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INTRODUCTION & AIM RESULTS & DISCUSSION

The paper proposes a paradigm shift in modern power grid monitoring, migrating from complex
analyses conducted in the Cloud to instantaneous decisions taken directly at the “edge” of the
network (Edge Computing). In an energy context marked by the instability of renewable
sources, the main goal is the ultra-fast and precise identification of faults to prevent damage to
critical infrastructure. The central objective is to develop an automatic real-time classification
system that eliminates Cloud latencies and cumbersome Wavelet-type preprocessing, working
directly on the temporal signal. By optimizing hyperparameters and pooling strategies, the
model achieves an absolute accuracy of 100%, surpassing classic methods such as ANN or
SVM. This approach demonstrates that a compact architecture can provide a deterministic and
fast solution for the protection of critical equipment. Thus, PQ monitoring is transformed from a
simple passive analysis into an active industrial safety tool, capable of instantaneous decisions
at the edge of the network.

The results highlight a clear evolution of performance with the increase in complexity and
representation capacity of the models used. The 1D-CNN Slim model was compared with
traditional architectures, demonstrating a clear superiority in both accuracy and execution
speed:. This result confirms the efficiency of the convolutional architecture in automatically
extracting discriminative features directly from the raw signal, without the need for
additional preprocessing steps or manual feature engineering. Compared to the recent
literature, where the reported accuracies for similar problems are frequently in the range of
96%—-99% [1], [2] the obtained results confirm the competitiveness and efficiency of the
proposed CNN Slim architecture.

Robust 1D CNN for Real-Time Power Quality Disturbance Classification
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The system uses a distributed hierarchical architecture, organized into four functional layers: 1 FC o T ) — — R e L
1. Acquisition (Field Layer): Voltage sampling at 6400 Hz and segmentation into 20 ms 2 i
windows (128 points per cycle). :, /’$§Mﬂ
2. Al Processing (Edge Layer): Implementation of the 1D-CNN Slim model directly on Foof T IR = ‘
industrial microprocessors. B R A B e
3. Analysis (Substation Layer): Event aggregation and data traffic reduction by 99% (only ST ey, [T
labels are transmitted, not raw waveforms). —— |
4. Strategy (Cloud/Control Layer): Global management and predictive maintenance. @ swa| |
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Fig.1. The Hierarchical Architecture of Smart Grid Power Quality Ecosystem.
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Figure 1 describes a complete technological ecosystem for power quality monitoring, based on
distributed artificial intelligence.
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accuracy into a prescriptive maintenance tool capable of anticipating wear and tear on critical equipment. All these
developments converge towards an autonomous infrastructure, where protection decisions are made locally and
instantly, ensuring the total resilience of the Smart Grid.

Figure 2. Complete technological ecosystem for power quality monitoring, based on distributed
artificial intelligence.
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The flowchart (Figure 2) represents a logical synthesis of the entire power quality monitoring
and classification process, integrating all the results obtained (accuracy, execution time and

Vlsuallzatlon)- Acknowledgement: This study was supported by the CRESC INTEL project “Knowledge Transfer Regarding the Energy Efficiency Increase and

Intelligent Power Systems”, ID/Cod My SMIS: P_40_340/105803, project co-funded by the European Union from the European Regional Development
Fund through the Competitiveness Operational Program 2014-2020

https://sciforum.net/event/IOCUS2026



	Slide 1

