, with focus on detection, GLRT-based processing tailored to 

Doppler-aware single-target scenarios has been derived and investigated. These 

analytical contributions are currently being implemented in MATLAB and will serve as the 

foundation for future algorithmic development within the ISAC framework. 

 

This work directly supports the ISLANDS use case of distributed, vehicle-centric UC-CF 

architectures, as described in the DoA, by addressing sensing–communication integration 

under large Doppler shifts typical of highway and urban connected-vehicle deployments. 

The combined user- and target-centric modelling approach contributes to scalable, energy-
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efficient system design, aligning with ISLANDS’ goal of developing interdisciplinary 

solutions for next-generation automotive networks. 

 

State-of-the-art 

The integration of sensing functions into the communication systems is envisioned to be an 
integral part of the 6G and future communication systems [1.2.1]. In line with the ISLANDS 
project objectives and use cases, this integration aims to optimize resource allocation, 
enhance spectral efficiency, and improve situational awareness. The following subsections 
provide a review of the literature addressing the project’s core concepts: UC-CF and ISAC. 
 

 User Centric Cell Free Architecture: 

Beyond 5G networks aim to incorporate promising new technologies to enable more effective 
and efficient wireless communication—offering faster data rates, lower latency, increased 
capacity, higher reliability, and improved overall connectivity [1.2.2]. Among these 
technologies, mMIMO systems are known as the most compelling key enabler in 5G and 
beyond networks, with one of the most promising paradigms being CF networks. In a CF-
mMIMO systems, traditional cell-based networks are replaced with a distributed system of 
cooperating access points (APs). These moderately-sized APs, linked to CPUs, improve 
coverage, performance uniformity, and mobility support while minimizing interference [1.2.3]. 
Different CF architecture configurations, namely distributed and centralized, have been 
analysed and investigated through recent years [1.2.4, 1.2.5]. One of the most important 
paradigms in CF which is closely aligns with ISLANDS use cases and addresses the 
scalability in the communication networks, is the UC approach. In the UC-CF, each user-
equipment (UE) is communicating with a subset of the APs, which is selected based on the 
UE’s needs. Thus, unlike the conventional cellular networks, CF-mMIMO networks use dense, 
cooperative AP deployments to deliver user-centric service with more consistent signal-to-
interference-plus-noise ratio (SINR), improved interference control, and enhanced 
transmission through joint AP coordination [1.2.5]. 
 

1.2.1.2 ISAC:  

ISAC has been identified as a key use case for 6G and can benefit various applications, such 
as the internet of things (IoT) and vehicular networks [1.2.6]. As outlined in the ISLANDS 
project description, communication and radar systems have historically been developed 
independently, leading to redundant devices that use the electromagnetic spectrum in similar 
ways. To support smart cities, intelligent mobility, infrastructure monitoring, and security, 
future wireless infrastructure must seamlessly integrate both communication and sensing 
capabilities [1.2.7].  
 
The architecture of current joint communication and radar systems can be categorized into 
three types, depending on their design priorities and the underlying signals and systems: 
 

A. Communication-centric design: in which the design priority is on communications 
and radar sensing is considered as an add-on to the communication system. The 
objective is to utilize communication waveforms to extract radar information from target 
echoes. In this class, sensing performance may vary depending on the scenario and 
can be challenging to optimize. 

B. Radar-centric design: in the contrary, this approach aims at modulating or introducing 
information signalling in known radar waveform. Radar signalling remains largely 
unchanged, resulting in near-optimal radar performance. However, limited data rates 
are a drawback of this approach. 

C. Joint design and Optimization: This category includes systems that are 
collaboratively designed from the outset to provide an adjustable balance between 
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communication and radar performance. These systems are not constrained by existing 
communication or radar standards [1.2.8]. 

 
Regardless of the integration level, ISAC aims to: (i) reduce hardware complexity by unifying 
communication and sensing, minimizing antennas, transceivers, and spectrum use; (ii) 
enhance spectral efficiency (SE) by coordinating both functions in the same frequency band 
to minimize interference; and (iii) improve efficiency through joint optimization, reducing 
energy consumption. 
 
One of the main advancements in ISAC systems is the adoption of OFDM waveforms. OFDM 
allows for efficient spectrum utilization and supports both communication and radar 
functionalities. One attractive feature of the OFDM radar signals is that there is no range–
Doppler coupling issue and therefore independent range and Doppler processing becomes 
possible [1.2.9], provided that the Doppler shift is not extremely large—that is, when the 
maximum Doppler frequency remains far below the subcarrier spacing, among other mild 
assumptions. However, a major challenge lies in managing interference between 
communication and sensing systems, which often operate within the same frequency bands. 
This overlap leads to mutual interference, necessitating advanced signal processing 
techniques—such as adaptive filtering and beamforming—to mitigate its impact. 
 
Efficiently allocating resources (e.g., bandwidth, power) between communication and sensing 
tasks is crucial for optimal system performance. The development of dynamic resource 
allocation algorithms that can adapt to real-time requirements is essential [1.2.10, 1.2.11]. 
This work joins these technologies to have CF-ISAC system where it leverages the strengths 
of both paradigms to improve spectral and energy efficiency while enhancing sensing in 
wireless networks [1.2.12]. Thus, CF-ISAC supports robust multi-user communication, 
distributed multi-static sensing, and seamless resource optimization. One of the key 
challenges in CF‑ISAC lies in resource allocation, which involves optimizing bandwidth, 
power, time, and antenna usage to meet data demands, support multiple users, ensure 
fairness, and improve overall system performance. 
 
In this work, a cell-free architecture is tailored to ISAC systems to enable ubiquitous coverage 
through distributed mMIMO deployments. These systems implement coherent user-centric 
transmission to overcome inter-cell interference and provide additional macro-diversity [1.2.4]. 
Additionally, this work will utilize the OFDM waveform and incorporate Doppler frequency 
analysis to account for the dynamics of a mobile environment. 
 

Algorithmic Framework 

In this work, a system model has been developed in which multiple APs are distributed across 
the coverage area. As illustrated in Fig. 1.2.1, APs are divided into transmit and receive groups 
where they can serve the UEs and sense the radar range cells for the purpose of detection. It 

is noteworthy that, during the detection phase, the entire surveillance area is divided into 𝑆 
sensing regions of assigned size that do not overlap. Each sensing region is then split into 
several radar range cells. At any given time, one radar range cell is inspected in each sensing 
region. To ensure scalability in both communication and sensing tasks, user-centric and 
target-centric approaches are adopted. In the UC approach a subset of APs—typically those 
with the strongest channels—serve the designated UE [1.2.13]. Similarly, in the target-centric 
approach, a subset of transmit and receive APs is allocated to the sensing task [1.2.14]. 
 
As stated above, OFDM is employed due to its robustness in both communication and MIMO 
radar applications [1.2.5]. Suppose that 𝑁𝑐 and 𝑁𝑠  are the total number of subcarriers and 

OFDM symbols respectively. Denote by 𝑥𝑚′(𝑛, 𝑛′) the symbol modulated at the 𝑛-th subcarrier 

of the 𝑛′-th symbol, to be transmitted by the 𝑚′ AP. Each OFDM symbol then will undergo 
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IFFT and addition of cyclic prefix to be ready for transmission in 𝑁𝑐 parallel subcarriers. Hence, 
the baseband time domain signal transmitted from this AP is as below:  

𝑠𝑚′(𝑡) =
1

√𝑁𝑐

∑ ∑ 𝑥𝑚′(𝑛, 𝑛′)𝑒𝑗2𝜋𝑛∆𝑓𝑡𝑟(𝑡 − 𝑛′ 𝑇𝑠)

𝑁𝑐−1

𝑛=0

𝑁𝑠−1

𝑛′=0

, 

where, 𝑇𝑠 is the OFDM duration including the cyclic prefix and 𝑟(∙) is the rectangular pulse 
shape. Due to the presence of moving target(s) in the network, the channel exhibits time-
varying behaviour caused by Doppler shifts and multipath propagation. Thus, the dominant 
line-of-sight (LOS) channel between receive and transmit APs is as follows:  

ℎ𝑚,𝑚′(𝑡, 𝜏) = ∑ 𝛼̂𝑖𝑒
𝑗2𝜋𝑓

𝑖,𝑚,𝑚′
𝑑 𝑡

𝛿(𝜏 − 𝜏𝑖

𝑆

𝑖=0

), 

where,  𝛼̂𝑖 is the complex amplitude, 𝑓𝑖,𝑚,𝑚′
𝑑  is the Doppler frequency and 𝜏𝑖 is the propagation 

delay for target at position 𝒑𝒊, 𝑖 ∈ 𝑆, the sensing range cells. Accordingly, through an inverse 

process as the OFDM transmission, the received signal at the 𝑚-th AP in the frequency-
domain is as below:  
 

𝒀𝒎 = 𝑯𝒎,𝒎′°𝑿𝒎′ + 𝒁𝒎, 
where 𝑯𝒎,𝒎′is the linear time-variant (LTV) channel response matrix, 𝑿𝒎′ is the matrix form 

of the transmitted OFDM signal, °  denotes Hadamard product operation and 𝒁𝒎 is the noise 
at the receiver. 
Furthermore, in this work the 3D profile for Doppler frequency is derived as below and 
considered to be constant over the subcarriers but variable in time (across coherence periods), 
provided that the narrowband approximation holds.  
 

𝑓𝑖,𝑚,𝑚′
𝑑 =

2𝑣𝑓𝑐

𝑐
cos (

1

2
arccos (sin𝜃𝑖,𝑚′sin𝜃𝑖,𝑚cos (𝜑𝑖,𝑚′ − 𝜑𝑖,𝑚)cos𝜃𝑖,𝑚′cos𝜃𝑖,𝑚))cos (𝛿𝑖), 

 
where 𝑣 denotes the magnitude of the relative speed of the target, 𝑓𝑐  represent the carrier 
frequecny, and 𝑐 is the speed of light. In addition, 𝜃𝑖,𝑚′ and 𝜑𝑖,𝑚′  (𝜃𝑖,𝑚 and 𝜑𝑖,𝑚) are the 

elevation and azimuth angles of arrival from transmit AP to target (and angles of departure 
from target to receive AP), respectively. For simplicity, the expressions are presented for a 
single resource block, with the block index omitted. 

  

Figure 1.2.1: The coverage area for CF-ISAC system: The UC and target-centric approach.  

Thus, the downlink transmission across one subcarrier and one OFDM symbol will be as 
below:  
 

𝑠𝑚′(𝑛, 𝑛′) = ∑ √𝜇𝑘,𝑚′𝐰𝑘,𝑚′𝑥𝑘,𝑚′(𝑛, 𝑛′) +𝑘∈𝜅𝑚′
∑ √𝜂𝑖,𝑚′𝐰0,𝑚′(𝒑𝒊)𝑥0,𝑚′(𝑛, 𝑛′)𝑖∈𝑆𝑚′

, 
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where 𝜅𝑚′ and 𝑆𝑚′ are the subset of UEs and sensing regions to be served by the transmit AP 

𝑚′, respectively. 𝐰𝑘,𝑚′ and 𝐰0,𝑚′(𝒑𝒊) denote data precoding and sensing beamforming 

vectors, respectively, and 𝜇𝑘,𝑚′ and 𝜂𝑖,𝑚′ represent the power control for communication and 

sensing task, respectively.  
 
In the communication domain, two precoding schemes have been implemented: maximum 
ratio transmission (MRT) and regularized zero forcing (RZF). For sensing beamforming, 
steering vectors are defined from the transmit APs toward the position of the scanned cell, 
rather than the exact target location. This formulation represents a simplified initial approach, 
which provides a baseline for analysis. More advanced beamforming strategies will be 
explored in subsequent stages of the work to enhance sensing accuracy and robustness. 
 
Data rate and GLRT-based processing 
Based on the transmitted signals, channel estimates, and precoding/beamforming vectors, the 
received signal at UE 𝑘 for one OFDM subcarrier and time symbol is modelled as: 

𝒚𝒌 = ∑ √𝜇𝑘,𝑚𝒉𝒌,𝒎
𝑻

𝑚𝜖𝑀𝑘
𝑡𝑥

𝒘𝒌,𝒎𝑥𝑘,𝑚

+ ∑ ∑ √𝜇𝑘′,𝑚𝒉𝒌,𝒎
𝑻

𝑘′𝜖𝜅𝑚,𝑘′≠𝑘

𝒘𝒌′,𝒎𝑥𝑘′,𝑚

𝑚𝜖𝑀𝑘
𝑡𝑥

+ ∑ ∑ √𝜂𝑖,𝑚𝒉𝒌,𝒎
𝑻

𝑖𝜖𝑆𝑚

𝒘𝟎,𝒎(𝒑𝒊)𝑥0,𝑚 + 𝒛𝒌,

𝑚𝜖𝑀𝑘
𝑡𝑥

 

here, for simplicity the OFDM indices are omitted. 𝒚𝒌 is the received signal of UE 𝑘 for a given 
subcarrier 𝑛 and OFDM symbol 𝑛′. In this expression the first term is the desired signal, while 
the second to fourth terms represent multiuser and sensing interferences plus noise, 
respectively.  
For analytical tractability, the initial formulation of SINR and achievable data rate assumes 
perfect channel state information (CSI). In subsequent stages, this assumption will be 
extended to incorporate imperfect CSI, thereby providing a more realistic scenario. 
 
In the sensing domain, a simplified single-target scenario is considered to derive the sensing 

SCNR. The sensing matrix 𝑫̈𝒊,𝒎 , stacking across the entire OFDM frame, is defined 

accordingly and depends on the Doppler frequency. For slow‑moving targets, and under the 
assumption of narrowband approximation, the Doppler frequency can be assumed constant 
over one coherence block, and hence also across the duration of an OFDM frame, but is 

unknown. The hypothesis test, which includes the clutter and noise (𝒈̈𝒎 + 𝒛̈𝒊,𝒎), is defined as: 

{
 𝐻1: 𝒚̈𝒊,𝒎 = 𝑫̈𝒊,𝒎𝜶𝒊,𝒎 + 𝒈̈𝒎 + 𝒛̈𝒊,𝒎

𝐻0: 𝒚̈𝒊,𝒎 = 𝒈̈𝒎 + 𝒛̈𝒊,𝒎
 

 

Here, 𝒚̈𝒊,𝒎 , 𝑫̈𝒊,𝒎 , 𝒈̈𝒎 , and 𝒛̈𝒊,𝒎 are the concatenation of observations, sensing matrix, clutter 

and noise over the OFDM frame collected at receive AP 𝑚. Additionally, the target’s complex 

scattering coefficient is defined as a |ℳ𝑡𝑥|-dimensional vector (where |ℳ𝑡𝑥| is the number of 
transmit APs):  

𝜶𝒊,𝒎 = [𝛼𝑖,𝑚,1  ⋯ 𝛼𝑖,𝑚,|ℳ𝑡𝑥|]
𝑻 

  The corresponding GLRT is expressed as: 
𝑚𝑎𝑥

𝛼,𝑓𝑑𝑓(𝒚̈𝒊,𝒎| 𝐻1,𝜶𝒊,𝒎,𝒇𝒅
𝒊,𝒎,𝒎′ ,𝑸̈𝒊,𝒎)

𝑓(𝒚̈𝒊,𝒎| 𝐻0,𝑸̈𝒊,𝒎)
≷ 𝛿𝑖, 

Here, 𝑸̈𝒊,𝒎 represents the covering matrix of the aggregate clutter 𝒈̈𝒎, and 𝛿𝑖 is a suitable 

threshold for statistic test. 
The derived GLRT formulation enables Doppler-aware detection in single-target scenarios, 
forming the basis for future multi-target extensions. The MATLAB implementation of the 
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system model is currently underway, with initial simulations focused on validating the Doppler 
profile accuracy and evaluating communication SINR and sensing SCNR (signal-to-clutter-
plus-noise ratio) under varying mobility conditions. These results will support the development 
of scalable transceiver algorithms, directly contributing to Task T1.2 by providing a unified 
UC‑CF and target‑centric ISAC system model with distributed multi‑AP deployment, 

OFDM waveform design, and Doppler‑aware analysis. In particular, the development of 3D 
Doppler frequency profiles, precoding schemes, and the derivation of Doppler‑based GLRT 

detection directly address Gap 2.1 by moving beyond radar‑centric FMCW approaches, 
and Gap 2.3 by introducing ISAC methodologies for UC CF‑mMIMO architectures in 

high‑mobility vehicular environments. These contributions establish the analytical and 
algorithmic foundation for scalable transceiver design within the ISLANDS framework. 

 

Future Work 

Future work will extend the current formulation to multi-target detection. In this context, 
additional interference arises not only from other targets located in adjacent range cells but 
also from residual contributions due to side-lobes in the beamformer’s radiation pattern. This 
extension is directly relevant for ISLANDS cooperative-perception and high-density traffic 
scenarios, where multiple vehicles and roadside objects coexist within the sensing region. In 
addition, a comparison with conventional cellular counterparts is expected, providing a 
benchmark for evaluating the benefits of the proposed CF-ISAC architecture envisioned in 
ISLANDS. With respect to the DoA, sensing‑communication beamformer designs will be 
considered [1.2.1], aiming at clutter mitigation in single‑target settings and interference 

reduction in multi‑target scenarios, both of which are critical for vehicle-centric ISAC 
operation along urban roads and highways.  

Moreover, AI‑based optimization techniques are expected to be incorporated in future steps, 
particularly for reducing the complexity of the beamformer implementation; thus, opening the 
door to real-time ISAC processing in dynamic automotive use cases, as targeted in 
ISLANDS. 

More realistic detection scenarios—aligned with the ISLANDS project—are challenged by 
uncertainty in the number and positions of target scattering centres, which limits the 
effectiveness of traditional energy-based methods reliant on prior assumptions [1.2.15]. This 
motivates the present work to pursue novel GLRT-based analysis capable of handling 
complex multi-vehicle reflections and non-stationary propagation conditions typical of 
the ISLANDS use cases. Furthermore, frequency range 3 (FR3) for ISAC in 6G has drawn 
researchers' attention as a “golden band”, offering a unique opportunity to achieve wide-area 
coverage, high data rates, and high-resolution sensing [1.2.16], which can be explored in 
future work. In line with that, and to fulfil the objectives outlined in the DoA, the adoption of the 
Sionna framework is under consideration for implementing and evaluating advanced 
transceiver algorithms within a realistic simulation environment.  

These steps will further strengthen the algorithmic foundation of Task T1.2 and contribute to 
the ISLANDS goal of developing scalable, integrated sensing and communication 
solutions for high-mobility automotive networks. Table 1.2.1 outlines the expected 
planning of the four main tasks over the three‑year project duration, highlighting the sequential 

subtasks of literature review, draft formulation, implementation, and results. 

Table 1.2.1: the expected project planning for the three year duration.  

 Main Tasks 

Subtasks 

Single‑target 

detection 

Multi‑target 

detection 
Beamforming 
design 

FR3 and Sionna 
modeling 
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Year 1 : 

Months 
1-12 

Literature review                 Done    

Formulation Draft Done    

Simulation In progress    

Results and 
evaluation 

To be done    

Year 2 : 

Months 
13-24 

Literature review  To be done To be done  

Formulation Draft  To be done To be done  

Simulation  To be done   

Results and 
evaluation 

 To be done   

Year 3: 

Months 
25-36 

Literature review    To be done 

Formulation Draft    To be done 

Simulation   To be done To be done 

Results and 
evaluation 

  To be done To be done 

 

ISAC in vehicular environments using holographic/XL-MIMO antennas 

(CNIT) 

 

Introduction 

The objectives of the T1.2 are concerned to the development of an algorithmic framework for 
ISAC in vehicular environments: Develop new communication schemes, waveforms, 
beamforming algorithms, AI-based solutions, resource allocation schemes, to come up with 
effective ISAC schemes for vehicular environments and to cope with the harsh environment 
caused by doubly selective fading channels. 
 
The objectives of the specific project are the development of ISAC transceiver and resource 
allocation schemes for connected and automated mobility (CAM) services with 
holographic/XL-MIMO antennas, which corresponds to the ISLANDS use case of FR3/near-
field road-side ISAC infrastructure, aimed at supporting CAM services such as vehicle 
localization, obstacle detection, and cooperative maneuvers.. 
 
The research gaps targeted by this project are outlined below. Currently, the focus is on Gap 
2.4, which provides a solid foundational understanding of the overall system. In the 
future, it is planned to address Gap 2.1 to further advance the research objectives: 

• Gap 2.1: ISLANDS will employ geometrical models and generalised Fisher information 
to address the volume of targets such as cars and other vehicles, to design realistic 
DFRC approaches.  

• Gap 2.4: ISLANDS will first of all develop a suitable channel model taking into account 
near-field propagation for the link between the antenna structures and the vehicles in 
the network. 

 
During this work, the focus was placed on two main parallel research directions. The technical 
details, design choices, and achieved results are presented in the next sections. 
 
In the first phase of the work, the focus was on understanding the fundamental principles of 
multi-antenna systems and the architecture of cell-free massive MIMO (CF-mMIMO) 
networks. After thoroughly reviewing the literature, attention was directed toward access point 
(AP)–user equipment (UE) association strategies within user-centric (UC) CF-mMIMO 
systems to enhance overall performance. This line of investigation is directly aligned with the 
ISLANDS use case of distributed, vehicle-centric CF architectures, where roadside units 
cooperatively serve moving vehicles under dynamic channel conditions. Leveraging a 
background in machine learning (ML), a Bidirectional Long Short-Term Memory (BiLSTM)-
based deep learning model was reimplemented to optimize AP–UE association in the 
Downlink (DL) scenario. This framework was then extended to the uplink (UL) scenario, 
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introducing user prioritization through importance weights and frequency allocation, allowing 
the model to allocate resources based on user-specific priorities. Such prioritization 
mechanisms reflect ISLANDS requirements for QoS-aware connectivity in high-mobility 
vehicular environments, ensuring that UL spectral efficiency (SE) is optimized while 
maintaining fairness among users. 
 
Subsequently, the focus shifted toward ISAC — the core theme of the current research. 
Several pivotal references covering Reconfigurable Intelligent Surfaces (RIS), Transmissive 
RIS (TRIS), and Hybrid Beamforming (HBF) were examined. After an exploration of the current 
literature on the abovementioned topics, a system model for XL-MIMO-based ISAC that 
integrates these advanced technologies was designed, corresponding to the ISLANDS 
scenarios involving FR3/XL-MIMO roadside units that jointly enable communication 
and high-resolution sensing for cooperative automated mobility (CAM).. 
 

State-of-the-art 

Deep Learning–Based AP–UE Association in Cell-Free Massive MIMO 

The first part of the research focused on developing a deep learning–based solution for AP 

and UE association in CF-mMIMO systems. To build a strong theoretical foundation, several 

key references were studied: [1.2.17], a book introducing Multiple Antenna Communications 

and Reconfigurable Surfaces, which provides essential insights into MIMO systems; [1.2.5], 

which presents the Foundations of UC CF-mMIMO; and [1.2.13], a paper highlighting how 

each access point (AP) serves only the users with the strongest channels, offering a 

comparison between user-centric and conventional cell-free approaches. The work was 

inspired especially by the study in [1.2.18], which introduced a scalable BiLSTM-based deep 

learning framework for dynamic AP–UE association in user-centric CF-mMIMO networks, 

focusing on downlink performance optimization. The method’s master-centric and probabilistic 

design enables efficient scalability and fairness while outperforming traditional baselines 

across various network conditions. 

ISAC and XL-MIMO System Design 

The design of the proposed TRIS-aided XL-MIMO ISAC system model was guided by several 

recent studies that address different aspects of integrated sensing and communication, 

reconfigurable surfaces, and XL-MIMO architectures. In [1.2.20], the authors proposed the 

Reconfigurable Intelligent Base Station (RIBS) architecture combining a small active antenna 

array with a nearby RIS to achieve massive MIMO–like performance at lower cost and power, 

supported by a near-field channel model and joint phase–power optimization. In [1.2.21], a 

TRIS- and RSMA-based cooperative ISAC network is designed, where users relay common 

streams for blocked users and perform distributed sensing, achieving significant gains in radar 

and communication performance through a distributed ADMM optimization. In [1.2.22], a 

hybrid beamforming framework for XL-MIMO ISAC is developed using modular subarrays with 

piecewise-far-field modeling, enabling efficient joint radar–communication optimization with 

near-optimal low-complexity algorithms. In [1.2.23], a RIS-based dual-function radar–

communication system is proposed, using passive reflection to jointly form radar and 

communication beams, achieving competitive performance with minimal active RF chains and 

low hardware cost. 
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Algorithmic Framework 

Deep Learning–Based AP–UE Association in Cell-Free Massive MIMO 

After implementing and verifying the DL spectral SE computation and association mechanism 

presented in reference [1.2.18], the framework was extended to address the Uplink (UL) 

scenario, which presents distinct challenges such as power control, combining vector design, 

and interference mitigation. All communications use the same frequency band, with UL and 

DL separated in time division duplex (TDD). To this end, the SE computation for uplink 

transmission was reformulated using Maximum Ratio Combining (MRC) at each AP, ensuring 

a coherent combination of received signals across the network. This reformulation enabled 

the model to learn association strategies that maximize uplink SE while satisfying practical 

power and connectivity constraints. 

Regarding the system model, the network consists of outdoor APs and mobile stations (MSs). 

The sets of APs and MSs are denoted by L and K and have cardinalities 𝐿 and 𝐾, respectively. 

The 𝐿 APs are connected by means of a backhaul network to a CPU wherein data-decoding 
is performed. The MSs are equipped with a single antenna, while each AP is equipped with a 

uniform linear array (ULA) composed of 𝑀 antennas. Let us also denote by Kℓ the set of users 

served by the ℓ-th AP on a given physical resource block (PRB), and by 𝐾ℓ its cardinality. The 

set of APs serving the 𝑘-th user is denoted by Lk. The set of users associated with each AP 

can be determined according to several criteria. To derive the UL SE, we assume that the 
CPU relies only on statistical knowledge of the channel coefficients when performing the 
detection, so that the estimation of the data sent by the users can be written as:  

 

with 𝑣𝑘,ℓ the M -dimensional combining vector used at the ℓ-th AP to detect the information 

symbol transmitted from k-th user and sends them to the CPU. Let’s consider MRC as: 

 

Let’s compute then the uplink spectral efficiency and it can be written as: 

 

where SINR̅̅ ̅̅ ̅̅ ̅
𝑘,𝑈𝐿 is: 
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This function was implemented in TensorFlow. Simulations were carried out using a classical 
non-interference pilot scheme, where the number of orthogonal pilots equals the number of 
users equal to 10 ensuring each UE is assigned a unique pilot. Also, the number of AP is 25 
and the number of antennas per AP is 4, Table 1.2.2 compares different AP–UE association 
strategies in a CF-mMIMO system based on total SE, minimum SE, and the number of active 
connections. The Sum, Balance, and Min strategies are optimization-based techniques. Sum 
maximizes the total network throughput; Balance is the sum of the SE minus a scaled version 
of the total number of connections between APs and UEs, this provides a trade-off between 
SE, and the number of connections; and Min maximizes the weakest user’s SE. In contrast, 
the Pilot, Top 4, and Top 3 strategies are simpler heuristic methods. In the Pilot strategy each 
AP serves all UEs in our scenario, while Top 4 and Top 3 connect each UE to its four or three 
strongest APs, respectively reducing complexity and backhaul load while maintaining 
acceptable SE performance. 
 

 

 

 

 

TABLE 1.2.2: AVERAGE PERFORMANCE WITHOUT PILOT INTERFERENCE 

Prioritization approach  

To include the consideration of priorities in the system we considered two modifications: 
1. Priority weights: A set of weighting coefficients 𝛼𝑘 is used to reflect the relative 

importance of each user.  
2. Frequency Allocation Mechanism: To mitigate inter-user interference and effectively 

allow prioritization in the uplink data transmission phase, two frequency groups 𝑓0 and 
𝑓1are introduced.  

Based on that, the new 𝑆𝐼𝑁𝑅 for each user becomes: 

 

 

 

 

And the considered performance measure is the cumulative weighted spectral efficiency: 

 

BiLSTM-based architecture (illustrated in Fig.1.2.2) processes three types of input features: 
large-scale fading coefficients (𝛽), user positions, and user priority coefficients (𝛼). After 
masking padded values, a bidirectional LSTM layer captures spatial and user-specific 
dependencies. The shared dense layers further extract high-level features before branching 
into two output heads: 

• Head 1 (Connections): predicts AP–UE connection probabilities through a sigmoid 

activation. 

 SE sum SE min Connections 

SUM 
BALANCE 
MIN 

19.31 
18.54 
18.95 

0.69 
0.60 
0.70 

232.93 
30.94 
193.85 

Basic strategy 
Top 4 strategy 
Top 3 strategy 

19.28 
18.68 
18.29 

0.69 
0.62 
0.58 

250 
40 
30 
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• Head 2 (Frequencies): predicts the frequency group probabilities ( 𝑓0or 𝑓1) using 

SoftMax activation. 

Figure 1.2.2: Neural Network Architecture for AP-UE Connection and Frequency classification 

This enhanced architecture enables the BiLSTM to jointly learn user prioritization and 
frequency allocation, effectively improving spectral efficiency for high-priority users while 

maintaining overall network fairness.  

Fig.1.2.3 presents preliminary results of the proposed solution, showing the CDF of spectral 
efficiency (SE) for each user. 

 

Figure 1.2.3: CDF of SE per user. 

This figure compares connection probabilities for different user types. U1 (P) are prioritized 

users (α=1) while U2-5 (NP) are non-prioritized (𝛼 = 0.2). "Uniform α" shows performance 
when all users have equal weights, demonstrating how prioritization affects connection 
probabilities across different conditions. There are just preliminary results, and we are working 

to enhance performance and obtain a significant increase. 

System Model: A TRIS Near-Field XL-MIMO ISAC System 

Introduction and System Model Overview 

Building on the insights from the reference studies, a TRIS-aided XL-MIMO ISAC system for 

simultaneous vehicle sensing and communication is designed as shown in Fig. 1.2.4.  

  

Figure 1.2.4: An illustration of TRIS system model. 

RIBS 
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The system integrates a communication scenario where a planar TRIS interacts with an active 

antennas array separated by distance 𝐿. The choice of carrier frequency bands is a critical 
determinant of system performance. Based on [1.2.24], this work operates in the FR3 band 
(7–24 GHz), which offers larger bandwidth and higher resolution than FR1. A 15 GHz carrier 
is chosen to balance wide bandwidth, sensing–communication performance, and practical 
hardware implementation for the proposed XL-MIMO architecture. 

Near-Field vs. Far-Field: A Conceptual Distinction & Mathematical justification 
Before we proceed this is a simple definition of near and far field conditions: 

● Far-Field (Fraunhofer Region): At large distances, the transmitted electromagnetic 
wave is approximated as a plane wave. The wavefront is flat, and the angle of arrival 
is constant across the entire array aperture.  

● Near-Field (Fresnel Region): At closer distances, the wavefront is spherical. This 
curvature introduces a non-linear phase shift across a large aperture. This effect 
enables beam-focusing, where energy can be concentrated at a specific point in 3D 
space (like using a magnifying glass).  

In our case we consider an active antenna array composed of 𝑁𝐴 = 𝑁𝐴𝑥
× 𝑁𝐴𝑧

= 36 antennas 

and a TRIS composed of 𝑁𝑅 = 𝑁𝑅𝑥
× 𝑁𝑅𝑧

= 400 elements. The transition between the near 

field and far-field regions is defined by the Rayleigh distance 𝑍, which represents the boundary 

beyond which the wavefront can be approximated as planar. It is given by: 𝑍 =
2𝐷2

𝜆
=

2𝐷2𝑓

𝑐
 

System Parameters at the RIBS Level (Fig.1.2.5(a)).  

● Carrier Frequency: 𝑓 = 15 𝐺𝐻𝑍  

● Wavelength: 𝜆 =
𝑐

𝑓
=

3×108

15×109 = 2𝑐𝑚  

● Active Antennas Array:  𝑁𝐴 = 6 × 6 = 36 with 
𝜆

2
 spacing. 

○ Physical length per side:   𝐿 = 6 × 0.01𝑚 = 0.06𝑚 = 6𝑐𝑚 

○ Dimension (Diagonal) : 𝐷 = √2 × 𝐿 = 0.085𝑚 = 85𝑐𝑚   

● Active Antennas array to TRIS Distance: 𝑅 = 0.4𝑚 = 40𝑐𝑚  

● Rayleigh distance: 𝑍 = 72𝑐𝑚 ≤ 𝑅 = 40 𝑐𝑚 

Conclusion: The channel 𝐺(𝑓) between the active array and the TRIS operates in the near-
field region. Given the short distance and the dominance of the Line-of-Sight (LoS) path in this 
controlled, short-range link, non-line-of-sight (NLOS) components are negligible. Therefore, 
we model the channel between the BS and the TRIS. The channel gain between the m-th BS 
element and the n-th TRIS element is given by Eq 30 in [1.2.25]. 
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Figure 1.2.5: Near field vs Far field operation in TRIS system model: (a) Near field in RIBS architecture, (b) Operation between 
RIBS and Target. 

The channel between RIBS and x = {User, Target}  

At the RIBS to x level, the system acts like a MISO system (single-antenna user/target) where 
the Rayleigh distance is 8 m according to similar considerations as before. When the distance 
𝑟 > 8 m, the link is considered in the far-field region, while for 𝑟 < 8 m, the near-field model 
applies, where both LoS and NLoS components may exist as show in Fig.1.2.5(b). To 

accurately model this propagation, we introduce the Rician factor 𝐾𝑖, which characterizes the 
ratio between the power of the LoS component and the scattered NLoS components. It 
depends on the LoS probability 𝑃LoS(𝑟𝑖) and is expressed as: 

𝑘𝑖
(𝑥)

=
𝑃LoS(𝑟𝑖)

1 − 𝑃LoS(𝑟𝑖)
 

A higher 𝑘𝑖
(𝑥)

 indicates stronger LoS dominance, which aligns well with our controlled 

environment. Pure LoS condition (strong direct path): When the LoS component dominates 
completely, 𝑃NLoS → 0, hence 𝐾 → ∞. The channel behaves as deterministic, i.e., almost no 
fading (approximates an AWGN channel). Pure NLoS condition (no direct path): 
When there is no LoS path, 𝑃LoS = 0, hence 𝐾 = 0. The channel becomes Rayleigh fading, 

dominated by random multipath components. Intermediate conditions: 0 < 𝐾𝑖 < ∞ 
corresponds to Rician fading, where both LoS and NLoS coexist. Based on this, the channel 

𝑔𝑖
(𝑥)

 between RIBS and x can be modeled as defined in Eq. (15) of [1.2.25]. 

 

Results 

Deep Learning–Based AP–UE Association in Cell-Free Massive MIMO 

The statistical results are presented in Fig.1.2.6 which illustrates the cumulative distribution 
functions (CDFs) for both the sum SE and the minimum user SE. This figure highlights that 
the proposed methods outperform the alternatives not only on average but across the entire 
distribution. As shown in Table 1 and Fig.1.2.6, the Sum strategy achieves the highest total 
SE (19.31) but requires the largest number of connections (232.93), indicating high network 
resource usage. The Balance strategy drastically reduces the number of connections (30.94) 
while maintaining reasonable SE values, achieving a good compromise between efficiency 
and sparsity. The Min strategy focuses on fairness, yielding the highest minimum SE (0.70) at 
the cost of more connections (193.85). Similarly, the Pilot strategy behaves like the Sum 
approach—offering high SE but with many connections (250). The Top 4 and Top 3 strategies 
significantly reduce the number of connections (40 and 30, respectively) with only a moderate 
drop in SE, demonstrating better scalability and efficiency. 
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Figure 1.2.6: Statistics for non-interfering pilot scenario: (a) CDFs of SE sums, (b) CDFs of SE min. 

A combined analysis in Fig.1.2.7 confirms that the Balance function achieves a significant 
reduction in the number of 

connections. 

 

 

 

 

 

 

 

Figure 1.2.7: Performance-matched example of active APs-UEs connections with  𝜏𝑝= 10: (a) pilot strategy; (b) Balance 

approach after training. 

 

Future Work 

Future work focuses on enhancing the performance of cell-free massive MIMO and developing 
a detailed mathematical design framework for the proposed TRIS-aided XL-ISAC MIMO 
system. 
 

Joint Constellation and Precoding design for MIMO-OFDM ISAC (UCL) 

 

Introduction 

Task 1.2 focuses on developing algorithmic and waveform-design solutions that realize in 
practice the trade-offs and mathematical principles established in Task 1.1, thereby 
addressing Gap 2.1. This work builds upon the previously presented framework on Geometric 
Constellation Shaping for OFDM ISAC (UCL), with the aim of supporting the ISLANDS 
vehicular use cases in which communication reliability and sensing accuracy must be 
jointly guaranteed under high mobility. 
 
In the theoretical component (Task 1.1), a closed-form expression was derived for the 
expected Integrated Sidelobe Level (ISL) of the ambiguity function in terms of the higher-order 
statistics of the transmitted symbols, showing that the ISL depends directly on the 
constellation, the applied precoding, and the underlying system geometry. The ISL is coupled 
with the Minimum Euclidean Distance (MED) of the constellation, that determines 
communication reliability, creating a controllable radar–communication trade-off. This ISL–
MED formulation is target-agnostic, relying only on signal statistics rather than any specific 
scattering model, thereby addressing Gap 2.1’s limitation of point-target assumptions 
and supporting ISLANDS scenarios involving multi-object vehicular sensing and 
cooperative perception. 
 
The algorithmic part implemented this trade-off through multi-user constellation optimization 
that minimizes ISL while maximizing MED under zero-mean, unit-power, and circularity 
constraints. The optimization was solved via Sequential Quadratic Programming (SQP) and 
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the results confirmed the expected trade-offs in MIMO-OFDM ISAC scenarios, relevant 
to ISLANDS vehicular use cases. 
 
While constellation shaping enhances symbol separability, it cannot mitigate spatial leakage. 
On the other hand, precoding controls spatial transmission yet typically assumes a fixed 
constellation. Their interdependence (central to both Tasks 1.1 and 1.2 and directly connected 
to Gap 2.1) reveals the need for joint constellation–precoder design to fully exploit dual-
functional ISAC gains. Consequently, the next step is to develop an ISAC-oriented precoding 
strategy, which complements constellation shaping by jointly managing transmit power and 
target illumination within a unified MIMO OFDM ISAC framework, enabling waveform 
adaptability for ISLANDS use cases such as cooperative automated mobility, 
platooning support, and roadside-assisted perception. 
 

State-of-the-art 

Precoding design on ISAC 

As a key element of both MIMO radar and MIMO communication, precoding enables spatial 
beamforming to direct energy toward desired targets or users while suppressing it in irrelevant 
directions. In conventional wireless systems, precoding is widely used to mitigate inter-user 
interference and improve communication reliability. In the context of ISAC, precoding takes 
on a broader role: it not only manages interference but also addresses the spectrum 
congestion inherent in separately designed radar and communication systems, enabling their 
joint operation on shared hardware and frequency resources. 

 
Precoding design in ISAC has evolved from cooperative coexistence strategies to fully 
integrated approaches that exploit joint optimization for mutual benefits. The transmit signal 
can be modeled either as a weighted combination of radar waveforms and communication 
symbols, allowing precoders to shape radar beams while meeting communication 
requirements or as beamformed communication symbols that are themselves used for 
probing, i.e., transmitting only communication symbols [1.2.26]. 

 
Multicarrier adaptations such as OFDM [1.2.27, 1.2.8, 1.2.9, 1.1.7] and OTFS [1.2.30] have 
been leveraged to embed sensing functionality into communication waveforms [1.2.30], while 
block-level precoding (BLP) has been used to shape or design dual-functional radar–
communication waveforms [1.2.26], [1.2.27], [1.2.31]. More recently, symbol-level precoding 
(SLP) has been employed to unlock additional degrees of freedom by exploiting instantaneous 
interference structures at the symbol level, enabling enhanced sensing performance and 
improved communication reliability [1.1.7], [1.2.32], [1.2.33]. 

 
To achieve a satisfactory performance trade-off, numerous ISAC beamforming designs have 
been proposed to exploit spatial DoFs using different communication and sensing metrics. On 
the communication side, commonly used performance metrics include achievable rate 
[1.2.27], [1.2.31], communication SINR [1.2.26], [1.2.28], [1.2.29], [1.2.34], and the level of 
multi-user interference [1.2.31], [1.1.7]. On the other hand, most studies evaluate sensing from 
an estimation perspective, relying on radar SINR [1.2.27], CRB-based criteria [1.2.30], 
[1.2.32], [1.2.34], beampattern matching error [1.2.26], [1.2.31], [1.2.32], or sensing mutual 
information [1.2.28], [1.2.29]. However, radar detection ultimately depends on the ambiguity 
function or time–frequency autocorrelation of the transmit waveform [1.1.32].  
 

Joint Constellation and precoding design 

The joint constellation–precoding problem has been investigated in various communication 

scenarios. Palomar and Barbarossa [1.2.35] develop a unified framework for jointly designing 

constellations and linear transceivers in MIMO systems. They show that the two problems are 



 

36 
 

Project: 101120544 — ISLANDS — HORIZON-MSCA-2022-DN-01 D 1.4 Intermediate report on tasks 1.1 and 1.2 

inherently coupled and cast the design as a multiobjective optimization balancing BER, rate, 

and power. Numerical results reveal that good constellation selection reduces the required 

transceiver optimization effort, while poor choices significantly degrade performance.  Zhang 

et al. [1.2.36] address the infeasibility of fixed constellations under constant-envelope 

precoding in MISO fading channels. They propose adaptive receiver constellations tailored to 

instantaneous channel conditions, designing APSK constellations to maximize MED for fixed-

rate systems. Simulations show substantial gains over fixed constellations, particularly relative 

to QAM under CE precoding. Nguyen et al. [1.2.37] jointly optimize probabilistic constellation 

shaping (PCS) and precoding to improve sum-rate in multi-user VLC systems with amplitude 

constraints. Results demonstrate that joint PCS–precoder design provides significant shaping 

gains over uniform signaling. Sohrabi et al. [1.2.38] study QAM constellation-range 

minimization for infinite-resolution and 1-bit precoding, deriving SER expressions in terms of 

constellation range and proposing a low-complexity algorithm for massive MIMO. Extending 

this idea, [1.2.39] introduce an autoencoder-based joint design of transmit signals and 

received constellations, showing that learned constellations outperform conventional QAM 

and PSK in SER performance. 

In the ISAC domain, joint optimization of constellation design and precoding is still largely 

unexplored, with only a few existing contributions. Fei et al. [1.2.40] employ KL divergence as 

a unified metric capturing both communication reliability and sensing accuracy, optimizing 

constellation geometry via deep learning and beamforming through semidefinite relaxation. 

Their results reveal the Pareto boundary of the ISAC trade-off and show how system 

parameters affect BER and detection probability. Guo et al. [1.2.41] formulate ISAC signal 

design as a sphere-packing problem, maximizing MED under a similarity constraint that 

preserves sensing functionality. Their joint optimization of constellation and radar beampattern 

outperforms existing precoding and beamforming methods in SER and MI. 

Algorithmic Framework 

Precoding scheme to match the needs of a joint system 
An important limitation identified in the previous study is that commonly used precoders—such 

as maximum-ratio transmission (MRT), zero-forcing (ZF), and MMSE/regularized ZF—cannot 

ensure that the transmitted signal is steered toward the target when the communication 

waveform is also used for sensing. This motivates the next step of the work, the joint design 

of the constellation and the precoder, establishing a unified approach that directly addresses 

Gap 2.1 and enables sensing beampatterns and communication QoS to coexist on the 

same hardware. 

This requirement aligns with ISLANDS vehicular scenarios, where a single transceiver 

must support multi-user downlink communication and reliable target sensing under 

high mobility and doubly selective fading. Conventional precoders cannot guarantee 

sufficient target illumination or maintain joint sensing–communication performance. 

Introducing illumination constraints and adaptive spatial control allows a sensing-aware 

precoder to deliver the robustness and dual-functionality needed for safety-critical ISAC 

operation. 

Since the joint design forms a non-convex problem, we propose an iterative approach that 

alternates between constellation and precoder optimization. The precoder uses the same ISL–
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MED objective, under a power budget and an illumination constraint to ensure sufficient 

energy toward the target. The optimization problem is formulated as: 

(𝒫′1)   min
𝒘,𝑡

       𝜆 ∙ 𝒟(𝐰, 𝒘∗, 𝒘∗, 𝐰) − (1 − 𝜆) ∙ ∑ 𝑡(𝑢)

𝐾

𝑢=1

 

𝑠. 𝑡.           𝒘𝐻𝚫𝑖𝑗𝒘 ≥ 𝑡(𝑢),   ⩝ 𝑖 ≠ 𝑗 

𝑇𝑟(𝒘𝒘𝐻) ≤ 𝑃𝑇 

    𝜎𝑠
2Tr(𝒘Η𝑨̅𝒘) ≤ 𝑃0

′ , 

where the ISL is expressed through a Hermitian tensor applied to the vectorized precoder, 

𝐰 = vec(𝐖), the MED constraints are written in a quadratic form with respect to 𝐰 and the 

illumination constraint has been manipulated into a convex form. 

Although non-convex, the problem can be efficiently handled using the Generalized Complex 

Power Method (GCPM) [1.2.42], which leverages spherical constraints to ensure convergence 

to a stationary point. This provides a tractable pathway toward joint constellation–precoder 

optimization for dual-functional ISAC systems. 

Future Work 

Next steps include benchmarking the precoder optimization and then deploying the alternating 
joint design of constellation and precoder to achieve stronger sidelobe suppression without 
sacrificing MED, directly advancing the ‘from-scratch DFRC waveform’ objective of Gap 1.1. 
The study will also relax the perfect-CSI assumption to improve robustness under estimation 
errors, which is crucial in high-mobility ISLANDS scenarios. Finally, the resulting 
constellations and precoding designs will be evaluated in the presence of range-distributed 
targets, as described in Gap 2.1. 
 

Algorithmic Optimization of beamforming for radar-centric backscatter-

enabled ISAC systems (CNIT) 

 

Introduction 

The work carried out here builds upon the previously presented Theoretical framework for 
radar-centric backscatter-enabled ISAC systems in Vehicular Environments (CNIT) and 
supports the translation of the theoretical foundations established in Task 1.1 into executable 
algorithmic procedures and simulation models that enable the study of sensing–
communication behavior in radar-centric ISAC systems. 
The DoA objectives will be met by developing the algorithmic and numerical framework 
necessary for analyzing the radar–tag–reader ISAC architecture introduced in Task 1.1, thus 
providing the algorithmic basis required to address Gap 2.1 and support ISAC evaluation 
in automotive scenarios. 

 

Algorithmic Framework 

The activities for Task 1.2 have focused on beginning the development of the algorithmic 
framework needed to analyze the radar–tag–reader ISAC architecture introduced in Task 1.1. 
The system model from Task 1.1 is currently being implemented in MATLAB, to enable 
discrete-time signal generation and receive signal processing at the reader. The analytical 
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expressions of the probability-of-error (Pe) were converted into computable functions for 
subsequent validation through Monte-Carlo simulations using realistic radar parameters and 
for different values of the key system parameters (e.g., SNR, node distances, frame size, radar 
waveform, and RIS subarray allocation). An initial setup of the reader-side processing chain 
was also prepared. These steps constitute the first phase of constructing the system simulator 
that will later be used to study and optimize communication and sensing performance in the 
considered ISAC configuration. 
 
Task 1.2 is currently focused on completing the implementation of the system simulator, and 
no numerical results can be reported at this stage. Only a preliminary simulation structure has 
been established, providing the basic elements needed to begin evaluating the communication 
performance of the radar–tag–reader model introduced in Task 1.1. This provides the 
foundation on which full sensing and communication evaluation and optimization will be 
carried out in the next phase of WP1. 

 

Future Work 

The next steps in Task 1.2 will focus on completing the implementation of the system 
simulator, including the communication and sensing processing chains, the space–time 
encoding at the RIS-based tag, and realistic multi-path channel models. Once completed, the 
simulator will be used to evaluate both communication and sensing performance and to design 
and control their associated trade-offs. The insights obtained from these evaluations will guide 
the refinement and improvement of the overall system design in subsequent stages of WP1. 

 

Unified Localization Integrating Model-Based Geometry and Channel 

Charting (CHAL) 

 

Introduction 

This research task was conceived to directly advance the objectives of Research Objective 2 
and its corresponding Task 1.2 (Algorithmic Framework) within the DoA. The DoA identifies 
the development of new algorithmic solutions, including AI-based methods, to create effective 
ISAC schemes for harsh vehicular environments characterized by high mobility and doubly-
selective fading channels. A primary challenge in this domain, explicitly highlighted as Gap 
2.2 in the DoA, is the difficulty in realizing AI-based designs for ISAC, particularly due to the 
lack of differentiable channel models required for standard end-to-end learning.  
 
The objective of this study was to design and validate a novel, hybrid algorithmic framework 
that bridges the gap between model-based and data-driven paradigms for robust 
localization in mixed LoS/NLoS scenarios. The work aimed to fulfill the goals of Task 1.2 
by creating a practical, high-accuracy positioning solution that operates as a core sensing 
functionality within an ISAC system, matching the ISLANDS use cases where 
infrastructure- or vehicle-assisted localization is required for safety-critical operation 
in dynamic traffic environments, without relying on differentiable channel models that inhibit 
classical E2E learning approaches. 
 
The key achievement of this task is the UNILocPro framework. By creating an unsupervised 
learning model that adaptively fuses model-based localization with data-driven channel 
charting, UNILocPro is a practical and high-accuracy positioning framework that operates 
without costly labeled data, thereby fulfilling the task's goal of creating effective ISAC schemes 
for complex vehicular scenarios characterized by dynamic multipath and intermittent 
blockage. Furthermore, the work provides a critical resolution to the problem of End-to-End 
Learning with Non-Differentiable Channels (Gap 2.2). The framework elegantly bypasses the 
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need for a fully differentiable channel model—a major stumbling block for pure end-to-end 
learning. Instead, it uses a model-based component to generate a supervisory data and 
employs an Optimal Transport-based loss to guide the neural network's training. The low-
complexity variant (UNILoc) also addresses the practical aspect of this gap, offering a path 
toward deployable AI-based ISAC systems by drastically reducing computational overhead 
with minimal performance loss. 
 
The core activities of current work involved the design, development, and rigorous validation 
of unified frameworks for robust wireless localization. The methodological approach centred 
on creating a novel hybrid system that intelligently fuses model-based and data-driven channel 
charting (CC) techniques. Key activities included the integration of model-based and CC-
based methods, the design of a multi-component loss function for unsupervised learning, the 
development of a low-complexity algorithm variant for practical deployment, and the execution 
of extensive numerical experiments that reflect the propagation conditions typical of 
ISLANDS urban and highway use cases. 
 
Current work directly advances Task 1.2 (Algorithmic Framework) by developing new AI-
based solutions and localization schemes for ISAC. The proposed UNILocPro is a prime 
example of a new communication-assisted sensing scheme, where communication-derived 
Channel State Information (CSI) is used for high-accuracy environmental perception 
(localization). Specifically, it introduces: 

• A novel unified algorithm that performs adaptive, user-specific localization—applying 
model-based methods to LoS users and CC-based methods to NLoS users—to 
optimize overall sensing performance. 

• Advanced AI-based solutions through its unsupervised CC model, trained with a 
sophisticated loss function that incorporates model-based anchors and map 
information to preserve global geometry, a critical requirement for reliable sensing in 
ISAC systems. 

 
The work is precisely tailored to the challenging "ISLANDS" scenarios, which are defined 
by harsh, dynamic radio environments. The explicit focus on mixed LoS/NLoS 
conditions is a direct response to the "doubly selective fading channels" and complex 
propagation found in urban canyons and vehicular environments. The use of available 
coarse map information (e.g., street plans) demonstrates a practical implementation of 
sensing-assisted communications, where prior environmental knowledge (a form of a sensed 
map) is used to dramatically improve the performance of localization. This creates a powerful 
synergy, turning the wireless network into a "perceptive agent" that can accurately locate users 
even when the direct signal path is blocked. This behaviour aligns with ISLANDS use cases 
involving cooperative perception, safety-critical manoeuvres, and robust navigation in 
obstructed environments. 
 

State-of-the-art 

Robust and high-precision localization is a foundational sensing capability for Connected and 
Automated Mobility (CAM) services, yet existing methods are insufficient. Utilizing estimated 
channel parameters to calculate a user's position via geometric relationships, model-based 
methods are highly accurate in clear line-of-sight (LoS) conditions, their performance 
significantly degrades in non-line-of-sight (NLoS) environments where the direct signal path is 
blocked [1.2.43], [1.2.44]. Conversely, data-driven methods use machine learning to infer 
location directly from channel state information. Supervised learning, like fingerprinting, 
requires extensive and frequently updated labelled datasets [1.2.45]. Unsupervised 
techniques like channel charting (CC) avoid this need for labels by learning a relative spatial 
map from channel data [1.2.46]. However, a key drawback is that CC often produces a 
distorted representation of the true global geometry. 
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Particularly interesting is the use of CC for absolute localization, which requires auxiliary 
information, e.g., anchor locations or map information. With a set of labeled CSIs, a 
localization penalty similar to fingerprinting can be incorporated into the loss function to 
optimize the CC model. In [1.2.47], [1.2.48], anchor points with known positions are used to 
find an affine transformation matching the channel chart with the global coordinates. All the 
above methods are semi-supervised, requiring pre-measured anchor locations or labeled 
data, which share the drawbacks of fingerprinting. To mitigate these issues, map-assisted 
approaches can exploit, for example, building floor plans or street maps to align the channel 
chart with the global coordinates. In [1.2.49], a CC method is proposed for indoor localization, 
where a Siamese neural network (NN) is trained to coherently optimize a pairwise distance 
loss and a Sinkhorn distance between the channel chart and the topological map. In [1.2.50], 
a velocity-assisted CC is proposed for indoor scenarios where the distance between two CSI 
samples is calculated based on velocity information (measured by deploying pedestrian dead 
reckoning or odometry systems) and an affine transformation is learned to match the 
generated channel chart and building floor plans. 
 
In the literature, model-based localization has also been used to assist CC in achieving 
unsupervised absolute localization. For example, a CC technique is proposed in [1.2.51] for 
an indoor scenario by incorporating ToA measurements and laser scanner data into the loss 
function. In [1.2.52], an augmented CC approach is proposed for an indoor scenario, where 
the joint TDoA and AoA likelihood is included in the NN training loss. In [1.2.53], a self-
supervised CC-based localization is proposed for distributed systems by leveraging TDoA 
measurements and multiple transmission reception point (TRP) locations. However, in 
[1.2.51], an additional laser scanner system is required to calculate the distance between two 
CSI samples, which induces extra cost and complexity; [1.2.53] classifies the NLoS paths as 
foes and consequently filters out the NLoS information, making it unavailable for localization; 
the cosine-based dissimilarity used in [1.2.52] performs inadequately in NLoS scenarios. In 
summary, in-depth integration of model-based localization and CC remains an open challenge 
and has not been addressed to date. 
 
Moreover, for CC-based localization, it is crucial to select or design an appropriate dissimilarity 
metric that can adequately achieve accurate global positioning. Since the dissimilarity metric 
computed solely from CSIs is highly related to channel characteristics, its positioning 
performance is sensitive to channel conditions, e.g., LoS/NLoS conditions. In the literature, 
CC-based localization is studied mainly for LoS dominant environments [1.2.47]-[1.2.50], and 
the above model-assisted works [1.2.51-1.2.53] require LoS conditions for absolute 
positioning. Therefore, it remains unclear how to perform CC-based localization in mixed 
LoS/NLoS scenarios. For example, whether existing dissimilarity metrics can adequately 
preserve local and global geometry in mixed LoS/NLoS scenarios (especially in LoS and NLoS 
transition regions where an abrupt change of CSI occurs) or whether new metrics are needed 
for global localization. 
 

Algorithmic Framework 

UNILocPro employs an intelligent switching mechanism based on LoS/NLoS identification to 
determine the optimal localization strategy for each user. It processes Channel State 
Information (CSI) through a dual-path architecture, where the switching decision is made in 
real-time based on the combined evidence from CSI characteristics and geometric 
consistency checks: 

• In the model-based path, we employ Orthogonal Matching Pursuit (OMP) algorithm for 
channel parameter extraction, followed by geometric triangulation. 

• In the CC-based path, a Multi-Layer Perceptron (MLP) processes angle-delay domain 
transformed CSI features. 
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The position estimation function is mathematically defined as: 

𝐩𝑖 = 𝑓𝑒(𝐇𝑖) = {
𝑓𝑝𝑒[𝑓𝑐𝑒

𝑠ℎ(𝐇𝑖)], if 𝐼′(𝐇𝑖) = 1 (LoS user)

𝑓Θ[𝑓𝑒𝑥𝑡𝑟(𝐇𝑖)], if 𝐼′(𝐇𝑖) = 0 (NLoS user)
 

where 𝐇𝑖 ∈ ℂ𝑀×𝑁𝑐 represents the Channel State Information (CSI) matrix for user 𝑖, 𝑓𝑐𝑒
𝑠ℎ(⋅) 

performs channel parameter estimation to extract Angle-of-Arrival (AOA) and Time-of-Arrival 
(TOA) parameters, 𝑓𝑝𝑒(⋅) implements geometric mapping based on propagation models, and 

𝑓Θ(⋅) denotes the neural network function for CC-based position estimation. 

The identification mechanism combines both CSI-based classification and geometric 
verification: 

𝐼′(𝐇𝑖) = {
0, if 𝑓𝑝𝑒[𝑓𝑐𝑒

𝑠ℎ(𝐇𝑖)] ∈ ℛ𝑁𝐿𝑜𝑆

𝐼(𝐇𝑖), if 𝑓𝑝𝑒[𝑓𝑐𝑒
𝑠ℎ(𝐇𝑖)] ∈ ℛ𝐿𝑜𝑆

 

The identification process begins with feeding the CSI into a classifier 𝐼(⋅) that outputs a 
LoS/NLoS decision. The geometric verification step then checks if the model-based position 
estimate falls within physically feasible regions defined by the map. Specifically, we maintain 
a binary occupancy map where ℛ𝐿𝑜𝑆 contains all positions with direct visibility to the base 
station, and ℛ𝑁𝐿𝑜𝑆 contains obstructed regions. This hybrid approach significantly enhances 

identification reliability by leveraging the geometric consistency of model-based estimates. 

The CC model training employs a sophisticated multi-objective loss function that preserves 
both local and global geometric properties: 

ℒ𝐶𝐶 = 𝜔𝐶−𝐶𝐶 ⋅ ℒ𝐶−𝐶𝐶 + 𝜔𝐿𝑜𝑆 ⋅ ℒ𝐿𝑜𝑆 + 𝜔𝑂𝑇 ⋅ ℒ𝑂𝑇 

The training process uses Adam optimizer with decayed learning rate, processing mini-
batches of CSI samples. Each loss component is computed independently and combined 

through weighted summation. The weights 𝜔𝐶−𝐶𝐶 , 𝜔𝐿𝑜𝑆, and 𝜔𝑂𝑇 are tuned to balance the 
contributions of local geometry preservation, anchor-based alignment, and map constraints. 
During backpropagation, gradients flow through all components simultaneously, allowing the 

network to learn a representation that satisfies multiple geometric constraints. 

ℒ𝐶−𝐶𝐶 is the conventional CC Loss that combines pairwise distance preservation and temporal 
constraints: 

ℒ𝐶−𝐶𝐶 = 𝜔𝑃𝑊𝐷ℒ𝑃𝑊𝐷 + 𝜔𝑇𝑟𝑖ℒ𝑇𝑟𝑖  
with pairwise distance loss: 

ℒ𝑃𝑊𝐷 =
1

𝑁𝑢
2 ∑ ∑

(∥ 𝑓Θ(𝐬𝑖) − 𝑓Θ(𝐬𝑗) ∥2− 𝑑𝑖,𝑗)
2

𝑑𝑖,𝑗

𝑁𝑢

𝑗=1

𝑁𝑢

𝑖=1

 

and triplet loss for temporal consistency: 

ℒ𝑇𝑟𝑖 =
1

|𝒯|
∑ max

(𝐇𝑝 ,𝐇𝑛,𝐇𝑟)∈𝒯

(0, ∥ 𝐩𝑝
𝑛𝑏 − 𝐩𝑟

𝑛𝑏 ∥2 −∥ 𝐩𝑛
𝑛𝑏 − 𝐩𝑟

𝑛𝑏 ∥2+ 𝛾) 

The pairwise loss is computed over all user pairs in the training batch, with the dissimilarity 
metric 𝑑𝑖,𝑗 serving as the target distance. Moreover, triplets are constructed using timestamp 

information, with positive samples selected from temporal neighbors (|𝑡𝑝 − 𝑡𝑟| ≤ 𝑇𝐿) and 

negative samples from distant time points (𝑇𝐿 < |𝑡𝑛 − 𝑡𝑟| ≤ 𝑇𝑈). The margin parameter 𝛾 

ensures sufficient separation between positive and negative pairs. 

In order to derive dissimilarity metric 𝑑𝑖,𝑗 that is consistent with physical distances, we 

introduce two novel dissimilarity metrics that leverage channel parameter estimates to 
approximate physical distances: 
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GOSPA-based Metric: The Generalized Optimal Sub-Pattern Assignment (GOSPA) metric 

measures the distance between sets of estimated path positions: 

𝑑𝑖,𝑗
GOSPA =

𝒢1
(𝜁,2)

({𝐩𝑖,𝑙
𝑚𝑏}𝑙=1

𝐿̂𝑖 , {𝐩𝑗,𝑙
𝑚𝑏}𝑙=1

𝐿̂𝑗
)

(𝐿̂𝑖 + 𝐿̂𝑗)/2
 

For each CSI sample 𝐇𝑖, we first estimate 𝐿̂𝑖 propagation paths using OMP algorithm, 

extracting parameters {𝛽̂𝑙
𝑖 , 𝜃𝑙

𝑖, 𝜏̂𝑙
𝑖}. Each path is treated as a potential LoS path to generate a 

coarse position estimate 𝐩𝑖,𝑙
𝑚𝑏 via geometric intersection. The GOSPA metric then finds the 

optimal assignment between path sets from two users, considering both position errors and 
cardinality mismatches. We use 𝜁as the cut-off distance to limit the influence of outlier paths, 
and employ Dijkstra’s algorithm to compute geodesic distances for improved local 
consistency. 

Wasserstein-based Metric: The Wasserstein distance measures the optimal transport cost 
between probability distributions of path positions: 

𝑑𝑖,𝑗
Wass = min

𝚪∈ℬ
⟨𝚪, 𝐂⟩𝐹 

We assign probability masses to each estimated path based on reliability indicators. 

Specifically, we use the exponential weighting scheme 𝑝(𝛽̂𝑙
𝑖 , 𝜃𝑙

𝑖 , 𝜏̂𝑙
𝑖) =

exp(−𝜅𝜏̂𝑙
𝑖)

∑ exp𝑙 (−𝜅𝜏̂𝑙
𝑖)
 with 𝜅 > 0, 

giving higher weights to earlier-arriving paths that are typically more geometrically reliable. 
The cost matrix 𝐂 uses Euclidean distances between path positions, and the optimal transport 

plan 𝚪∗ is computed using Sinkhorn iterations with entropy regularization. 

Fusion Strategy: The two metrics are intelligently fused to leverage their complementary 

strengths: 

𝑑𝑖,𝑗
Fusi = 𝛼𝑖,𝑗 ⋅ 𝑑𝑖,𝑗

G−GOSPA + (1 − 𝛼𝑖,𝑗) ⋅ 𝑑𝑖,𝑗
Wass 

The fusion coefficient 𝛼𝑖,𝑗 is adaptively determined using a piecewise function: 𝛼𝑖,𝑗 = 1 when 

𝑑𝑖,𝑗
G−GOSPA ≤ 𝑑𝑡ℎ𝑟𝑒, and 𝛼𝑖,𝑗 = (1 + 𝜗 ⋅ 𝑑𝑖,𝑗

G−GOSPA)−1 otherwise. This design prioritizes GOSPA 

metric for nearby users where it performs better, while gradually transitioning to Wasserstein 
metric for distant user pairs. 

ℒ𝐿𝑜𝑆 is the LoS-based Loss that utilizes model-based estimates as anchor points to establish 

global coordinate alignment: 

ℒ𝐿𝑜𝑆 =
1

∑ 𝐼′𝑁𝑢
𝑖=1 (𝐇𝑖)

∑ ∥

{𝑖|𝐼′(𝐇𝑖)=1}

𝑓Θ(𝐬𝑖) − 𝐩𝑖
𝑚𝑏 ∥2

2 

For users identified as LoS, we compute high-confidence position estimates using the shortest 
propagation path (assumed to be the LoS path) through geometric intersection of AOA and 
TOA measurements. These estimates serve as supervisory signals that anchor the channel 
chart to the global coordinate system. The loss ensures that the neural network learns to 
reproduce accurate absolute positions for LoS cases, which in turn provides a stable reference 
frame for NLoS user localization. 

ℒ𝑂𝑇 is OT-based loss that ensures NLoS user estimates conform to environmental constraints: 

ℒ𝑂𝑇 = min
𝚪∈ℬ

⟨𝚪, 𝐂⟩𝐹 −
1

𝜀
𝐸(𝚪) 
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where 𝐸(𝚪) is the entropy of 𝚪. We sample 𝑁𝑡 candidate positions {𝐩‾ 𝑖} from the NLoS region 
ℛ𝑁𝐿𝑜𝑆. The source distribution consists of neural network outputs for identified NLoS users, 
while the target distribution is uniform over the sampled NLoS positions. We use Sinkhorn 
algorithm for efficient computation, performing multiple iterations to approximate the optimal 
transport plan. The gradient flow through the Sinkhorn iterations is maintained using implicit 
differentiation of the optimality conditions. 

To address computational complexity concerns, we propose UNILoc, which replaces iterative 

OT computations with a single pre-computed transformation: 

𝐏̃𝑁𝐿𝑜𝑆 = diag(𝚪∗ ⋅ 𝟏𝑁𝑡
)−1 ⋅ 𝚪∗ ⋅ 𝐏‾  

where 𝚪∗ is the optimal transport plan obtained through a single OT execution, and 𝐏‾  contains 
sampled positions from the NLoS region. The training then simplifies to: 

ℒ =
1

𝑁𝑢
∑ ∥

𝑁𝑢

𝑖=1

𝑓Θ(𝐬𝑖) − 𝐩𝑖 ∥2
2+ 𝜔𝑇𝑟𝑖 ⋅ ℒ𝑇𝑟𝑖 

This approach maintains competitive performance while achieving 4-5× training speedup 
compared to UNILocPro. Specifically, in UNILoc, we first collect all model-based estimates for 
NLoS users and perform a single OT computation to find the optimal mapping to the NLoS 

region. This generates pseudo-labels 𝐩𝑖 that incorporate both the relative geometry from 
model-based estimates and the absolute positioning from map constraints. The neural 
network is then trained using these pseudo-labels through standard supervised learning. This 

approach reduces the training complexity from 𝒪(𝑁𝑢
2) to 𝒪(𝑁𝑢) while maintaining the benefits 

of map-aware positioning. 
The key technical contributions of UNILocPro include: 

• Unified Architecture: Seamless integration of model-based and data-driven 
approaches with adaptive switching based on real-time LoS/NLOS assessment. 

• Advanced Dissimilarity Metrics: Novel GOSPA-based and Wasserstein-based 
metrics that effectively capture geometric relationships from channel parameters 
through optimal assignment and probabilistic transport. 

• Multi-Objective Optimization: Comprehensive loss function that simultaneously 
preserves local geometry through pairwise constraints, global structure through anchor 
points, and environmental constraints through optimal transport. 

• Map Integration: Effective utilization of coarse map information through OT-based 
constraints that enforce physical feasibility without requiring precise environmental 
models 

• Computational Efficiency: Low-complexity variant (UNILoc) that maintains 
performance through one-time OT transformation and pseudo-label generation. 

• Robustness: Built-in mechanisms to handle identification errors through geometric 
verification and temporal variations through triplet constraints. 

The framework demonstrates particular strength in challenging mixed LoS/NLoS 
environments where traditional methods exhibit significant performance degradation, 
providing a practical solution for real-world deployment scenarios. 

 

Results 

We evaluate the proposed localization framework in a realistic street canyon scenario, as 
shown in Fig. 1.2.8. The simulation operates at a 10 GHz carrier frequency with a 50 MHz 
bandwidth, utilizing a 256-antenna base station. User positions are randomly and uniformly 
generated within the first quadrant of the map, resulting in a dataset of approximately 1800 
positions (550 LoS, 1250 NLoS) for both training and testing. Crucially, the wireless channels 
are not generated from simplified models but are computed using a sophisticated ray-tracer 
(Sionna RT), which realistically simulates propagation paths, including reflections and 
scatterings that cause non-line-of-sight (NLoS) conditions. This setup directly mirrors the 
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challenging mixed LoS/NLoS environments central to connected and automated mobility 
(CAM) services, providing a rigorous testbed for the proposed ISAC-based localization 
algorithms. 
 

 
Figure 1.2.8. A street canyon scenario, where channel paths are shown for user 1 for example. Note that user 1 is a LoS user, 
while user 2 is a NLoS user as its LoS path is blocked by a building. 

 

Here, we outline the benchmark methods used for a comparative performance evaluation. The 
benchmarks encompass three main categories: 

• Model-based: A traditional method using the OMP algorithm for channel parameter 
estimation and geometric mapping. 

• Fully-supervised: A fingerprinting approach that uses a neural network trained on 
ground-truth position labels, representing the best-case performance with extensive 
labelled data. 

• Semi-supervised CC-based [1.2.47]: Two channel charting variants that use an affine 
transformation to align the learned chart with the physical space. The more advanced 
of the two also employs an Optimal Transport (OT) transformation for this alignment. 
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Figure 1.2.9: Position estimates for different localization methods (testing dataset; every user is associated with a unique 
color; dot marks represent NLoS user positions and diamond marks represent LoS user positions). 

 

 
Figure 1.2.10: The cumulative distribution function (CDF) w.r.t. the positioning error for different methods (testing dataset). 
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Table 1.2.3. Positioning error for different localization methods (testing dataset). 

 
Fig. 1.2.9 shows the position estimates for different localization methods; for a quantitative 
evaluation, the CDF of estimation errors and performance metrics are also shown in Fig. 
1.2.10 and Table 1.2.3, respectively. The experimental results confirms the complementary 
nature of existing methods: the model-based approach delivers exceptional accuracy for LoS 
users (0.34 m MAE) but fails in NLoS conditions, while supervised fingerprinting excels in 
NLoS regions but is less precise for LoS users and requires extensive labeled data. The 
UNILoc and UNILocPro frameworks successfully synthesize these strengths. By integrating 
model-based geometry with data-driven channel charting, they achieve high LoS precision 
while also reconstructing the correct global geometry for NLoS users. This proves the core 
hypothesis that model-based information can serve as a powerful supervisory signal for 
unsupervised learning. A pivotal finding is the nuanced role of Optimal Transport (OT). The 
results demonstrate that OT is effective for fine-tuning but cannot autonomously recover a 
severely distorted global geometry. This validates the architectural decision in UNILocPro to 
use the OT-based loss during training alongside other loss components, which collaboratively 
ensure the learned chart is both locally and globally sound, enabling OT to perform a final 
refinement. The performance benchmarks are striking. UNILocPro with timestamps achieves 
near-parity with fully-supervised fingerprinting (MAE of 4.17 m vs. 4.46 m), a landmark result 
for an unsupervised method. Furthermore, the robustness of the conservative variant 
demonstrates that the framework does not depend on perfect external LoS/NLoS 
identification, a crucial feature for real-world deployment. Finally, the UNILoc variant confirms 
that a significant reduction in training complexity (4-5 times faster) is achievable with only a 
marginal performance drop, highlighting a practical pathway for implementing high-accuracy 
ISAC localization in resource-constrained environments. 
 
Current work directly fulfills the goals of Task 1.2 (Algorithmic Framework) by developing a 
novel AI-based solution that overcomes the fundamental limitations of existing methods. The 
results prove that the integration strategy enables high precision for LoS users (a strength of 
model-based methods) while simultaneously preserving the global geometry for NLoS users 
(a strength of data-driven methods). This synergistic performance, achieving accuracy on par 
with fully-supervised fingerprinting in an unsupervised manner, represents a significant leap 
forward for robust ISAC algorithms in complex environments. The framework's success 
demonstrates its practical utility for Connected and Automated Mobility (CAM), where reliable 
localization is needed regardless of signal blockage. Furthermore, the robustness of the 
"conservative variant" shows the framework does not depend on perfect external LoS/NLoS 
identification, making it highly suitable for real-world deployments where such information may 
be noisy or unavailable. 
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Future Work 

While current work has established a unified localization framework for connected devices 
served by a single base station, it lays the groundwork for a significantly broader ISAC 
research agenda. A pivotal next step is to evolve from a communication-centric view to a full 
perceptive network. This involves leveraging the developed framework not just to locate 
connected devices, but to sense the entire environment, including non-connected objects and 
passive scatterers. Future work will focus on transforming the network into a sensing case, 
using both communication signals and/or dedicated sensing waveforms to detect and localize 
uncooperative targets like non-connected vehicles, pedestrians, and obstacles. This would 
fully realize the "integrated sensing" component of ISAC, enabling advanced safety features 
such as occlusion prediction and holistic scene understanding for autonomous systems. 
 
Furthermore, to overcome the inherent limitations of a single base station—such as coverage 
holes and limited perspective—future research will expand this framework into a Distributed 
MIMO (D-MIMO) architecture. By coordinating multiple, geographically dispersed 
transmission and reception points, the system can achieve unprecedented spatial diversity 
and geometric baseline, drastically improving localization accuracy, robustness against 
blockages, and resilience to interference. This will require pioneering new algorithmic 
strategies for federated or centralized learning to train the AI model across multiple nodes, 
and developing sophisticated data fusion techniques to coherently combine partial 
observations from different network entities into a single, high-fidelity, and real-time 
environmental model. This transition to a cooperative, multi-node sensing paradigm is 
essential for delivering the hyper-accurate and reliable perception required by future 6G-
enabled connected and automated mobility applications. 
 

Research on Advanced Radio-based SLAM Algorithms (TAU) 

 

Introduction 

The work conducted in this period primarily contributes to Research Objective 2 – Algorithm 
Framework for ISAC in Vehicular Environments, and specifically to task 1.2 – Algorithm 
Framework, as defined in the DoA. The DoA highlights several major challenges associated 
with radio-based SLAM in vehicular ISAC scenarios, captured in Gap 2.2 and Gap 2.5, 
including (i) the lack of robust bistatic SLAM algorithms capable of operating under high 
Doppler shifts, which are characteristic of fast vehicular mobility, and (ii) the absence of 
reliable methods for exploiting NLOS and multi-bounce propagation paths in complex 
scattering environments. Addressing these challenges is essential to achieving reliable 
localization and sensing in conditions where traditional modalities (camera, LiDAR) may fail. 
The objective of this work is therefore to design and implement novel bistatic radio-based 
SLAM algorithms for mixed LOS/NLOS conditions, leveraging millimeter wave (mmWave) 
cellular signals to achieve accurate positioning and mapping. This directly contributes to Task 
1.2 by advancing the algorithmic foundation required for future ISAC-enabled vehicular 
systems operating under ISLANDS-relevant mobility and propagation conditions and by 
demonstrating how radio-based SLAM can enhance mapping functionalities in harsh 
propagation environments expected in automotive scenarios.  
 
During this reporting period, the following main activities were carried out, each closely aligned 
with Task 1.2 and supporting the ISAC scenarios: 
 

1. State-of-the-art review and gap analysis: 
A comprehensive literature review was conducted covering bistatic radio-based SLAM 
methods, multi-bounce NLOS exploitation, Doppler-resilient signal processing, and 
data association algorithms for radio-based localization and sensing. Particular focus 
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was placed on identifying the limitations of existing in vehicular ISAC scenarios 
involving high-speed mobility, multipath-rich roadside environments, and 
intermittent LoS, all of which are central to ISLANDS use cases. The reviews directly 
correspond to the challenges highlighted in Gap 2.5 of the DoA and provide the 
foundational analysis required for Task 1.2. It also clarifies the algorithmic 
requirements for ISLANDS scenarios where vehicles rely on cellular ISAC signals 
for joint communication and environmental perception in obstructed, highly dynamic 
conditions. 
 

2. Evaluation and improvement of the state-of-the-art bistatic snapshot radio SLAM 
algorithm: 
Building on the snapshot radio SLAM algorithm presented in [1.2.54], the work 
introduced a Bayesian enhancement approach to improve the robustness, accuracy, 
and computational efficiency of the radio-based SLAM algorithm. The improved 
methods incorporate the channel measurement estimates of delays and angles from 
LOS (if exists) and single-bounce NLOS propagation paths to perform SLAM, reflecting 
the dominant propagation conditions in ISLANDS urban and roadside sensing 
scenarios. The enhanced SLAM algorithm was validated using experimental 
mmWave data with 5G waveforms, enabling realistic testing under rich-scattering 
conditions typical of ISLANDS use cases. The results demonstrate performance 
gains in UE states estimation accuracy and robustness, meeting the objectives of Task 
1.2. 
 

3. Preliminary design and evaluation of radio-based GraphSLAM algorithm: 
To further enhance the SLAM performance beyond snapshot estimation, a preliminary 
radio-based GraphSLAM framework was developed. In this approach, the refined 
estimates produced by the improved snapshot SLAM algorithm serve as an initial input, 
which the GraphSLAM back-end performs global smoothing through pose graph 
optimization. The developed method incorporates channel measurement estimates, 
data associations, and the UE dynamic model, enabling the estimator to iteratively 
refine both the map and UE trajectory. The evaluation was conducted to benchmark 
the performance of the proposed GraphSLAM approach against snapshot SLAM 
approaches. The initial results indicate that the smoothing-based method provides 
significant improvements in estimation accuracy, and robustness to noisy 
measurements, capabilities that are particularly important for ISAC schemes 
deployed in ISLANDS scenarios such as dense urban areas, NLoS-dominant 
street canyons, and cluttered roadside corridors. The work also provides valuable 
insights into the current development of multi-bounce NLOS-assisted SLAM 
algorithms, which directly supports and advances the objective of Task 1.2, 
contributing to the future design of robust algorithmic frameworks for ISAC 
schemes under vehicular environments. 
 

 

State-of-the-art 

Within the ISAC paradigm, radio-based simultaneous localization and mapping (SLAM) 
identified as a key enabler that leverages uplink/downlink communication signals to jointly 
estimate both the user equipment (UE) state and the positions of surrounding landmarks in 
the environment [1.2.55]. In particular, bistatic radio-based SLAM, where sensing and 
communication functions are both satisfied between transmit-receive units, has emerged as a 
promising approach since it allows precise localization, synchronization, and environmental 
mapping using only a single base station (BS) [1.2.56] [1.2.54] [1.2.57]. This reduces sensing 
infrastructure requirements while enabling native integration with cellular communication 
networks [1.2.58]. 
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Radio-based SLAM algorithms are commonly categorized into snapshot-based [1.2.54], 
[1.2.57], filtering-based [1.2.59] [1.2.60] and smoothing [1.2.61] [1.2.62] approaches. These 
categories differ in how they exploit over time: snapshot methods (e.g., least squares (LS), 
maximum likelihood estimation (MLE)) solve the SLAM problem for a single UE position and 
only use radio measurements collected at a single snapshot observation; filtering methods 
(e.g., extended Kalman filter (EKF), particle filters) typically model the UE dynamics and 
approximate the posterior density sequentially using radio measurements up to the current 
time instant; smoothing approaches (e.g., batch optimization) consider a batch of observations 
and estimate the entire trajectory. The different SLAM algorithms have advantages depending 
on the application scenarios. Smoothing is the best candidate if accuracy is the most important 
performance criterion, filtering approaches are best suited for real-time applications, and 
snapshot algorithms are essential when UE dynamics are unavailable and only snapshot radio 
measurements are observed. Most existing works focus only on direct line-of-sight (LOS) and 
non-line-of-sight (NLOS) paths, typically assuming that all NLOS paths are single-bounce 
propagation paths [1.2.63], [1.2.64], meaning that each NLOS path interacts with single-
discrete incidence point (IP) in the environment. However, experimental measurements 
indicate that higher-order NLOS paths are not uncommon [1.2.57], [1.2.65], and incorrectly 
viewing such paths as single-bounce paths can lead to sever SLAM performance degradation 
[1.2.66].  
 

Algorithmic Framework 

Problem formulation 
A bistatic 2D (azimuth-only) downlink scenario with a BS as the transmitter and a UE as 
receiver was considered. The BS state is defined as: 

𝐱BS = [
𝐩BS

⊤

𝛼BS
] ∈ ℝ3, 

where 𝐩BS ∈ ℝ2 denotes the BS position and 𝛼BS its orientation. The UE state is defined as: 

𝐱UE = [
𝐩UE

⊤

𝛼UE

𝑏UE

] ∈ ℝ4, 

where 𝐩UE ∈ ℝ2 is the UE position, 𝛼UE its orientation, and 𝑏UE the clock bias relative to the 
BS.  
 

The propagation environment contains 𝑀 single-bounce landmarks, each represented by an 

unknown position 𝐩𝑛 ∈ ℝ2, 𝑛 = 1, … , 𝑀, which corresponds to the interaction point of the 𝑛th 
NLOS path. Each resolvable propagation path 𝑖 = 0, … , 𝑁 is associated with the channel-

parameter vector 𝐳𝑖 = [

𝜏𝑖

𝜙𝑖

𝜃𝑖

] ∈ ℝ3, where 𝜏𝑖, 𝜙𝑖, and 𝜃𝑖 denote the time-of-arrival (TOA), angle-

of-departure (AOD), and angle-of-arrival (AOA), respectively. Path 𝑖 = 0 corresponds to the 
LOS path, when present.  
 
The goal of the SLAM problem is to estimate the UE state 𝐱UE and the set of landmark 

positions 𝒫 = {𝐩1, … , 𝐩𝑀}, by using the set of channel measurements 𝒵 = {𝐳0, 𝐳1, … , 𝐳𝑁}. 
 

Assuming zero-mean Gaussian noise in the channel parameters, the likelihood function is 

𝑝(𝐳𝑖 ∣ 𝐱UE, 𝐩𝑖) = 𝒩(𝐳𝑖  | 𝐡(𝐱UE, 𝐩𝑖), 𝐑𝑖), 

where 𝐑𝑖 is the noise covariance matrix and 𝐡(⋅) is the mean when is given as: 

• LOS path, 𝐩0 = ∅   
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𝐡(𝐱UE, 𝐩0) = [

∥ 𝐩BS − 𝐩UE ∥/𝑐 + 𝑏UE

atan2(𝑦UE − 𝑦BS,  𝑥UE − 𝑥BS) − 𝛼BS

atan2(𝑦BS − 𝑦UE,  𝑥BS − 𝑥UE) − 𝛼UE

], 

• Single-bounce path 

𝐡(𝐱UE, 𝐩𝑖) = [

∥ 𝐩BS − 𝐩𝑖 ∥/𝑐+∥ 𝐩𝑖 − 𝐩UE ∥/𝑐 + 𝑏UE

atan2(𝑦𝑖 − 𝑦BS,  𝑥𝑖 − 𝑥BS) − 𝛼BS

atan2(𝑦𝑖 − 𝑦UE,  𝑥𝑖 − 𝑥UE) − 𝛼UE

]. 

 
Summary of the proposed methods 
For the snapshot approach, the considered estimation problem can be formulated as 

𝐱̂MLE = argmax
𝐱

 𝑝( 𝐳 ∣ 𝐱 ), 

Which is equivalent to minimizing the negative log-likelihood 

−log𝑝(𝐳 ∣ 𝐱) = −log𝒩(𝐳;  𝐡(𝐱),  𝐑)

=
𝑑𝐳

2
log(2𝜋) +

1

2
log|𝐑| +

1

2
∥ 𝐳 − 𝐡(𝐱) ∥𝐑−1

2 ,
 

where 𝐡(𝐱) = [𝐡(𝐱UE, ∅)⊤,  𝐡(𝐱UE, 𝐩1)⊤,  … ,  𝐡(𝐱UE, 𝐩𝑀)⊤]⊤, 𝐑 = blkdiag(𝐑0,  𝐑1,  … , 𝐑𝑀) and 

𝑑𝐳 = dim(𝐳). The optimization problem above is solved using the Gauss–Newton algorithm 

[1.2.67], which is initialized using the algorithm introduced in [1.2.54].  

 

For the GraphSLAM approach, we consider the batch over time instants 𝑘 = 0, … , 𝐾. The UE 

state at time 𝑘 is denoted by 𝐱UE,𝑘, the stacked state is 𝛘 =

[𝐱UE,0
⊤ 𝐱UE,1

⊤ … 𝐱UE,𝐾
⊤ 𝐩1

⊤ … 𝐩𝑀
⊤ ]

⊤
.  Assuming independence between measurements, 

the posterior over 𝛘 given all measurements 𝒵 = {𝐳𝑘}𝑘=0
𝐾  is 

𝑝(𝛘 ∣ 𝒵) ∝ 𝑝(𝐱UE,0) ∏ 𝑝(𝐱UE,𝑘 ∣ 𝐱UE,𝑘−1)

𝐾

𝑘=1

∏ ∏ 𝑝(𝐳𝑖,𝑘 ∣ 𝐱UE,𝑘, 𝐩𝑖)

𝑖∈ℐ𝑘

𝐾

𝑘=0

, 

 

where ℐ𝑘 is the set of LOS (if exist) and single-bounce paths observed at time 𝑘.  

The MAP estimate 𝛘̂ is obtained by 

𝛘̂ = argmax
𝛘

 𝑝(𝛘 ∣ 𝒵) = argmin
𝛘

 𝐽(𝛘), 

where the negative log-posterior is 

𝐽(𝛘) =∥ 𝐱UE,0 − 𝐱‾UE,0 ∥𝐏0
−1

2 + ∑ ∥

𝐾

𝑘=1

𝐱UE,𝑘 − 𝐱UE,𝑘−1 ∥
𝐐𝑘

−1
2

 + ∑ ∑ ∥

𝑖∈ℐ𝑘

𝐾

𝑘=0

𝐳𝑖,𝑘 − 𝐡(𝐱UE,𝑘, 𝐩𝑖) ∥
𝐑𝑖,𝑘

−1
2 .

 

 

The problem can be solved using Gauss-Newton algorithm [1.2.67], where the initial estimate 

is obtained from snapshot SLAM solution.  
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Results 

The performance of the developed and benchmark radio-based SLAM algorithms was 
evaluated using real-world 60 GHz measurement data, collected on the campus of Tampere 
University, Finland. The dataset contains 45 UE locations, of which 32 are in LOS conditions 
and 13 are in NLOS conditions. Beamformed measurements were obtained using 400 MHz 
transmission bandwidth utilizing 5G NR-specified downlink positioning reference signals. The 
experimental details and hardware used are described in [1.2.57]. Furthermore, the estimation 
accuracy is evaluated using the position, heading, and clock bias root mean square errors 
(RMSEs). Due to the common real-world dataset limitation that true landmark positions are 
unknown, the quantitative performance analysis only considers the UE.   

 
Fig. 1.2.11 shows the SLAM solution at one example UE position under LOS condition using 
proposed MLE-based snapshot SLAM algorithm. As illustrated, 1 LOS path and 4 single-
bounce NLOS paths were correctly identified and utilized for jointly estimate the UE state as 
well as the positions of interaction points corresponding to each single-bounce NLOS path. 
The snapshot method solves the problem based on the measurements at current snapshot 
solely, does not rely on motion models or smoothing across time. Yet, the single snapshot 
approach can reconstruct both UE state and landmarks, demonstrating robustness to practical 
mmWave propagation conditions. 

 
Figure 1.2.12 visualizes the results over all UE positions, and Table 1.2.4 summarizes the 
RMSEs for position, heading and clock bias. As shown, all the UE positions are correctly and 
robustly estimated, and the landmarks estimates align well with the floor plan, for example, 
the walls at upper corners and the pillars near the center of the mapping area. The benchmark 
algorithm is introduced in [1.2.54] which is based on least squares solution. Differently, the 
proposed snapshot SLAM algorithm is based on maximum likelihood estimation, which 
considers the measurement noise covariance and jointly estimates the UE state and 
landmarks, thereby slightly outperforms the benchmark method. The proposed GraphSLAM 
approach uses the snapshot solution as an initialization, and then globally refine the estimate 
over the entire trajectory. Besides, the dynamic model of the UE is assumed and incorporated 
in the optimization process. As shown in Table 1.2.4, GraphSLAM significantly outperforms 
snapshot-based methods.  

 
The results demonstrate the feasibility of radio-based SLAM approaches for operation in rich 
scattering environments under mixed LOS/NLOS conditions, which links to the complex 
scenario outlined in Gap 2.5. Unlike conventional positioning techniques which depend 
primarily on LOS paths and typically require the incorporation over multiple base stations, the 
considered radio-based SLAM methods are able to exploit NLOS propagation paths as 
valuable sources of geometric information. This enables not only improved UE localization 
accuracy but also the capability to map the surrounding environments, identifying the physical 
structures that the radio signals interact with. These highlight the potential of radio-based 
SLAM as a robust solution for ISAC vehicular environments, where complex NLOS, 
blockages, and rapid mobility are encountered. This also motivates the next phase of work, 
which aims at developing advanced SLAM algorithms tailored to more complex and 
realistic propagation environment, aligned with the objectives and requirements of 
Task 1.2.  
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Figure 1.2.11: Illustration of the radio-based SLAM solution of the proposed algorithm at one example UE position under LOS 
condition. In the figure, the identified LOS path is shown using bold red line and identified single-bounce NLOS paths are 
shown using solid lines. Covariances of UE and landmark position estimates are shown using dashed ellipse.  The RMSE of UE 
state estimate at this example UE position is [0.17 m, 0.65 deg, 0.25 ns].  

 

 
(a) Benchmark LS-based snapshot SLAM algorithm 

 
(b) Proposed MLE-based snapshot SLAM algorithm 
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(c) Proposed GraphSLAM algorithm 

 
Figure 1.2.12: Illustration of the radio-based SLAM performance over all UE positions using benchmark algorithm [1.2.3] and 
the proposed methods.  In the figures, ground truth BS position is shown using blue triangle and ground truth UE trajectory 
is shown using blue lines. The estimated UE positions are illustrated using black crosses and estimated landmarks positions 
are illustrated using red plus signs.  

 

 
Table 1.2.4. Performance comparison of the benchmark and proposed algorithms. 

 

Future Work 

The next phase of the work will concentrate on the implementation and evaluation of multi-
bounce NLOS exploitation within the developed bistatic radio-based SLAM frameworks. 
Building on the initial modelling and processing steps so far, the goal is to integrate robust 
algorithms capable of identifying, classifying, and leveraging higher-order NLOS paths for 
localization and mapping. This includes developing clustering mechanisms for 
separating meaningful NLOS components from clutter, designing geometric 
reconstruction methods for multi-bounce paths, and incorporating these extended 
measurements into the SLAM back-end. By doing so, the system is expected to achieve 
improved robustness in dense urban and vehicular environments where LOS availability is 
limited, directly addressing the challenges highlighted in the DoA and fulfilling the 
requirements of Task 1.2.  
 
In parallel, next work will initiate a deeper investigation into Gap 2.2, focusing on the 
integration of AI-based methods within radio-based SLAM. A promising direction is the 
development of semantic radio-based SLAM, where the system moves beyond estimating the 
positions of landmarks and instead aims to infer richer environmental attributes such as object 
shape, material properties, reflection behavior. Incorporating such semantic information has 
the potential to substantially improve data association, outlier rejection, and NLOS path 
interpretations, especially in complex scattering environments typical of vehicular scenarios. 
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The line of research will also explore suitable learning paradigms, such as representation 
learning, probabilistic deep model, or reinforcement learning, to enable semantic inference 
from mmWave radio features, thereby laying the foundation for novel context-aware ISAC 
systems in vehicular environments.  
 

Algorithmic and Simulation Framework for Vehicular ISAC Interference 

and Coordination (ACG-RC) 

 

Introduction 

The objective of Task 1.2 is to develop the algorithmic and simulation framework required for 

the evaluation and validation of ISAC coexistence techniques in vehicular environments. This 

encompasses the development of a comprehensive MATLAB-based vehicular scenario, the 

implementation of OFDM–FMCW interference models, and the design of preliminary 

coordination and interference-management mechanisms appropriate for underlay spectrum 

sharing. The task seeks to translate the theoretical models from Task 1.1 into practical 

algorithmic tools, thereby enabling performance analysis, system-level evaluation, and the 

foundation for future ISAC waveform, resource-allocation, and coordination schemes. 

 

Gap 2.6: Absence of coordination schemes enabling spectrum sharing for ISAC in vehicular 

environments. The work addresses Gap 2.6 through the following developments: 

• Coordination strategies: 

Lightweight distributed vehicle–vehicle coordination and optional RSU-assisted 

mechanisms were proposed to manage aggregate interference and enforce the 

underlay constraint in real time. 

• Power allocation rules: 

A distributed interference-budget allocation rule was introduced, enabling multiple 

ISAC vehicles to share spectrum without exceeding the interference threshold at 

legacy FMCW receivers. 

• Autonomous mode considerations: 

Constraints for continuous sensing operation in autonomous driving were formulated, 

demonstrating the need for real-time coordination rather than static or opportunistic 

spectrum sharing. 

These contributions provide the foundation for coordinated, scalable underlay spectrum 

sharing in dense vehicular environments, addressing the absence of practical coexistence 

mechanisms for mixed ISAC/legacy deployments. 

 

State-of-the-art 

Coordination Schemes for Vehicular ISAC 

Underlay spectrum sharing requires real-time control of interference generated by OFDM-

based ISAC vehicles toward legacy FMCW radars. Because vehicular environments are 

mobile, dense, and safety-critical, coordination mechanisms are needed to ensure that the 

interference threshold is not exceeded while allowing ISAC sensing to remain active [1.2.68]. 
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Local Interference Estimation and Power Control 

Each ISAC vehicle must estimate its interference impact on nearby legacy radars. This can 

be done by: 

• passively detecting FMCW chirps to identify legacy radar presence, 

• estimating relative distance and angle from received chirp strength, 

• adjusting transmit power to satisfy the underlay constraint [1.2.69]: 

𝑃ISAC ≤
𝐼th

|ℎ(𝑑, 𝜃)|2. 

Local OFDM adjustments (reduced subcarrier power, selective nulling, or pilot shaping) 

provide additional interference suppression without interrupting sensing. 

 

Distributed Vehicle–Vehicle Coordination 

When multiple ISAC vehicles operate near a legacy radar, their interference contributions add 

up. To keep the total interference below the limit [1.2.70]: 

∑ 𝑃ISAC,𝑘|ℎ𝑘|2

𝑘

≤ 𝐼th, 

vehicles can exchange lightweight control messages indicating estimated interference levels, 

intended power reductions or positional information. 

 

A simple distributed rule assigns each vehicle a fraction 𝜂𝑘 of the interference budget, ensuring 

[1.2.70]: 

𝑃ISAC,𝑘 = 𝜂𝑘

𝐼th

|ℎ𝑘|2 ,   ∑ 𝜂𝑘

𝑘

≤ 1. 

Infrastructure-Assisted Support 

Roadside units (RSUs), when present, can improve coordination by: 

• collecting interference estimates from vehicles 

• allocating per-vehicle power budgets 

• informing vehicles about legacy radar clusters or predicted interference hotspots. 

RSU assistance enhances reliability but is not required for basic underlay operation. 

 

Developed Scenario and Test Setups 

This section describes the vehicular coexistence scenario and simulation environment 

developed for Tasks T1.1 and T1.2. The objective is to analyze interference generated by 

OFDM-based ISAC vehicles toward a legacy FMCW radar vehicle, and to demonstrate why 

structured spectrum-sharing or underlay control is required in autonomous driving contexts. 

 

Scenario Description 

The scenario represents an urban multilane road, shown in Figure 1.2.13, where three 

vehicles operate simultaneously within partially overlapping spectrum resources: 

• Two ISAC-equipped vehicles. These vehicles transmit OFDM-based ISAC 

waveforms. Their communication function is carried out using OFDM symbols, while 

sensing is performed by analyzing reflected OFDM subcarriers and pilot structures. 

• One legacy automotive radar vehicle. This vehicle uses a traditional FMCW radar 

waveform for target detection. FMCW radars operate with continuous chirps and are 

sensitive to external wideband interference, especially OFDM leakage. 
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• One target vehicle. Present in front of both systems, acting as the common object to 

be detected. 

This setup reflects a realistic autonomous-driving situation. OFDM-based ISAC nodes coexist 

with conventional FMCW radars, and their uncoordinated emissions can degrade each other’s 

sensing ability. 

 

Key characteristics of the scenario: 

• ISAC nodes continuously transmit OFDM frames (communication + sensing). 

• The legacy radar continuously transmits FMCW chirps. 

• The target vehicle is shared among all sensing nodes. 

• OFDM leakage may corrupt FMCW beat-frequency extraction. 

• FMCW leakage may distort OFDM demodulation or channel estimation. 

• No coordination or interference control is applied in the baseline simulation. 

This configuration highlights the worst-case interference interaction between two 

fundamentally different waveforms (FMCW vs. OFDM), motivating underlay spectrum sharing 

strategies. 

 

Simulation Environment and MATLAB Framework 

A custom MATLAB simulation framework was developed to model OFDM-based ISAC signal 

generation, FMCW radar chirp generation, propagation to the target and between vehicles, 

mutual interference contamination and the resulting beat signal distortion for the FMCW radar. 

The simulation focuses entirely on interference effects, not complete PHY-layer 

communication performance. Tables 1.2.5 and 1.2.6 show the system parameters for FMCW 

equipped car and ISAC equipped cars, respectively. 

 

This setup explicitly models OFDM → FMCW interference, including: 

• OFDM subcarrier leakage into FMCW chirps 

• Time-domain OFDM energy raises the noise floor of the beat signal 

• Subcarrier sidelobes contaminating FMCW range bins 

• Impact of different distances and angles 

The reverse coupling (FMCW → OFDM) is not the main focus, but can be extended. 

 

Parameter Value 

Carrier frequency 𝑓𝑐  24 GHz 

Bandwidth B 200 MHz 

Chirp duration 𝑇𝑐 50 µs 

Sampling rate 𝐹𝑠 200 MHz 

Samples per chirp 𝑁𝑠 10 000 

Number of chirps 𝑁𝑐 128 

Chirp repetition interval 𝑇𝑟 50 µs 

Range resolution Δ𝑅 =
𝑐

2𝐵
 0.75 m 

Velocity resolution Δ𝑣 =
𝜆

2𝑁𝑐𝑇𝑟
 ≈ 0.94 m/s 

Target range 𝑅0 40 m 

Target velocity 𝑣0 20 km/h ≈ 5.56 m/s 

Target RCS + Tx power Absorbed into A_0, baseline SNR = 

20 dB 

Multipath paths 40 m (LOS), 50 m, 60 m 
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Multipath amplitudes 0 dB, −6 dB, −10 dB 

Multipath phases Random, independent 

Table1.2.5: FMCW System Parameters  

 

Parameter Value 

Effective ISAC bandwidth 200 MHz 

FFT size 10 000 

Number of OFDM subcarriers 𝑁𝑠𝑐 2500 

Subcarrier spacing Δ𝑓 60 kHz 

OFDM symbol duration 𝑇𝑠𝑦𝑚 50 µs 

Modulation QPSK 

ISAC interferer distances 10–100 m 

Number of ISAC interferers 2 (symmetric) 

Noise variance 𝜎𝑛
2 1 (normalized) 

INR at 10 m 10 dB 

Path-loss exponent 𝑛𝑃𝐿 2 

Interference variance model 𝜎𝐼
2(𝑑) = 𝐾𝐼𝑑−𝑛𝑃𝐿 

 
Detection threshold model 𝑃𝑓𝑎 = 10−3 

KPIs derived from SINR 𝑃𝑑, range RMSE, velocity 

RMSE, capacity 

Table1.2.6: ISAC System Parameters 

 
Figure 1.2.13: Urban Vehicular ISAC Scenario. 

 

Results 

This section presents a comprehensive visual assessment of the mutual interference effects 

between an FMCW radar receiver and coexisting ISAC transmitters under three operating 

modes: absence of coexistence mechanisms, spatial-null interference shaping, and joint 

nulling with power control. The figures collectively demonstrate the influence of each method 

on radar detection quality, radar estimation accuracy, radar SINR, ISAC link performance, and 

the interference budget across varying distances and spatial correlations. 

 

Baseline Range–Doppler maps are presented for the FMCW radar in the absence of ISAC 

interference, followed by RD maps in the presence of full-power OFDM-ISAC interferers at 

short separations. These figures establish the foundational contrast between the radar’s 
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nominal noise floor and multipath structure, and the severe corruption induced by wideband 

ISAC transmissions in the absence of coexistence policies. 

 

The subsequent group of figures depicts radar-side KPIs as functions of interferer distance. 

Each KPI is plotted across four configurations: no ISAC presence, ISAC presence without 

mitigation, ISAC with spatial nulling, and ISAC with nulling plus interference-aware power 

control. These comparisons directly quantify the radar performance recovery attained by 

Model 2a and the additional protection afforded by Model 2b, particularly at shorter distances 

where interference is most pronounced. The figures demonstrate how each mitigation 

technique modifies the degradation profiles and identify scenarios where Model 2a alone 

proves insufficient to maintain radar performance. 

 

Complementing the radar-centric analysis, figures focused on ISAC performance are included. 

The spatial-correlation dependency of Model 2a is visualized across distance and angular 

alignment, illustrating ISAC SNR degradation when radar and communication beams exhibit 

greater coherence. For Model 2b, ISAC-side SINR is evaluated under varying nulling strengths 

and power-control constraints. Two dedicated figures depict ISAC SINR versus ISAC-

communication distance under strong-null and weak-null configurations. Each plot 

incorporates not only the adaptive curve employed in Model 2b, but also several fixed- curves. 

These inclusions isolate the effects of the power-allocation factor and demonstrate the extent 

to which the radar’s interference limit constrains ISAC transmit power at different distances. 

 

Collectively, these figures furnish a unified evaluation of the radar–ISAC coexistence 

challenge. They illustrate the modifications to radar KPIs induced by mitigation techniques, 

the impacts on ISAC performance, the conditions under which spatial nulling suffices or fails, 

and the necessity of power control. This comprehensive visual analysis delineates the 

fundamental trade-offs between safeguarding radar integrity and maintaining ISAC 

functionality, thereby establishing a performance baseline for subsequent spectrum-sharing 

algorithms. 

 

RD Map Without ISAC Interference 

This figure illustrates the baseline Range–Doppler response of the FMCW radar under 

exclusively thermal noise and multipath propagation conditions. The RD map displays a 

uniform noise floor with spatially homogeneous coloration, signifying the absence of strong 

external signals within the radar’s spectral support. Multipath components manifest solely as 

low-amplitude fluctuations that do not dominate the Doppler–range grid, thereby confirming 

the well-conditioned channel model and the undistorted operation of the radar’s matched filter 

and windowing processes. 

From a systems perspective, this pristine RD map establishes the reference noise-limited 

condition against which all subsequent interference-induced degradations will be quantified. It 

further verifies that target echoes, when present, are clearly discernible. The uniformity of the 

RD background is crucial, as it enables direct attribution of any interference-induced elevations 

to ISAC transmissions rather than to algorithmic artifacts or internal radar imperfections. 

Consequently, this baseline RD map constitutes the cornerstone of the radar’s performance 

envelope in an interference-free environment. 
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Figure 1.2.14: Range Doppler Map in Absence of ISAC Systems. 

 

RD Map With OFDM-ISAC Interference (d₍ISAC₎ = 10 m) 

This figure presents the Range-Doppler map of the FMCW radar subjected to full-power 

OFDM-based ISAC interference at a 10 m separation. The map exhibits severe broadband 

corruption, wherein the interference elevates the noise floor by tens of decibels and pervades 

nearly the entire RD plane with dense, structured wideband energy. This corruption arises 

from the OFDM waveform's high peak-to-average power ratio and its occupation of a wide 

contiguous bandwidth, which causes leakage to propagate through the radar processing chain 

and overwhelm the radar's weak beat signal. 

The figure underscores a fundamental challenge in radar-communication coexistence: even a 

modest physical separation between vehicles fails to ensure interference isolation when both 

systems operate at comparable carrier frequencies and with overlapping bandwidths. The RD 

map is dominated by interference-induced clutter, thereby eliminating the radar's operational 

utility. The absence of discernible target structures or Doppler signatures indicates that the 

radar has entered an interference-limited regime, rendering detection, estimation, and tracking 

infeasible. This pronounced visual degradation necessitates structured coexistence 

mechanisms, such as null-steering or interference-aware power control. 

 

Figure 1.2.15: Range Doppler Map in Presence of ISAC Systems in 10m distance of Main Vehicle. 
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Radar SINR vs ISAC Distance Across Four Coexistence Models 

This figure illustrates the variation of radar SINR in the target Range–Doppler bin with ISAC–

radar distance across four coexistence configurations. In the absence of ISAC, the radar 

maintains a stable SINR determined by its waveform characteristics, noise variance, and 

multipath profile. However, the introduction of unmitigated ISAC interference causes 

substantial SINR degradation at short distances, demonstrating that ISAC emissions dominate 

the radar’s disturbance power. The spatial nulling approach (Model 2a) substantially enhances 

SINR, particularly beyond 20–25 m, where the null attenuates line-of-sight leakage from the 

ISAC transmitter. Nevertheless, Model 2a fails to uphold the radar’s SINR guarantee in the 

near field or in scenarios where the ISAC communication beam exhibits spatial correlation 

with the radar direction. 

Model 2b incorporates adaptive power control in conjunction with spatial nulling. This 

integrated strategy ensures that interference at the radar receiver remains below a 

predetermined threshold, thereby stabilizing SINR proximate to its target protection level. The 

flattening of the Model 2b curve across distances exemplifies its regulatory function: whenever 

Model 2a inadequately suppresses interference, Model 2b constrains ISAC transmit power to 

enforce a stringent maximum interference level at the radar receiver. The figure substantiates 

that only Model 2b delivers resilient, distance-independent SINR protection, thereby affirming 

its necessity for robust radar–ISAC coexistence. 

 

Figure 1.2.16: Radar SINR vs ISAC Distance Across Four Coexistence Models. 

 

RD-Cell Capacity vs Distance for All Coexistence Models 

This figure assesses the radar’s RD-cell capacity, an information-theoretic metric that 

quantifies disturbance power in terms of communication-equivalent quality. Under baseline 

conditions, RD-cell capacity approaches the theoretical upper bound, demonstrating the 

radar’s capability to derive high-fidelity measurements. In the presence of unmitigated ISAC 

interference, capacity degrades substantially owing to elevated effective noise variance, 

thereby impairing the radar’s ability to discriminate target cells from ambient disturbance. 

 

Model 2a recovers a substantial fraction of the diminished capacity; however, restoration 

remains incomplete at short distances due to persistent residual leakage despite active nulling. 
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Consequently, spatial nulling alone proves insufficient to eradicate interference-induced 

entropy at the radar receiver. In contrast, Model 2b achieves near-complete restoration across 

most distances, with the capacity curve closely approximating the interference-free baseline. 

This outcome underscores the efficacy of integrated nulling and transmit-power regulation in 

preserving not only SINR but also the radar’s overall sensing fidelity, as measured by 

information-theoretic bandwidth efficiency. 

 

 

Figure 1.2.17:  RD-Cell Capacity vs Distance for All Coexistence Models. 

Range and Velocity RMSE vs ISAC Distance 

These subfigures depict the root-mean-square error in range and Doppler estimates for the 

radar, illustrating the distortion imposed by interference on the two-dimensional fast Fourier 

transform (2D FFT) peak corresponding to the target. In the absence of ISAC interference, 

both RMSE curves exhibit the anticipated Cramér–Rao lower bound-like behavior, declining 

gradually with increasing target signal-to-noise ratio while demonstrating exceptional stability. 

Under unmitigated ISAC interference, both errors exhibit substantial increases at short 

distances—often by a factor of 5–10—indicating significant degradation in the radar’s target 

localization capability. 

 

Model 2a mitigates these estimation errors by suppressing the dominant spatial component of 

the interference. However, spatial nulling alone proves insufficient to fully stabilize radar 

performance, particularly in scenarios characterized by high spatial correlation or proximity. 

Model 2b yields the most substantial RMSE reduction, producing flattened error curves that 

closely approximate the interference-free baseline. This stability confirms that the radar’s 

range and Doppler estimation capabilities—essential for collision avoidance and tracking—

are largely preserved with Model 2b. These results underscore that maintaining bounded 

interference variance is critical not only for detection but also for preserving geometric tracking 

accuracy. 
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Figure 1.2.18: Range and Velocity RMSE vs ISAC Distance. 

Probability of Detection vs ISAC Distance 

This figure illustrates the radar detection probability (P𝑑) for a fixed false alarm probability (P𝑓𝑎) 

across all coexistence configurations. In the absence of ISAC interference, $P_d$ remains 

proximate to its nominal value, as dictated by the radar's operating point. Under unmitigated 

interference, P𝑑degrades substantially at short ranges, as the target cell no longer exceeds 

the CFAR detection threshold. Model 2a enhances P𝑑by attenuating interference but fails to 

guarantee reliable detection at close distances. 

 

In contrast, Model 2b enforces a stringent SINR protection threshold, which yields a 

stabilized P𝑑curve. Across nearly all distances, the Model 2b curve remains proximate to or 

exceeds mid-range values, even in scenarios where Model 2a cannot sustain operability. 

These results demonstrate a primary contribution of Model 2b: robust radar detection 

notwithstanding adverse interference geometry or transmitter proximity. The figure 

substantiates that power-aware mitigation strategies ensure consistent detection reliability, 

which is essential in safety-critical vehicular environments. 
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Figure 1.2.19: Probability of Detection vs ISAC Distance. 

Model 2a ISAC SINR vs Distance and Spatial Correlation ρ 

This surface plot illustrates the dependence of the ISAC downlink SINR on the spatial 

correlation between the radar and communication beams. When the correlation is low, the 

spatial null exerts minimal impact on the ISAC communication beam, with SINR adhering to 

the anticipated distance-dependent path-loss behavior. However 𝜌, as approaches 1, the null 

substantially attenuates the ISAC transmit beampattern, markedly reducing the transmit-array 

gain in the desired communication direction. This yields pronounced SINR degradation even 

at moderate distances. 

 

The figure demonstrates a principal limitation of Model 2a: its performance is inherently 

geometry-dependent. In vehicular scenarios characterized by limited antenna apertures and 

unpredictable orientations, high-correlation events are prevalent, particularly in dense traffic 

or highway platooning. Accordingly, spatial nulling alone cannot ensure a reliable coexistence 

guarantee, thereby necessitating power control to accommodate worst-case alignment 

conditions. 

 

Figure 1.2.20: Model 2a ISAC SINR vs Distance and Spatial Correlation ρ. 

Model 2b ISAC SINR vs Distance for β = 0.8 (Weak Nulling) 

This figure assesses ISAC link performance under weak nulling strength. The baseline and 

fixed-α curves delineate the behavior of the communication link when the transmit-power 

fraction solely determines SINR. The adaptive α* curve, however, depicts the actual operating 

point dictated by the radar’s interference tolerance. With β = 0.8, substantial leakage toward 

the radar persists, resulting in α* remaining low over a considerable distance range. 

Consequently, the ISAC SINR is constrained to the lowest fixed-α curves, indicating severe 

performance degradation across most distances. 

 

This figure furnishes a perspicuous systems-level insight: weak nulling devolves the onus of 

coexistence almost entirely upon power control, which markedly curtails the feasible 

communication range and impairs ISAC link reliability. It demonstrates that, absent sufficient 

spatial isolation, coexistence compromises ISAC functionality notwithstanding preserved 

radar protection. 
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Figure 1.2.21: Model 2b ISAC SINR vs Distance for β = 0.8 (Weak Nulling). 

Model 2b ISAC SINR vs Distance for β = 0.2 (Strong Nulling) 

This figure illustrates the complementary scenario characterized by strong nulling. In this case, 

the adaptive 𝑎∗ curve closely tracks the fixed a curves corresponding to high SINR values, 

except at very short distances, where power control engages only transiently. Strong nulling 

substantially mitigates interference coupling at the radar receiver, thereby permitting the ISAC 

system to employ elevated transmit powers across nearly all distances. The figure indicates 

that the ISAC SINR maintains proximity to baseline levels throughout much of the operational 

range, underscoring Model 2b's capacity to sustain communication performance under 

effective spatial suppression. 

 

This outcome delineates a propitious coexistence regime: when the ISAC transmitter forms a 

sufficiently profound null toward the radar, power control requires only minimal intervention, 

thereby ensuring equilibrated protection for both radar and ISAC functionalities. The figure 

corroborates that joint nulling and power control constitute a complementary mechanism, 

wherein nulling addresses spatial selectivity and power control affords robustness against 

close-range or high-correlation contingencies. 

Evolving wireless networks architectures to support ISAC (NOKIA) 

 

Introduction 

Task 1.2 focuses on advancing algorithmic methods for Integrated Communication and 
Sensing (ISAC) in vehicular environments. It aims to identify and possibly overcome limitations 
in terms of capabilities and practical implementation, found in current ISAC systems. Such 
limitations may include the transmitted waveform, beamforming techniques and resource 
allocation schemes, all of which are critical for ISLANDS vehicular use cases involving 
high mobility, dense multipath, and safety-critical perception.. 
 
In communication-centric ISAC systems, the underlying 5G NR protocol stack defines sensing 
performance in terms of available bandwidth, time allocation and angular capabilities. Ad-hoc 
radar systems, on the other hand, can exploit the allocated spectral resources without major 
limitations. 
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The candidate work consisted of algorithmic prototyping and development, as well as 
designing test scenarios for gathering real-world data. For this scope Nokia makes available 
a Proof-of-Concept (PoC) deployed in an industrial warehouse in ARENA 2036, Stuttgart. 
Processing techniques of importance for radar applications, such as radar imaging, peak 
detection and tracking, are then developed and applied to the real recorded data. 
 
The candidate studied the performance of different types of peak detection algorithms applied 
to ISAC data, such as those based on Constant False Alarm Rate (CFAR) and novel 
Convolutional Neural Network (CNN)-based ones. For this study, a simulation considering 
hardware impairments of real systems was carried out, applying different methods to 
range/Doppler radar images under realistic ISAC constraints. These methods are of 
importance for ISLANDS use cases where sensing must remain reliable in power-limited, 
cluttered, or interference-rich vehicular environments. 
 
Furthermore, the CFAR detection techniques were applied to non-line-of-sight (NLOS) data, 
gathered from measurements campaigns. These measurements reflect plausible operating 
conditions of an ISAC system and serve as real-world data for the exploration of early 
detection and track initiation techniques applied to ISAC signals, where target presence is 
uncertain. This is directly relevant to ISLANDS scenarios such as out-of-view pedestrian 
or vehicle detection at intersections, cooperative perception in urban traffic, and safety-
critical CAM applications where sensing and communication must jointly overcome NLOS 
propagation. 
 

Algorithmic Framework & Results 

Benchmarking of radar peak detection with CFAR and CNN-based methods 

Radar technology has been extensively studied for a long time and offers mature systems with 
a wide range of applications, e.g., in surveillance, aviation, or maritime systems [1.2.71]. Radar 
systems are designed to detect targets and estimate their properties such as range, relative 
velocity, and angle of arrival, which are typically inferred from peaks in the radar image. Hence, 
peak detection plays a fundamental role in the analysis of radar signals. ISAC systems are 
built on an architecture and hardware originating from years of communication system design 
and standardization. They may present constraints such as limited bandwidth, hardware 
impairments, and non-ideal waveforms. Consequently, performance evaluations of detection 
algorithms designed exclusively for radar applications often lack applicability in ISAC 
scenarios, where operational conditions and requirements may vary significantly. 

 
Figure 1.2.22: Periodograms generated from synthetic data with 𝑃 = 10 targets, SNRRX = 10 dB, with peaks detected with the 
CS-CA-CFAR algorithm. 
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This study provides a benchmark for the performance of 2D CFAR algorithms such as Cell-
Averaging CFAR (CA-CFAR) and Censored-Statistics CA-CFAR (CS-CA-CFAR) [1.2.71], 
compared to the CNN-based approach proposed in [1.2.72]. To precisely assess detection 
performance we require perfect ground truth data, hence the orthogonal frequency-division 
multiplexing (OFDM) radar system model, considered in this paper, is based on Nokia’s ISAC 
Proof of Concept (PoC) [1.2.73]. On top of Additive White Gaussian Noise (AWGN), we model 
quantization noise and nonlinear responses due to the power amplifiers (PA) of transmitter 
and receiver. As shown in Fig. 1.2.22, radar images are generated via matched filter-based 
processing, where the peak shape is user-defined by the choice of a suitable window function, 
used to control sidelobe levels. 

 
Figure 1.2.23: Probability of missed detection (pMD) and F1 score for increasing SNR per complex symbol at RX. Target spacing 
larger than system’s resolution. Rectangular windowing is used (no windowing). 

 
The results showed how hardware constraints like PA non-linearities and quantization noise 
as well as the choice of window functions affect the detection performance.  
 
In Fig. 1.2.23 the detection performance is compared in terms of probability of missed 
detection and F1 score. Although we expect the hardware impairments of practical ISAC 
systems to be less severe, the results suggest that sensing-only hardware requirements may 
be relaxed in future ISAC system designs. 2D robust CA-CFAR algorithms yield improvements 
over standard CFAR but require approximate knowledge of the operating conditions. The 
CNN-based method presented benefits, as it is generally capable of detecting targets with 
similar performance to CFAR-based methods and even outperforms them in separating 
closely spaced targets. However, these benefits come at the cost of additional computational 
complexity and increased memory requirements of the preprocessing step, as well as the CNN 
itself. 

Work on NLOS sensing applied to intrusion detection/area monitoring 

The typical assumption for most ISAC use cases is that targets are in line-of-sight (LOS) from 
transmitter (TX) and receiver (RX). However, radio signals may reach targets only indirectly 
via (multiple) reflections, e. g., off walls or buildings. The main opportunity offered by NLOS 
sensing is the ability to enable use cases that are not possible with fixed camera or LiDAR 
systems, like “around-the-corner” detection. 
 
In [1.2.73] we established that NLOS sensing is feasible under certain conditions, such as 
those offered by an industrial indoor scenario, where we might be able to monitor out-of-view 
areas of the warehouse by exploiting the multipath signal reflected from a wall or large surface. 
This study, however, only presented an ideal scenario where the test target was not observed 
while completely in NLOS. 
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Figure 1.2.24: Test scenario with camera view from the gNB, Sniffer setup in ARENA 2036, Stuttgart. 

 
New measurement campaigns featuring a person walking and running in the NLOS scenario 
shown in Fig. 1.2.24, were carried out in the month of September 2025. The target is moving 
behind the wall composed of multiple highly reflective elements (red-highlighted in the 
measurement scheme), ensuring that no LOS component is present. The beam is then 
steered to an angle that allows us to reach the area by reflecting on the large cargo gate 
(fuchsia-highlighted). 
 
Here the sensing problem is modelled as an intrusion detection problem, similar to the track 
initiation problem often encountered in radar literature [1.2.74]. Radar processing and peak 
detection was applied to the data to obtain a list of target plots (e.g., range-speed estimates 
in our case). The processing of the obtained data is ongoing. 
 
This work aims at proposing a practical implementation of NLOS target detection, which is of 
importance in security-related scenarios and, in general, a relatively unexplored area of 
research. Furthermore, the insights gathered from the test scenarios are of interest for 
vehicular use cases such as out-of-view pedestrian monitoring at intersections. 
 

Future Work 

The candidate aims at finalizing a working implementation of an early detection system applied 
to the presented NLOS scenarios. Furthermore, expansion of the study to multi-target 
detection will be considered. 
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