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Abstract 

As variable renewable energy (VRE) rises, utilities must operate closer to limits without 

compromising reliability. This article presents a production-oriented framework for applying AI 

across the grid lifecycle. We detail (i) grid digital twins that fuse SCADA/PMU telemetry with 

physics-based models for contingency and “what-if” analysis; (ii) probabilistic load/VRE 

forecasting with calibrated uncertainty; (iii) orchestration of distributed energy resources (DER) 

and microgrids through multi-objective optimization and volt/VAR control; (iv) predictive 

maintenance that estimates remaining useful life (RUL) and reduces technical/non-technical 

losses; and (v) cyber-resilience for operational technology (OT) using anomaly detection and 

cyber-physical consequence modeling. A reference architecture couples time-series data 

platforms, feature stores, and MLOps with secure control loops to EMS/DMS. We propose a 

phased deployment plan, measurable KPIs, and a risk-mitigation matrix to help utilities and 

aggregators scale AI safely and transparently. 

1. Context and objective 

High VRE penetration increases uncertainty and reserve needs. AI reframes operations from 

reactive to anticipatory: learn patterns from high-frequency telemetry, forecast system states, 

optimize actions under network and market constraints, and execute with human oversight and 

auditability. 

 

2. Grid digital twins 

A digital twin is a continuously calibrated model of substations, feeders, and generation 

synchronized with SCADA/DMS and PMU streams. AI improves state estimation, topology 

reconciliation, parameter identification, and stability-margin inference. Twins enable fast N-1/N-

k contingency studies and “what-if” scenarios (line outages, storage siting, maintenance shifts), 

support optimal power flow (OPF) decisions, and provide explainable recommendations to 

dispatchers. 
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3. Probabilistic forecasting of demand and VRE 

Short- and medium-term forecasts (15-minute to 7-day) drive unit commitment and balancing 

costs. Gradient-boosted trees and sequence models (transformers) integrate weather ensembles, 

calendar effects, market signals, and behavioral features. Outputs should be probabilistic 

(quantiles, prediction intervals) with post-hoc calibration; for VRE, ensembles with meteorology 

error correction and site-level sensors reduce reserves and imbalance penalties. 

4. DER and microgrid orchestration 

Behind-the-meter PV, batteries, EVs, and heat pumps require local coordination. AI optimizes 

charge/discharge schedules, price- and frequency-responsive loads, feeder congestion relief, and 

volt/VAR support. At portfolio scale, virtual power plants (VPPs) monetize flexibility; in 

microgrids, multi-objective optimization balances cost, emissions, and reliability—even under 

islanding or degraded communications. Hosting-capacity assessment and constraint-aware 

dispatch prevent reverse-power issues and voltage excursions. 

5. Predictive maintenance and loss reduction 

Data- and model-driven diagnostics detect early faults (vibration spectra, partial discharges, 

infrared patterns, acoustic cues). RUL models schedule condition-based maintenance for 

transformers, breakers, and cables. Computer vision flags vegetation encroachment and insulator 

contamination. AI also localizes non-technical losses (pattern anomalies in AMI) and tunes VAR 

compensation to cut technical losses while respecting protection settings. 

6. Cyber-resilience of energy systems 

AI-assisted intrusion detection for OT correlates anomalous commands/telemetry with grid 

topology and consequence models, elevating explainable, high-impact alerts. Coupled with the 

digital twin, operators can “sandbox” responses, quantify load-shed trade-offs, and prevent 

cascading failures. Controls include least-privilege access, signed/timestamped commands, and 

tamper-evident logs integrated with SOC workflows. 

 

 

 

 

 

 

 



AI and Science Academic Journal 

Article No.: ART-2025-6697| © 2025 ALTN 

7. Reference architecture 

Layers and principles: observability, explainability for OT actions, graceful degradation under 

telemetry loss, least-privilege access, and auditable decision trails. 

Data layer:  SCADA/PMU/AMI/IoT + Weather APIs  -> Time-Series Bus -> Data Lake 

              |                                          | 

          Quality/Sync (PTP/NTP)                    Feature Store 

                                                      | 

Model layer:  Forecast (quantiles) | OPF/Optimization | Anomaly/IDS | RUL 

              ^                         | 

Orchestration: MLOps (versioning, drift, A/B, lineage, approvals) 

              | 

Control loop:  EMS/DMS APIs -> Dispatcher HMI -> Secure Actuation (dual-control) 

8. Phased deployment roadmap 

Phase 1 — Discovery (4–6 weeks). Data inventory and quality baselines; target KPIs 

(MAPE/MAE, SAIDI/SAIFI, losses); OT threat model; governance artifacts (data catalog, model 

cards). 

Phase 2 — Pilot (8–12 weeks). Probabilistic load/VRE forecasting and asset-health pilots on 1–

2 feeders/substations; dashboards; human-in-the-loop approvals; twin-first simulation. 

Phase 3 — Scale-out (12–20 weeks). DER/VPP orchestrator integrated with EMS/DMS; 

constraint-aware optimization; A/B and shadow modes; resilience playbooks. 

Phase 4 — Operations (ongoing). Model refresh policy; drift and calibration monitoring; red-

team exercises (faults/cyber); internal/external audits and periodic KPI reviews. 

9. KPIs and value realization 

 Forecast: MAE/MAPE (load and VRE), calibration error (PIT, coverage). 

 Operations: reserve and imbalance cost savings; SAIDI/SAIFI reduction; avoided forced 

outages; MTBF/MTTR. 

 Losses & power quality: technical/non-technical loss reduction; voltage violation rate; 

VAR cost. 

 Sustainability & scale: CO₂ intensity per MWh; % automated actions without escalation; 

time-to-restore after incidents. 

Value appears as CAPEX deferral (operating closer to limits with confidence) and OPEX 

reduction (condition-based maintenance, fewer penalties). 
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10. Risk and mitigation matrix 

 Data risk: missing/skewed/unsynchronized streams → SLAs; data lineage; gap-filling 

with uncertainty flags; sensor redundancy. 

 Model risk: black-box behavior, overfitting → XAI for OT actions; offline/online evals; 

canary tests; fallback heuristics. 

 Integration risk: mis-execution in OT/Protection → dual-control approvals; twin-first 

simulation; rollback plans. 

 Security risk: compromised channels → segmentation; least-privilege; signed 

commands; tamper-evident logging; SOC integration. 

 Market design risk: misaligned incentives for flexibility → transparent procurement 

rules and verifiable settlement logic. 

11. Conclusion 

AI augments—not replaces—engineering rules by quantifying uncertainty and optimizing 

decisions under constraints. Utilities and aggregators that pair quality data, disciplined MLOps, 

and explainable, secure OT execution can scale AI from pilots to portfolio-level impact: tighter 

VRE balancing, lower losses, higher reliability, and faster recovery. 
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