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Chapter 11  

Signal Denoising under Environmental 
Stressors in Heritage Monitoring  

* Salvatore Polverino, Hourakhsh Ahmad Nia, Rokhsaneh Rahbarianyazd 

Introduction    

In modern communication systems, Software Defined Radios (SDRs) are crucial due to their flexibility and 
adaptability (Aboltins & Tihomorskis, 2023), despite of their vulnerability to low-frequency noise, which can 
degrade performance, especially in environments with high electromagnetic interference, sustained by Katz and 
Flynn (2009) who stress the importance of demonstrating communication concepts through SDR, as evidenced by 
White, Joseph F. (2003), by the use of a structured approach-model which emulates the simulation of circuit 
behaviour in microwave engineering, as also prompted by Rojhani et al. (2022) and Hu, C. et al. (2016), who offer 
respectively a detailed examination of location with velocity estimation, and how Kalman-based (Kalman, E., 1960, 
Chui, C. et al., 1991) channel tracking improves the bit-error-rate (BER) performance using Multiple Input Multiple 
Output (MIMO) radars in cluttered environments; in this regard, this paper introduces an enhanced SDR 
architecture, initiated on the premise of block diagrams (Kravchenko, V. et al., 2017), comparing conventional 
transceivers and a subsampling approach. 

To support the hypothesis of mitigating noise, we additionally propose an integrated Kalman filter enhanced 
adaptively into real-time (Chen, G. et al., 1991) SDR systems, with regard of time-varying autoregressive (AR) 
coefficients of the signal, which are then used to compute the PSD (Zhang, G. et al., 2006), thoroughly explored by 
Ermolova (2009), displacing these features in Extended Fisher Information Matrices (FIMs) for real-time 
adjustments to noise covariance, as discussed by He, J. et al. (2024) Saho K. et al. (2015), Bashirov,  E. et al. (2020), 
a random variable collection typical in stochastic random variables systems (Volosyuk, K. et al., 2018, Chirikjian, 
Gregory S. 2012); this recent demand, with reference to fine-tuned adaptation, has been critical for maintaining the 
Kalman filter’s robustness (Xiong, et al. (2021), and ensuring accurate state estimation under challenging 
conditions, as supported by Batra et al. (2004), who analyze the resilience of ultra-wideband (UWB) systems in 
context-responsive environments (Di Mauro, L. et al., 2024). 

Significantly, the proposed block diagram in Figure 1, significant of various schemes such as Relay-and-
Antenna Selection (LRAS) by Hu and Kao (2016), improves SDR performance in signal detection and subsampling 
classification across two environments: the Extended Fisher Information (EFIM), located on the receiver side 
immediately after the RX (Receive Antenna), values the digital demodulated processing, decoding and advanced 
algorithms, amplified by Low-Noise Amplifier (LNA), coming from the Digital Signal Processing (DSP) and in first 
place, the Analog-to-Digital Converter (ADC) (Unbehauen, R. et al., 1989).  

 

 
Figure 1. Block Diagram of SDR system incorporating FIM, CRLB, and EFIM. 
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This role is to perform the estimation of parameters alongside the FIM, as an integrated part; related to FIM, 
we configured the Cramér-Rao Lower Bound (CRLB), that performs resourcefully as yielded by Jones, A. et al. (1996) 
into the theoretical limit on the variance of unbiased 𝜃̂ estimators of EFIM expected value of θ, in E [𝜃̂] applied to 
spin-spin relaxation times, T1 and T2. 

Methods 

To assess the sensitivity of SDR components to low-frequency noise, the Extended Fisher Information Matrices 
(EFIMs) were employed. The Kalman filter was adapted to dynamically adjust the process and measurement noise 
covariance matrices in real-time, guided by the EFIMs, forwarding to the cohesive state estimation process, also 
supported by Xiong, K. et al. (2018). Simulations were conducted across various “deliberate”, (Bashirov A., 2003), 
noise scenarios factoring the analytical Python modules commonly used within the scope of modelling data, such as 
NumPy, in the process of large arrays and matrices, Matplotlib, as a powerful data visualization tool, Simply, with 
regard of process-based discrete-event simulation, and TensorFlow, in terms of large-scale simulation data and the 
extraction of patterns. 

Signals were modeled as a linear combination of known waveforms and noise, impacting the localization of 
front-end positionings, as for wireless sensor networks (WSNs) (Zhang, et al., 2013), in terms of scalability (Gupta, 
P. et al., 2000), and actualized in parallel to So (2018) whose algorithms are discerned between time-of-arrival 
(TOA) or time-difference-of-arrival (TDOA). By utilizing the EFIM within a dual Kalman filtering framework, we 
modelled how different noise environments affect the estimation process in SDRs, translated into electromagnetic 
interferences by Tse and Viswanath (2005). Specifically, two scenarios were considered: scenario a (Segesta site) 
and scenario B (Selinunte  park). In the optical image of scenario A, multiple interfaces and varying material 
properties lead to significant signal loss and dispersion, resulting in a lower EFIM and reduced accuracy in 
estimating signal parameters. In scenario B, the fewer interfaces and lower loss result in a higher EFIM, thereby 
improving the accuracy of signal estimation and detection capabilities. The mathematical Equation 1 of the observed 
signal y (t) is expressed as: 

 
𝑦(𝑡)  =  ∑ 𝛤𝑖

𝑁
𝑖=1 ⋅ 𝑇𝑖 ⋅ ℎ𝑖 (𝜃) + 𝑛(𝑡) Equation 1. Multi-Path Signal Model. 

 
where ℎ (𝜃) is the signal parameterized by 𝜃 (which could represent frequency, amplitude, phase) and 𝑛 (𝑡) is the 
noise, which varies depending on the scenario. For scenario A and B: 𝑛𝐴,𝐵(𝑡) ∼ 𝑁(0, 𝜎𝐴,𝐵

2 ). 

𝛤𝑖 is the reflection coefficient at the i-th interface, 𝑇𝑖 is the transmission coefficient at the i-th interface and ℎ𝑖 (𝜃) 
represents the signal component corresponding to the path through. 

 

1.a. Fisher Information Matrix Extension 

The dual Unscented Kalman Filter (UKF) (Wan, A. et al., 2000, Van Der Merwe, R. et al., 2001, Bonnabel, S., 2007). ) 
used can be adapted to account for these Fresnel coefficients, which are critical in predicting signal behavior, by the 
use of Unscented Transformation (UT), after reflections or transmissions, more conveniently than the Extended 
Kalman Filter (Julier, S. et al., 1997). The Fisher Information Matrix (FIM) quantifies the information that observable 
data carries about a parameter, θ. This formulation considers the contributions from different media, each path 
affecting the overall signal received. For scenarios with varying noise levels, such as urban (high noise) and rural 
(low noise) environments, the FIM can be adapted. In high noise, FIM values decrease, indicating reduced parameter 
estimation accuracy. Conversely, in low noise environments, the FIM is higher, improving signal detection. 

To address these variations, the FIM is integrated into SDR performance metrics, such as probability of error 
(PER) and bit error rate (BER). The incorporation of chaotic systems and the use of an extended FIM within a dual 
Kalman filtering framework allows for dynamic adjustment of noise covariance matrices, improving SDR robustness 
against low-frequency noise and multipath interference. The key Equation 2, summarises the aforementioned 
statements: 

 

𝐈(𝜃) =  
1

𝜎2
∑ [(

𝜕(𝛤𝑖 ⋅ 𝑇𝑖 ⋅ℎ𝑖 (𝜃))

𝜕𝜃
) (

𝜕(𝛤𝑖 ⋅ 𝑇𝑖 ⋅ℎ𝑖 (𝜃))

𝜕𝜃
)
𝑇

]𝑁
𝑖=1   Equation 2. Noise-Adapted Signal Path Estimation Formula. 

 
 

1.a.I. Optimizing SDR Signal Detection Through FIM-Based Adaptive Algorithms 

The FIM-based adaptive algorithms is discussed by Blech et al. (2010) not only quantifying the information content 
for parameter estimation but also redesigning software-defined ultra-wideband (UWB) transceiver in overcoming 
the limitations of traditional narrowband systems (Pavlikov, V. et al., 2018) in noisy environments, a common 
strategy for passive radar systems (Kutuzov, M. et al., 1987) and Magnetic Resonance Imaging (MRI) (Bouhrara, M. 
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et al., 2018); this aligns with Convex optimization techniques (Boyd, S., & Vandenberghe, L., 2004) and Sadiku and 
Akujuobi’s (2004) observations on the need for a concise overview to instruct azimuth parameters, e.g. location 
movement or surface characteristics (Pavlikov, V. et al., 2018), and calibrate the adaptive capabilities of SDRs 
(Ramos-Perez, I. et al., 2012) in Electronic Warfare (EW) contexts, that align to AirComp systems through data 
fusion (Nazer, B., et al., 2007) and optimal Tx-Rx policy design under power constraints, as issued by Liu et al. 
(2020). 

Serving as a basis for deriving performance bounds, we accounted the Cramér-Rao Lower Bound (CRLB), that 
provides a lower bound on the variance of unbiased ground estimators, by adopting a parameter adjustment 
approach inspired by Saho and Masugi (2015); their method utilizes a steady-state performance index that 
correlates with the root-mean-square prediction error, allowing for more precise tuning of the process noise 
covariance matrix in the filter. 

In support of this empirical dynamic target tracking theorization, Bromiley, P. (2003) discussed in detail the 
convolution of Gaussian probability density functions to model the impact of noise on signal detection in non-linear 
(Jinan, R. et al., 2016) systems: in this regard, the FIM for scenarios, A and B, is estimated as the inversely 
proportional to the noise variance, σ2, as expressed by Equation 3: 

 

𝐈(𝜃) =  
1

𝜎2
∑ [(

𝜕 𝑆21(𝜔,𝜃)

𝜕𝜃
) (

𝜕 𝑆21(𝜔,𝜃)

𝜕𝜃
)
𝑇

]𝑁
𝑖=1  Equation 3. Fisher Information Model in Modified Transfer. 

 
The extension of our filtering approach to include differential equations, similar to the PDE-based (Partial 

Differential Equations) methods used by Bashirov et al. (2008), underscores the importance of advanced 
mathematical modeling in addressing the intricacies of modern dynamic systems. 

Given that 𝜎𝐴 
2 > 𝜎𝐵 

2 , we can expect in Scenario A, with higher noise results in a lower FIM, leading to a higher 
Probability of Error (PER) and Bit Error Rate (BER), while scenario B benefits from a higher FIM, indicating better 
signal detection accuracy. 

Moreover, the integration of chaotic systems into SDRs, modeled by the chaotic spread spectrum technique 
coupled with the Kalman filter, further enhances signal processing robustness against low-frequency noise and 
multipath interference. The refined model can be extended to Ultra-Wideband (UWB) scenarios, incorporating 
transfer functions for the transmitter and receiver antennas, also confirmed, respectively, in Equation 4: 

 

𝐻𝑁,new,TX (𝜔) =  
𝑗 𝜔

𝑐0
√
𝜔

𝜋
 𝐻𝑁,new,TX (𝜔); Equation 4. Transfer Function of the Transmitter Antenna. 

 
Whilst the transfer function of the communication channel is represented in Equation 5, for how the signal is altered 
as it travels through the channel, taking into account Ti (ω), the transmission coefficient, Γi(ω), the frequency-
dependent reflection coefficient at the i-th interface and τi represents the delay associated with the i-th path. 
 

𝐻𝐶𝐻(𝜔)  =  ∑ 𝛤𝑖
𝑁
𝑖=1  (𝜔) ⋅ 𝑇𝑖 (𝜔)  ⋅  𝑒

−𝑗𝜔𝜏𝑖  ; Equation 5. Transfer Function. 
 

The overall transmission parameter, S21(ω) stressed mathematically in Equation 6, characterizes the 
communication link, with the effects of Fresnel coefficients and environmental variations: 

 
ℎ(𝜃) → 𝑆21(𝜔) = 𝐻𝑁,𝑛𝑒𝑤,𝑇𝑋  ⋅ (𝜔) 𝐻𝐶𝐻(𝜔)  ⋅  𝐻𝑁,𝑛𝑒𝑤,𝑅𝑋(𝜔) ; Equation 6. Communication link S21. 

 
 

1.a.II. Extended model in UWB systems 

The FIM for this comprehensive model is given by a refinement of overall frequency-dependent effects as reported 
in Equation 7: reflections, transmissions, and path delays, allow for precise parameter estimation even in complex 
environments. In parallel, the CRLB, derived from the FIM, provides insights into the achievable precision of 
parameter estimation, guiding the design of more resilient SDR systems. 
 

(𝜃) =  
1

𝜎2
∑  

(

 
 
𝜕 (

𝑗𝜔
𝑐0
 √
𝜔
𝜋
 𝐻𝑁,𝑛𝑒𝑤,𝑇𝑋(𝜔) ⋅ ∑ 𝛤𝑖(𝜔) ⋅

𝑁
𝑖=1 𝑇𝑖(𝜔) ⋅ 𝑒

−𝑗𝜔𝜏𝑖 ⋅
1
𝑐0
√
𝜔
𝜋
𝐻𝑁,𝑛𝑒𝑤,𝑅𝑋(𝜔))

𝜕𝜃

)

 
 

𝑁

𝑖=1

 

Equation 7. Derivative version of the Fisher Information Model parameterization in UWB. 
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1.a.III. Adaptive Noise Mitigation in SDRs with Extended Fisher Information Matrix 
 
By deriving the Cramér-Rao Lower Bound (CRLB) from the FIM, determining the minimum variance achievable for 

unbiased estimators, Var (𝜃̂) ≥ CRLB =
1

𝐼(𝜃)
. The observed signal y is modeled as 𝑦 = ℎ (𝜃) + 𝑛. The Fisher 

Information Matrix (FIM) is given by Equation 8: 
 

𝐈(𝜃) =
1

𝜎2
 (
𝜕ℎ (𝜃)

𝜕𝜃
)
2

 Equation 8. FIM-Based Analysis of Signal Parameter Sensitivity. 

 
Using basic parameters h (θ) = θ 2 and σ 2 = 1, the FIM is 4 θ 2, and the CRLB is 1/4 θ 2. By refining the model 

and increasing the Signal-to-Noise Ratio (SNR), the CRLB is reduced further, showing improved estimation 
precision. With data fusion techniques doubling the FIM, the CRLB can be minimized, leading to even greater 
accuracy in signal estimation. 

 

1.a.IV. FIM and Kalman Filtering for Enhanced State Estimation in SDRs 
 
The Fisher Information Matrix (FIM) is tightly linked to the Cramér-Rao Lower Bound (CRLB), offering a lower 
bound on the variance of unbiased estimators, as for indicating how the estimation of one parameter influences the 

estimation of another, i.e. I𝜃𝑚𝜃𝑚 =
1
CRLB(𝜃𝑚)
⁄  along the off-diagonal .  

By incorporating parameters, θm, 𝜖𝑟𝑚, 𝜙, 𝑑𝑝𝑣𝑚, 𝑑𝐺𝐻𝑚, the FIM captures the covariance between these 

parameters, reflecting their interactions under a Rayleigh clutter model or similar scenarios joint estimation. The 
Kalman filter, integrated with the FIM, improves state estimation by dynamically adjusting the process and 
measurement noise covariance matrices. This is essential in low-frequency noise environments, where the Kalman 
filter updates state predictions and corrections to maintain accuracy.  

The association of such prediction-correction model, where it predicts the state based on a previous state and 
corrects it using current measurements, is integrated in terms of covariance between the parameters and their 
dynamic state estimations by adding Kalman gain, 𝐾𝜃𝑚 , for the parameter 𝜃𝑚, reflecting how the Kalman filter 

adjusts the state estimate based on new observations; its updated form is presented in Equation 9 while the 
measurement update follows in Equation 10: 

 

P𝑘|𝑘−1 = 𝐹𝑘 𝑃 𝑘−1|𝑘−1 𝐹𝑘
𝑇 + 𝑄𝑘(𝐼𝐿𝐹)  Equation 9. Covariance Matrix Update for State Prediction. 

𝐾𝑘 = 𝑃𝑘∣𝑘−1 𝐻
𝑇(𝐻𝑃𝑘∣𝑘−1 𝐻

𝑇 + 𝑅)−1 Equation 10. State Correction Gain in Kalman Filtering. 

 
By incorporating in FIM, stated in Equation 11, we observe P𝑘|𝑘−1 , that represents the predicted error 

covariance matrix, 𝐾𝑘, the Kalman gain, and 𝐻𝑘 , the observation matrix.  
 

𝐹𝐼𝑀𝐾𝑎𝑙𝑚𝑎𝑛

= 

(

 
 
 
 
 

1

𝐶𝑅𝐿𝐵(𝜃𝑚)
 + 𝐾𝜃𝑚

𝐶𝑜𝑣(𝜖𝑟𝑚, 𝜃𝑚) + 𝐾𝜖𝑟𝑚,𝜃𝑚  

𝐶𝑜𝑣(𝜙, 𝜃𝑚) + 𝐾𝜙,𝜃𝑚 
𝐶𝑜𝑣(𝑑𝑝𝑣𝑚 , 𝜃𝑚) + 𝐾𝑑𝑝𝑣𝑚,𝜃𝑚 

𝐶𝑜𝑣(𝑑𝐺𝐻𝑚, 𝜃𝑚) + 𝐾𝑑𝐺𝐻𝑚,𝜃𝑚 

  

𝐶𝑜𝑣(𝜃𝑚, 𝜖𝑟𝑚) + 𝐾𝜃𝑚,𝜖𝑟𝑚
1

𝐶𝑅𝐿𝐵(𝜖𝑟𝑚)
 +  𝐾𝜖𝑟𝑚

𝐶𝑜𝑣(𝜙, 𝜖𝑟𝑚) + 𝐾𝜙,𝜖𝑟𝑚 
𝐶𝑜𝑣(𝑑𝑝𝑣𝑚, 𝜖𝑟𝑚) + 𝐾𝑑𝑝𝑣𝑚,𝜖𝑟𝑚 

𝐶𝑜𝑣(𝑑𝐺𝐻𝑚 , 𝜖𝑟𝑚) + 𝐾𝑑𝐺𝐻𝑚,𝜖𝑟𝑚 

  

𝐶𝑜𝑣(𝜃𝑚, 𝜙) + 𝐾𝜃𝑚,𝜙
𝐶𝑜𝑣(𝜖𝑟𝑚, 𝜙) + 𝐾𝜖𝑟𝑚,𝜙

1

𝐶𝑅𝐿𝐵(𝜙)
 +  𝐾𝜙

𝐶𝑜𝑣(𝑑𝑝𝑣𝑚, 𝜙) + 𝐾𝑑𝑝𝑣𝑚,𝜙

𝐶𝑜𝑣(𝑑𝐺𝐻𝑚 , 𝜙) + 𝐾𝑑𝐺𝐻𝑚,𝜙

  

𝐶𝑜𝑣(𝜃𝑚, 𝑑𝑝𝑣𝑚) + 𝐾𝜃𝑚,𝑑𝑝𝑣𝑚
𝐶𝑜𝑣(𝜖𝑟𝑚 , 𝑑𝑝𝑣𝑚) + 𝐾𝜖𝑟𝑚,𝑑𝑝𝑣𝑚
𝐶𝑜𝑣(𝜙, 𝑑𝑝𝑣𝑚) + 𝐾𝜙,𝑑𝑝𝑣𝑚

1

𝐶𝑅𝐿𝐵(𝑑𝑝𝑣𝑚)
 +  𝐾𝑑𝑝𝑣𝑚

𝐶𝑜𝑣(𝑑𝐺𝐻𝑚 , 𝑑𝑝𝑣𝑚) + 𝐾𝑑𝐺𝐻𝑚,𝑑𝑝𝑣𝑚

  

𝐶𝑜𝑣(𝜃𝑚, 𝑑𝐺𝐻𝑚) + 𝐾𝜃𝑚,𝑑𝐺𝐻𝑚
𝐶𝑜𝑣(𝜖𝑟𝑚, 𝑑𝐺𝐻𝑚) + 𝐾𝜖𝑟𝑚,𝑑𝐺𝐻𝑚
𝐶𝑜𝑣(𝜙, 𝑑𝐺𝐻𝑚) + 𝐾𝜙,𝑑𝐺𝐻𝑚

𝐶𝑜𝑣(𝑑𝑝𝑣𝑚 , 𝑑𝐺𝐻𝑚) + 𝐾𝑑𝑝𝑣𝑚,𝑑𝐺𝐻𝑚
1

𝐶𝑅𝐿𝐵(𝑑𝐺𝐻𝑚)
 + 𝐾𝑑𝐺𝐻𝑚

)

 
 
 
 
 

 

 
Equation 11. Fisher Information Model comprehensive of Kalman and CRLB. 

 
 

1.b.I. FIM-Based Signal Estimation in UWB Systems with Complex Path Interactions 

These modifications enable the Kalman filter to maintain high accuracy in state estimation despite the presence of low-

frequency noise, proposing a novel FIM expression, otherwise detailed inside the partial derivative 
𝜕

𝜕𝜃
 in the context of 

Ultra-Wideband (UWB) with respect to the parameter 𝜃, by summating multiple reflections, transmissions, or paths 

indexed by I, in a multipath environment, by incorporating in Equation 12: i) 
1

𝜎2
, our normalized Inverse Noise Variance, 

which scales the FIM by the noise variance 𝜎2; ii) angular frequency 𝜔, the speed of light 𝑐0, and a frequency-dependent 

scaling factor 
𝑗𝜔

𝑐0
 – both of them are related to a unique term which introduces a phase component to the UWB signal 

propagation; iii) 𝐻𝑁,𝑛𝑒𝑤,𝑇𝑋(𝜔), or Transmitter Transfer Function, normalizing as a transfer function of the transmitting 

antenna, in the same manner, representing how the signal is affected by the transmitting hardware; iv) ∑ 𝛤𝑖(𝜔) ⋅
𝑁
𝑖=1 𝑇𝑖(𝜔) ⋅
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𝑒−𝑗𝜔𝜏𝑖, or Summed Reflections and Transmissions, composed by 𝛤𝑖(𝜔) – the reflection coefficient at the i-th interface, 

representing the portion of the signal that is reflected – 𝑇𝑖(𝜔), the transmission coefficient, and 𝑒−𝑗𝜔𝜏𝑖, the phase shift due 

to the time delay 𝜏𝑖, accounting the signal’s travel time and phase change over the distance; v) 
1

𝑐0
√
𝜔

𝜋
𝐻𝑁,𝑛𝑒𝑤,𝑅𝑋(𝜔), a term 

inclined to the front-end connotation, representing how the signal is affected by the receiving hardware. 

 

𝐈(𝜃) =  
1

𝜎2
∑  

𝑁

𝑖=1

(
𝜕

𝜕𝜃
 [(
𝑗𝜔

𝑐0
 √
𝜔

𝜋
 𝐻𝑁,𝑛𝑒𝑤,𝑇𝑋(𝜔) ⋅∑𝛤𝑖(𝜔) ⋅

𝑁

𝑖=1

𝑇𝑖(𝜔) ⋅ 𝑒
−𝑗𝜔𝜏𝑖 ⋅

1

𝑐0
√
𝜔

𝜋
𝐻𝑁,𝑛𝑒𝑤,𝑅𝑋(𝜔))])

2

 

 

Equation 12. Frequency-Dependent FIM in UWB Systems with Path-Based Distortions. 

 

1.b.II. Covariances for FIM indicates parameters and CRLB (Cramer-Rao Lower Bound) 
 
The measurement variances integrated the theoretical model (Pogorelyuk, L. et al., 2021) through a Kalman filter 
approach: i) the process started from relevant features from the Figures 2 and 3, establishing for orientation θm, 
computed as 90 degrees, bounding box area, 68,055 square pixels to infer size-related parameters like distance and 
edge detection which is estimated in terms of variance, e.g. 𝐶𝑜𝑣(𝜃𝑚, 𝜙);  
 

  
Figure 2. FIM1 orientation. Figure 3. FIM2 orientation. 

 
ii) in the second instance, the FIM matrix incorporated the variability in the detected edges, orientation across 
multiple observations, as from the Kalman filter and CRLB for bounding box’s precision; iii) critical of this 
theoretical approach, was the time-series requirement data, for which a simplified approach considered: a) the 
variance in orientation, 𝜃𝑚, in parallel to precision in the Bounding image processing; b) covariances based on 
potential correlations between orientation and edge detection; c) Kalman filter’ application refined in a Bayesian 
robust estimation (Durovic, M. et al., 1999); iv) the incorporation of CRLB parameters deliver the two corresponding 
FIMs, given in Equation 13 and 14, with parameters listed in Table 1. 
 

FIMSegesta = 

(

 
 

3.00
1.10
1.05
1.02
1.03

   

1.10
4.33
1.08
1.04
1.03

   

1.05
1.08
3.50
1.04
1.07

   

1.02
1.04
1.04
6.00
1.03

   

1.03
1.03
1.07
1.03
2.67)

 
 

 

 
Equation 13. FIM1 Covariance values. 

FIMSelinunte = 

(

 
 

2.43
1.15
1.10
1.03
1.05

   

1.15
3.50
1.12
1.06
1.05

   

1.10
1.12
3.00
1.06
1.10

   

1.03
1.06
1.06
4.33
1.05

   

1.05
1.05
1.10
1.05
2.25)

 
 

 

 
Equation 14. FIM2 Covariance values. 

Table 1. CRLBs parameters. 
 𝜃𝑚 𝜖𝑟𝑚 𝜙 𝑑𝑝𝑣𝑚 𝑑𝐺𝐻𝑚 

FIM1 0.5 0.3 0.4 0.2 0.6 
FIM2 0.7 0.4 0.5 0.3 0.8 

 

Visually, Figures 4 and 5 respectively report the densities registering a higher density of Selinunte, with one of 
the clusters characterized by a very tightly packed points, which could be due to specific image features or noise.  
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Figure 4. FIM1 Covariance mapping. Figure 5. FIM2 Covariance mapping. 

 
In parallel to this, the aggregated covariance matrices for each cluster are quantified as follows in Table 2 with 

a mismatch for Cluster 2, 0.0000905 and infinity, respectively due to image limitations.  
 

Table 2. Densities. 

[
0.5 0.231
133.2 0.12

] 1 FIM 1) 0.000164 [
0.5 0.228
134.7 0.12

] 1 FIM 2) 000169 

[
0.5 0.240
135.6 0.12

] 2 FIM 1) 0.0000905 [
0.5 0.240
129.7 0.12

] 2 FIM 2) infinity 

[
0.5 0.253
133.2 0.12

] 3 FIM 1) 0.0000447 [
0.5 0.231
136.9 0.12

] 3 FIM 2) 0.000131 

 
Regarding the Gaussian Mixture Model (GMM) Silhouette, we registered for the first scenario, portrayed in 

Figure 6, a score equivalent to 0.32, while 0.38 for the second, represented by Figure 7, yielding positive silhouette 
scores in both images, indicating that the clusters, (K), identified by GMM are reasonably well-separated and well-
defined and capturing the structure of the data in both scenarios by sampling two critical parameters (Smiti, A. et 
al., 2012): ϵ (Eps), the neighbourhood radius, and MinPts, the minimum number of points required to form a cluster. 

  

  
Figure 6. FIM1: GMM DBSCAN. Figure 7. FIM2: GMM DBSCAN. 

 
This visual enhancement of Density-Based Spatial Clustering of Applications with Noise (DBSCAN), particularly 

effective in handling noise and identifying clusters of arbitrary shapes as for optical and SAR images, (Hu, H. et al., 
2017), was incentivized by the adoption of a Bayesian Kalman Filter which incorporated prior distributions into the 
estimation process, providing a more informed and potentially more accurate estimate, especially when prior 
knowledge is relevant, which is represented in Equations 15 and 16, with regard of posterior mean estimate of the 
state 𝑥̂𝑘∣𝑘 at time k, given the observations 𝑧𝑘, and the second, the posterior covariance matrix 𝑃𝑘∣𝑘 , which quantifies 
the uncertainty associated with the state estimate 𝑥̂𝑘∣𝑘: 

 
x̂k∣k = ∫𝜃𝑃(𝜃 ∣ 𝑧𝑘) 𝑑𝜃     Equation 15. Posterior Mean Estimate in Bayesian Filtering. 
 
𝑃𝑘∣𝑘 = ∫(𝜃 − 𝑥̂𝑘∣𝑘)(𝜃 − 𝑥̂𝑘∣𝑘)

𝑇𝑃(𝜃 ∣ 𝑧𝑘) 𝑑𝜃     Equation 16. Covariance Matrix Update in Bayesian Estimation. 
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1.c. Frequency-Specific Noise Impact on RF Signal Processing 
 
This flexibility of software-defined ultra-wideband (UWB) is a core advantage of software-defined radios (SDRs) in 
UWB systems within the frequency range spanning from 0 to 3 GHz, which covers the spectrum of interest for high-
frequency communication systems, including the third Nyquist zone, here designated in correspondence of the 
Kalman and theta features given in both scenarios.  

The use of a high-pass filter with a cut-off frequency of 2.15 GHz, mentioned in Figure 8, is designed to suppress 
unwanted spectral components below 2 GHz with considerable heavy-tailed distribution (Hongpo F. et al., 2022).  

The Power Spectral Density (PSD) evaluation based on Kalman ground estimators (Aboy, M. et al., 2004) given 
in Figure 8, is now defined as indicated in the graph of Figure 1, in the filtering of the digital demodulated processing, 
decoding and advanced algorithms, where valleys below 2 GHz appear in both AOI 1 and AOI 2, reflecting the 
effectiveness of the filtering process, whose quantization process of mapping to discrete leves, leading to a loss of 
information is also theorized by Romero, D. et al. (2017).  

 

 
Figure 8. Power Spectral Density of RF Mode in AO1 1 and 2. 

 
The significant attenuation observed below 2 GHz indicates that the filter is performing as expected, reducing 

the power of signals in that frequency range, which aligns with the behaviour of a high-pass filter. Overall, the 
statements provided are consistent with the graphical evidence, effectively explaining the function and performance 
of the UWB transceiver and the associated high-pass filtering process, into how DGS can be used to achieve desired 
filter characteristics such as sharp roll-off and compact size for performance improvement (Wanchun, T. et al., 
2012) (Federal Communication, Commission, 2002). 

 

2. Signal Variability in UWB Networks 
 
Amplified by Low-Noise Amplifier (LNA), retrieved from the Digital Signal Processing (DSP) and the Analog-to-
Digital Converter (ADC), the comparison of the UWB network efficiency between first and second Area-of-Interest 
finds place, revealing distinct differences in both the spatial distribution of signal power and temporal signal 
stability. In the Segesta dataset, the mean normalized signal power, μ1, is calculated to be 0.327, indicating a lower 
average signal strength across the measured area. This lower signal strength is coupled with a standard deviation, 
σ1, of 0.170, reflecting a relatively high variability in the signal power.  

This variability, expressed in Figure 9 and 10, suggests significant fluctuations in the UWB network 
performance within the Segesta environment, likely due to non-uniformities in the spatial coverage and potential 
interference from environmental factors. 

 

 
 

Figure 9. UWB1’ Repeaters. Figure 10. UWB Efficiency. 
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In contrast, the Selinunte dataset, represented in Figure 11, exhibits a higher mean normalized signal power, 
highlighted in Figure 12, μ2, of 0.452, indicating a more robust and consistently stronger UWB network performance. 
The standard deviation in this scenario, σ2, is slightly lower at 0.169, compared to Segesta, signifying a marginally 
more stable signal with less fluctuation in power levels.  

 

 
 

Figure 11. UWB2’ Repeaters. Figure 12. UWB Efficiency. 
 
The difference in mean signal power, Δμ = 0.125, underscores the superior signal quality of the first context, 

suggesting that the UWB network in this area benefits from better spatial coverage and fewer disruptions. The 
blended 3D visualization, obtained in Figure 13, enables a direct comparison of signal power distributions across 
the two scenarios within the same spatial domain: for instance, regions where the Z-axis values are higher indicating 
stronger signal power, suggesting more effective UWB coverage.  

 
Figure 13. UWB Network Efficiency across the two scenarios. 

 
The overlap of color schemes in certain spatial regions highlights areas of convergence or divergence in signal 

strength between Segesta and Selinunte. 
 
Frequency-Specific Noise Impact on RF Signal Processing 
The Kalman filter needs to account for these discrete components when predicting and correcting the signal, so that 
starting from the Power Spectral Density (PSD), we initially calculated the comparisons, employing a simpler 
approach based on the Fourier Transform (FFT), given in Equation 17, 

𝑋(𝑓) = ∑ 𝑥(𝑛) ∙ 𝑒−𝑗 2 𝜋 𝑓𝑛/𝑁
𝑁−1

𝑛=0

 Equation 17. Fourier Transform. 

where x (n) is the time-domain signal, N is the number of samples across the two contexts, and X (f) is the Fourier 
Transform of the signal. The corresponding PSD was subsequently computed as the magnitude squared of the FFT 
in the following Equation 18, related to Figure 14, 
 

𝑃𝑆𝐷(𝑓) = |𝑋(𝑓)|2 Equation 18. Fourier Transform. 

 
and converted to decibels (dBs) in Equation 19 and 20, related respectively to Figure 15: 
 

𝑃𝑆𝐷𝑑𝐵(𝑓) = 10⋅  𝑙𝑜𝑔10(𝑃𝑆𝐷(𝑓)) Equation 19. Fourier Transform. 
 

PSD (𝑓) =  
𝜎𝑏
2

𝑇𝑠𝑦𝑚
 |𝐺𝑠,𝑅𝐹(𝑓)|

2 1

𝑍𝑐
+

𝜇𝑏
2

𝑇𝑠𝑦𝑚
2  ∑ |𝐺𝑠,𝑅𝐹(𝑓)|

2 1

𝑍𝑐
𝛿 (𝑓 −

𝑚

𝑇𝑠𝑦𝑚
)∞

𝑚= −∞     Equation 20. Power Spectral of RF. 
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Figure 14. FFT Magnitude of PSD. Figure 15. PSD converted to dB. 

 
 

Conclusion 

The integration of extended Fresnel Interface Models (FIMs) into SDR systems effectively mitigates low-frequency 
noise, enhancing system resilience in challenging environments, particularly urban areas with prevalent multipath 
effects. The adaptive Kalman filter, augmented with Fresnel coefficients, improves signal detection sensitivity, even 
for weaker signals affected by multiple reflections. By the same token, comparative analysis shows that the Gaussian 
Mixture Model (GMM) outperforms DBSCAN in cluster identification, as indicated by positive silhouette scores and 
clear visual clustering. Accordingly, the proposed approach strengthens SDR systems, escalating against diverse 
noise conditions, offering a robust solution for RF signal processing.  
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