
ABSTRACT 
The rapid proliferation of Artificial Intelligence (AI) systems for 

classification and prediction has transformed both scientific research and 
industrial applications. While these technologies have demonstrated 
remarkable performance, their deployment in safety-critical contexts raises 
fundamental concerns regarding the reliability, robustness, and 
trustworthiness of their outputs. In particular, inaccurate estimations may 
result in high-risk or even life-threatening consequences, underscoring the 
need for rigorous methods to quantify and assess the uncertainty associated 
with AI-driven estimates.  

This project addresses these challenges by introducing a novel 
methodology grounded in the Law of Propagation of Uncertainty (LPU). The 
approach is designed to provide fast and simultaneous inference of 
measurement uncertainty in Artificial Neural Networks (ANNs), thereby 
enabling systematic evaluation of the effects of uncertainty propagation from 
input data to final outputs. Unlike conventional black-box treatments of neural 
networks, the proposed methodology seeks to explicitly analyze their 
underlying mathematical structures and account for the nonlinearities that 
complicate direct application of standard uncertainty analysis. By 
incorporating LPU into the inference process, this work enables the 
propagation of input measurement uncertainty through the network 
architecture, yielding an analytical estimation of output uncertainty. This 
provides a rigorous framework aligned with ISO-GUM. The ultimate goal is 
to enhance the interpretability, transparency, and reliability of ANN-based 
systems, particularly in domains where decision-making depends critically on 
the validity of predictions.



 


