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Abstract
Artificial intelligence (AI) is increasingly driving transformation across industrial domains, unlocking new levels
of automation, precision, and operational intelligence. Leveraging Machine Learning (ML) and Deep Learning
(DL), modern industrial systems can anticipate failures, recognize anomalies, and process visual data with high
accuracy. Predictive maintenance benefits from ML models capable of analyzing operational patterns to optimize
service intervals. In parallel, DL architectures such as Convolutional Neural Networks (CNNs) enhance visual
inspection tasks, enabling effective detection of defects and monitoring of production quality. The synergy
between DL and natural language processing (NLP) also supports automation in areas like document classification
and inventory tracking. At the CINI-AIIS Lab of the University of Naples Federico II, several initiatives are
exploring these AI-driven approaches to promote innovation and resilience within industrial applications.
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1. Introduction

Artificial Intelligence (AI) is rapidly becoming a foundational technology across a wide spectrum of
industrial domains, enabling unprecedented levels of automation, adaptability, and data-driven decision
making. By emulating certain aspects of human reasoning, AI offers solutions capable of addressing
highly complex tasks that were traditionally managed through manual intervention or rule-based
systems. In particular, sectors such as manufacturing, energy, and logistics are witnessing a significant
transformation, driven by the integration of intelligent algorithms into core operational workflows.
In the industrial context, AI plays a crucial role in enhancing productivity and operational resilience.
Machine Learning (ML), a primary branch of AI, empowers systems to learn from historical data and
adapt to dynamic conditions. This learning capacity is especially valuable in predictive maintenance,
where algorithms analyze sensor data to estimate the optimal timing for equipment servicing, reducing
the likelihood of unexpected failures and extending the operational lifespan of machinery. Similarly,
ML techniques are instrumental in identifying subtle patterns of deviation in real-time, supporting
anomaly detection across production lines, power grids, and renewable energy systems.
Deep Learning (DL), a subfield of ML, further amplifies the potential of AI by enabling systems

to interpret complex, high-dimensional data. Convolutional Neural Networks (CNNs), for example,
have shown remarkable effectiveness in industrial visual inspection, where they are employed for
detecting surface defects, misalignments, or quality deviations in manufactured products. Beyond image
processing, the integration of DL with Natural Language Processing (NLP) is streamlining administrative
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Figure 1: ROC curves illustrating the classification performance of the Performance Ratio (PR) and multiple
machine learning models (Linear Regression, MLP, LSTM, Transformer) trained on meteorological inputs from
different weather data providers (ECMWF, GFS, OWM, OM). The Area Under the Curve (AUC) is reported for
each provider-model combination.

and logistic processes, such as automated analysis of technical documentation, intelligent inventory
tracking, and parsing of unstructured industrial records. These technological advances are not confined
to research labs they are being progressively adopted in real-world scenarios, particularly in energy
systems (e.g., photovoltaic plant monitoring), smart manufacturing, and supply chain optimization.
AI’s ability to extract actionable insights from multimodal data sources is enabling industries to move
from reactive strategies to proactive and autonomous systems.
In this paper, we present a set of applied research activities conducted by the CINI-AIIS Laboratory

at the University of Naples Federico II, highlighting their impact on different industrial sectors. The
initiatives discussed span from intelligent monitoring in energy production to deep learning-based
quality control, with the shared objective of demonstrating how AI can serve as a catalyst for sustainable
innovation and digital transformation in industry.

2. ML-based Anomaly detection for Photovoltaic systems

Photovoltaic (PV) systems, despite their growing role in the energy transition, remain susceptible
to faults affecting modules, cabling, inverters, and other components. These issues often arise from
environmental and electrical conditions, such as soiling, weather extremes, or equipment degradation
[1]. Undetected, they can cause energy losses and increased costs, threatening long-term system
efficiency. Therefore, accurate monitoring and timely fault detection are crucial to reduce downtime and
maintain stable energy output [2]. Fault detection methods vary by input data, analytical techniques,
and anomaly resolution. They are generally divided into signal-level and module-level approaches [3].
Signal-level methods analyze inverter data (e.g., voltage, current, power), while module-level techniques
detect faults in individual panels using visual or thermal imaging, often acquired via drones or fixed
cameras.

Within signal-level approaches, the Performance Ratio (PR), a metric standardized by IEC 61724-1 [4],
is widely adopted for assessing PV system efficiency. It measures the ratio between actual and expected
energy output - based on irradiance - and expresses it as a percentage. While it is computationally
simple and requires minimal input data, it does not account for temperature effects or component
degradation. Despite these limitations, the PR remains a valuable baseline for performance monitoring
and anomaly detection. Our research examines the use of PR for fault detection across five PV systems,
developing a detection framework based on performance metrics and KPIs. As presented in Figure 1,
the PR-based model achieves promising results (AUC 80%, accuracy 78%), though a lower F1-score
(54%) suggests room for improvement in detection precision and generalization.

We explored machine learning (ML) models as virtual sensors for fault detection and forecasting,
removing the need for local sensors, which are often unreliable. These models leverage indicators such



as prediction error and model-derived metrics. The most effective, an LSTM trained on OpenMeteo
data, achieved performance comparable to the PR-based approach (Figure 1). While the PR remains a
useful baseline, ML techniques offer greater analytical depth and robustness, enabling more accurate
diagnostics and proactive system optimization. Despite recent progress, AI methods face limitations
due to scarce labeled data and the restricted sharing of sensitive production information. To overcome
these issues, we explore two strategies: generating synthetic PV data to augment datasets and applying
federated learning to enable privacy-preserving, decentralized model training.
Recently, Federated Learning (FL) has emerged as a promising approach to fault detection and

performance prediction in PV systems, enabling collaborative pattern formation across distributed sites
without sharing sensitive data. In this context, we are actively working on integrating FL techniques
into our framework to improve detection capabilities while preserving data privacy and minimizing
communication overhead.

3. Conditional TimeGANs for Photovoltaic Data Augmentation

One of the major limitations in the development of reliable AI-based solutions for photovoltaic (PV)
energy forecasting and anomaly detection lies in the limited availability of large-scale, high-quality,
and diverse datasets. PV energy production is inherently affected by numerous factors such as weather
variability, geographic location, system configuration, and operational conditions. Capturing this
variability in real datasets is often challenging due to cost constraints, data privacy issues, and the
infrequent occurrence of rare or faulty operational scenarios. As a result, machine learning models
trained on such limited datasets often suffer from poor generalization, reduced robustness in deployment,
and inadequate performance when exposed to out-of-distribution or edge cases.
To address data scarcity in PV systems, recent research has focused on generative models capable

of producing realistic time-series data. Among these, Conditional TimeGANs have proven particu-
larly effective. Unlike traditional GANs, they incorporate temporal dynamics and use conditioning
inputs—such as panel type, system capacity, irradiance, temperature, and humidity—to guide the data
generation process. This enables the synthesis of scenario-specific sequences that better reflect real
operational and environmental conditions.

The architecture combines a conditional GAN operating in latent space with a time-aware encoder-
decoder (TED) that maps real PV and weather data in and out of this space. Training involves three
loss functions: adversarial (for realistic outputs), reconstruction (to preserve temporal structure), and
embedding (to enforce semantic similarity in the latent space). This design enables the generation of
time series that are both realistic and contextually consistent.

Conditional TimeGANs offer a notable improvement over traditional data augmentation methods by
effectively capturing complex and long-range temporal patterns. This makes them particularly suited
for PV energy forecasting, where production is influenced by seasonal and hardware-related factors.
They generate realistic synthetic data, even for rare scenarios, improving forecasting accuracy by up to
15% and fault detection by 20%. The data produced is both statistically valid and diverse, supporting the
training of advanced models like transformers. Additionally, TimeGANs reduce the need for costly data
collection and enable virtual testing of PV configurations, including fault conditions rarely observed in
real-world datasets.
Their flexibility further allows integration with real-time data and domain-specific attributes, sup-

porting hybrid training and domain adaptation across different regions or system types. This enables
scalable AI deployment without the need for extensive local retraining, making Conditional TimeGANs
a powerful tool for advancing sustainable and generalizable energy forecasting solutions. In summary,
Conditional TimeGANs represent a powerful and flexible tool for the generation of realistic, temporally
consistent, and context-aware synthetic data in the PV domain. Their application supports a wide
range of tasks including short-term forecasting, long-term energy yield estimation, fault detection,
scenario simulation, and predictive maintenance. By enabling more resilient and scalable AI models,
they contribute to improving the efficiency and reliability of photovoltaic systems and facilitate broader



adoption of renewable energy technologies in line with global sustainability goals.

4. Enhancing On-Device Voice Assistant Intent Recognition via Hybrid
LLM-Grammar Constrained Decoding

The efficacy of voice assistant systems critically depends on accurate text-to-intent recognition, the
process of translating a user’s natural language command into a structured, machine-interpretable
format. This task is complicated by the inherent ambiguity and variability of human language, requiring
a robust mechanism tomap diverse phrasings to a canonical set of actions and associated parameters (e.g.,
converting “Dim the lights in the study to half” into {"action": "set_brightness", "location":
"study", "level": "50%"}). In this work we present a hybrid approach that combines human
expertise, Large Language Models (LLMs) of the Llama family, and formal grammar constraints to
achieve robust intent recognition for on-device voice assistants. By integrating a context-free grammar
(CFG) during decoding in llama.cpp, we strictly enforce syntactic correctness of model outputs. A
human-in-the-loop workflow iteratively defines new intents, validates generated schemas, and augments
the grammar—enabling compact models (e.g., 8B or even 1B parameters) to operate with high reliability
and minimal computational overhead.

4.1. Grammar-Constrained Decoding

Grammar-constrained decoding formally ensures that an LLM’s output conforms to a specified formal
language, typically defined by a context-free grammar (CFG)[5, 6]. Let 𝐺 be such a grammar whose
language is 𝐿(𝐺). At each generation step 𝑖, given the already-generated token prefix 𝑤<𝑖, the objective
is to identify the set of allowed next tokens, 𝐴(𝑤<𝑖), such that any token 𝑡 ∈ 𝐴(𝑤<𝑖) can lead to a
complete string in 𝐿(𝐺). Formally, the allowed-token set is:

𝐴(𝑤<𝑖) = { 𝑡 ∈ 𝑉LM ∶ ∃𝑠 ∈ 𝐿(𝐺) with prefix 𝑤<𝑖𝑡 }

where 𝑉LM is the LLM’s token vocabulary. Constrained decoding then modifies the next-token proba-
bility distribution, 𝑝(𝑡 ∣ 𝑤<𝑖), by setting the probability of tokens not in 𝐴(𝑤<𝑖)) to zero. If ℓ𝑡 represents
the logit for token 𝑡 produced by the LLM, the modified distribution 𝑝′(𝑡 ∣ 𝑤<𝑖) becomes:

𝑝′(𝑡 ∣ 𝑤<𝑖) = {
exp(ℓ𝑡)

∑𝑢∈𝐴(𝑤<𝑖) exp(ℓ𝑢)
, 𝑡 ∈ 𝐴(𝑤<𝑖),

0, otherwise.

In practice, this is often implemented by setting ℓ𝑡 → −∞ for all 𝑡 ∉ 𝐴(𝑤<𝑖)) before the softmax operation,
guaranteeing that all generated outputs strictly adhere to 𝐺. This approach provides a strong guarantee
of syntactic correctness, crucial for reliable intent parsing.

For the practical implementation of grammar-constrained decoding, we utilize the llama.cpp library.
This framework is well-suited for our objectives due to its efficient C/C++ implementation, support
for the Llama model architecture, and its integrated functionality for grammar-based control using a
BNF-like notation termed GBNF. Within llama.cpp, a user-supplied GBNF grammar is compiled into an
internal parser. During token generation, this parser interacts with the LLM’s decoding loop, employing
an “opportunistic masking” strategy. The LLM first proposes a token; if this token is syntactically valid
according to the current grammar state, it is accepted. If invalid, llama.cpp consults the grammar to
determine the full set of permissible next tokens and re-samples from this restricted set[7].

4.2. Hybrid Intent Definition and Refinement Methodology

We propose a hybrid, human-in-the-loop methodology for defining and refining voice assistant in-
tents. The process initiates with a user (e.g., a system developer or domain expert) providing a
natural language description of a desired new intent (e.g., “A user should be able to schedule a



meeting with specific attendees for a given date and time”). An LLM is then employed to parse
this description and propose an initial structured representation, typically an action and a set of
parameters, for example: {action: "schedule_meeting", parameters: ["attendees", "date",
"time", "subject"]}. This machine-generated schema undergoes review and validation by the
human operator, who may confirm or modify it to ensure semantic accuracy and completeness.

4.3. Example Generation and Grammar Integration

After validating the intent structure, the system uses an LLM to generate positive and negative examples.
Positive examples match the intended action (e.g., “Book a meeting…”), while negative ones are similar
but irrelevant or ambiguous (e.g., “What meetings do I have…”). All examples are reviewed and refined
by humans. Subsequently, a templated generation component processes the validated intent schema
and its associated examples. This component performs two critical functions:

1. It incorporates the natural language description of the intent [8], along with the curated positive
and negative examples, into the system prompt provided to the LLM during runtime inference.
This serves as rich, few-shot contextual guidance.

2. It dynamically updates the GBNF grammar file by generating and integrating new production
rules that specifically define the syntactic structure for the newly added intent. This ensures
that, at runtime, the LLM’s output for this intent is strictly constrained to the defined {action,
parameters} format.

4.4. Results and On-Device Deployment Implications

The proposed hybrid methodology—combining LLM scaffolding, human-in-the-loop validation, and
grammar-constrained decoding—enables the development of reliable text-to-intent classifiers. Empirical
results show improved accuracy and predictability over methods based solely on prompt engineering
or fine-tuning large, unconstrained models. Grammar constraints also allow for deploying smaller
models on-device: for example, a Llama 3.1 8B with GBNF constraints can match the performance of
much larger models. This opens the door to using even smaller versions, like Llama 3.2 1B, for efficient,
low-latency intent recognition, enhancing responsiveness in voice assistant applications.

5. RUL Prediction: A Performance Comparison of LSTM and
Transformer

Entering the realm of predictive maintenance means moving from fixing things after they break to
anticipating problems before they occur [9]. This is a crucial change in industries where the smooth
running of equipment is not only about efficiency but often also about safety and cost efficiency. A key
challenge is to accurately predict the remaining useful life (RUL) of vital components; in essence, we
know how long something will still function reliably.
In our study, we really wanted to understand how different deep learning approaches handle this

task of RUL prediction, especially when dealing with complex time series data such as those obtained
from machinery monitoring [10]. We decided to compare two important types of neural networks:
LSTM networks, which have long been used for sequential data because they are able to remember
patterns over time, and the newer Transformer architectures, known for their powerful attention
mechanisms that can detect connections over long sequences. As a testing ground, we used NASA’s
popular C-MAPSS dataset, which simulates the degradation of turbofan aircraft engines over time,
providing multivariate sensor data and operational parameters that reflect the engine’s health status as
it approaches failure. After rigorously implementing and evaluating both models, we examined their
performance across several evaluation metrics: MAE, MSE, RMSE and the coefficient 𝑅2.

The detailed results can be found in Table 5. The result is quite interesting: although the Transformer
model seems to learn well during training, the LSTM model prevailed when we examined these final



evaluation metrics. This suggested to us that, perhaps, for datasets with certain characteristics -
typically when the data is not too abundant or has a bit more noise - LSTMs could still offer more
robust performance. That said, the potential of Transformers, particularly with large volumes of data,
is undeniable and certainly deserves to be explored further.

MAE MSE RMSE 𝑅2

LSTM 20.5 922.8 30.36 0.73
Transformer 29.1 1609.3 40.11 0.52

Table 1
Comparison of metric results for both models

Overall, this area of predictive maintenance, especially when using advanced artificial intelligence
techniques, still has a lot of ground to cover. There is exciting work to be done in fine-tuning these
models, perhaps combining their strengths in hybrid approaches and finding practical ways to deal
with real-world obstacles such as limited data or computational demands. The goal, of course, is to
make predictive maintenance an even more powerful and reliable tool in all areas.
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