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1. Introduction 

Electric utilities are going through a fundamental transformation due to the proliferation of renewable energy‚ 
the adoption of distributed energy resources (DERs) at an unprecedented pace‚ and the need for electric grids 
to perform with a higher degree of fault-tolerance during extreme weather and variable demand. The ADMS is 
at the center of this transformation. An Advanced Distribution Management System (ADMS) integrates 
Supervisory Control and Data Acquisition (SCADA)‚ Geographic Information Systems (GIS)‚ Outage 
Management Systems (OMSs) and distribution network analysis applications into a single integrated 
operational environment [1][2]. ADMS applications may provide real-time situational awareness of the 
distribution network‚ automated fault response‚ volt-VAR optimization and distribution energy resource 
dispatch for a more complex and operationally intense distribution grid. 

Despite this potential‚ most deployed ADMS platforms are largely reactive. Rule-based automation logic for 
fault detection‚ switching‚ and load management typically used in customary ADMS deployments is based on 
defined setpoints and deterministic decision trees. Although this architecture can cope with known faults‚ it 
cannot provide pattern recognition‚ uncertainty quantification‚ or adaptive optimization‚ which are frequently 
needed in the new class of grid management problems. Furthermore‚ the mental burden of human operators 
in ADMS control rooms is only increased by the growing complexity of the grid and the flood of operational 
data from SCADA‚ smart meters‚ and field sensors that rule-based systems cannot process [3]. AI and ML can 
help meet these challenges by enabling predictive analytics using historical and real-time operating data‚ 
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automated decision logic‚ and continuously updated recommendations based on changing grid conditions and 
generation or demand patterns. 

Over the past decade‚ there has been wide-ranging literature on AI applications in power systems; however‚ 
little has been published about integrating AI into deployed ADMS architecture as opposed to stand-alone grid 
analytics tools. A small corpus of academic literature has emerged around AI applications in different functional 
domains‚ e.g.‚ in load forecasting [4]‚ fault detection [5]‚ and DER dispatch optimization [6]‚ but the literature 
has not focused on a multi-domain AI integration architecture for production ADMS environments. This gap 
motivates the present study. 

This paper has three contributions: (1) A multi-domain AI integration framework for ADMS environments 
covering outage prediction, load forecasting, anomaly detection, and smart grid control in a unified layered 
architecture, as described in Section 4; (2) Specifications for the data infrastructure and integration patterns 
needed to implement AI modules against production ADMS data sources; and (3) A description of one 
implementation experience with performance results across each of the four AI domains providing a 
benchmark for other utilities. 

The remaining sections of this paper are organized as follows. Section 2 presents a literature review on AI 
applications in the domains of power distribution and ADMS platforms. The operations‚ data‚ and integration 
challenges that motivate an organization to adopt AI technologies are described in Section 3. The design of the 
data infrastructure and system integration is described in Section 5. Section 6 covers implementation and 
results. Section 7 covers findings and generalizability. Section 8 concludes with implications and future 
directions. 

 

2. Literature Review 

Several papers have reviewed the architecture and full scope of modern ADMS systems. Chari et al. [1] describe 
the implementation and testing of ADMS at several utilities and identify FLISR‚ CVR‚ and IVVO as the most 
common advanced applications driving the need for these systems. The initial definition of the ADMS proven 
in the accompanying paper concerning the implementation of advanced ADMS [2] has proven that the level of 
the model’s network representation and the architecture of information integration from the model to SCADA‚ 
GIS‚ and OMS subsystems is the prerequisite for successful applications in this domain. This establishes the 
ADMS as a data-rich environment where analytical performance is determined by the rule-based logic of 
embedded applications. 

AI and ML applications have been developed for various purposes in power distribution. Load forecasting 
has received special attention as a promising application. Load forecasting has received special attention as a 
promising application. Kong et al. [4] show that Long Short-Term Memory (LSTM) recurrent neural networks 
produce considerably lower MAPE on short-term residential load forecasting than classical statistical 
forecasting models. Other works have demonstrated the advantage of deep learning architectures on smart 
meter and distribution feeder data [7]. Anomaly detection in power grids monitored with SCADA has been done 
with supervised and unsupervised ML methods‚ e.g. [5][8]. Autoencoders have been successfully used for 
unsupervised anomaly detection in operational data‚ important for SCADA utility applications with little 
labeled fault data available. A DRL-based approach has emerged as a top solution for grid control and the 
restoration problem. Research by Selim et al. [9] employs deep reinforcement learning (DRL) to perform 
switching optimization in distribution system restoration with DERs and tie-switches. Their results show faster 
restoration and load recovery compared to baseline rules. 

Few integrated AI-based systems have been reviewed in the literature to date regarding their application 
to the ADMS. In a review of smart grid AI applications‚ Ahmadi et al. [3] and Alam et al. [12] concluded that load 
forecasting‚ fault detection‚ and demand response are the areas with the most progress but there remains no 
large-scale implementation in a production operational setting. The architecture of distribution management 
systems developed by Jabr and Džafić [10] and Strezoski et al. [11] includes data pipeline and DER coordination 
functionalities that the AI overlay has to accommodate. No publication has yet reported an ADMS multi-domain 
AI architecture including the data pipeline‚ model layer‚ and decision support interface. Our paper seeks to fill 
this gap. 

Prior work on building AI for utility operational contexts has reported the tradeoffs between data quality 
and coverage‚ frequency of model retraining as a countermeasure to concept drift‚ operator reliance on AI-
provided recommendations‚ and latency constraints in real-time grid control applications [3][12]. The 
framework in this paper distinguishes itself by focusing on operational constraints that differentiate it from 
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other research prototypes that have not considered requirements for production settings in typical utility 
operations. 

 

3. Problem Analysis - Operational‚ Data‚ and Integration Challenges 

Rule-based ADMS are limited mostly by the operations of outage management. In the customary deployment 
model‚ the system is event driven; an outage is detected when a fault trips a protective device and the SCADA 
alarm queue shows an alarm condition. These responsive tasks include switching‚ dispatching crews‚ and 
notifying customers. There is a structural latency floor for restoring an outage‚ based on the need to perform 
these tasks‚ which cannot be eliminated by improvements to response-related processes. Fault prediction‚ the 
most likely equipment‚ feeder or network segment to fail‚ can only be achieved by recognizing patterns from 
historical fault data‚ operating telemetry‚ and environmental factors that cannot be used in rule-based systems 
[1][13]. 

In the ADMS environment‚ huge volumes of telemetry data from SCADA outstations‚ smart meters‚ field 
sensors‚ and weather information systems are continually streaming in. Customarily‚ the ability to analyze this 
data has been limited to threshold alerting and display of data on a human-readable display. Existing ADMS 
implementation do not have native capabilities for feature engineering‚ time-series modeling‚ or cross-system 
correlation analysis. As a result‚ operational data that could provide predictive insights (load trend 
abnormalities‚ equipment stress indicators‚ pre-fault voltage signatures) are generated‚ communicated and 
discarded without any analytical insights [3][8]. This lag between data availability and its use in analysis 
motivates the AI data pipeline we describe in Section 5. 

A third problem is environment complexity where the normal ADMS environment contains SCADA‚ OMS‚ 
GIS‚ and DER management systems‚ middleware and enterprise applications‚ often using proprietary data 
formats‚ separate historians‚ and a very limited real-time capability for sharing data. Therefore‚ AI modules 
that require correlated data across multiple subsystems must overcome integration challenges that are not 
algorithmic‚ but architectural. This is particularly challenging for legacy ADMS deployments where the system 
integration architecture was not designed to accommodate such analytics or artificial intelligence workloads 
[2][11]. The integration architecture described in Section 5 implements this in an AI data layer which abstracts 
the heterogeneity of the source systems and provides a normalized feature store to execute models. 

 

4. AI Integration Framework for ADMS 

The proposed reference architecture for the integration of AI into an ADMS has four independent and 
distributable layers: data ingestion‚ feature engineering‚ model execution‚ and decision support. This 
deployment model allows utilities to incrementally deploy AI into other functional areas‚ without disrupting 
the operational envelope of the existing ADMS. The architecture is agnostic to the underlying vendor ADMS‚ 
and relies upon standardized data exchange interfaces rather than proprietary vendor ADMS APIs to enable 
heterogeneous utility deployments. 
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Figure 1. Multi-Layer AI Integration Framework for ADMS 
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The predictions produced by the outage prediction model are based on supervised ML models trained on 
historical records of faults‚ maintenance logs and inspections‚ SCADA telemetry‚ and weather and vegetation 
management. Proposed features include asset-level information such as age‚ maintenance and condition 
records‚ operational stresses‚ and feeder-level information such as loading records‚ fault occurrence‚ and 
geographic exposure to weather. These model outputs in the form of failure probability scores at feeder 
segment level are disseminated at configurable intervals so crews can be pre-positioned‚ inspected‚ and re-
routed away from the feeder before worse weather is expected. 

The load forecasting module builds LSTM-based time series models trained on combined smart meter data‚ 
existing load profiles‚ weather forecasts and calendar features‚ to produce 15 minutes to 24 hours ahead short-
term load forecasts at feeder and substation levels for real time dispatch and voltage control in the ADMS. To 
determine optimal switching plan and DER dispatch scheduling‚ medium-term forecasts (1-7 day horizon) are 
performed using LSTM architectures‚ as these architectures are particularly well suited for forecasting non-
stationary power load time series and for capturing multi-scale time series patterns (unlike classical 
autoregressive models) [4][7][15]. 

Anomaly detection is performed on continuous SCADA telemetry streams in an unsupervised manner‚ with 
no a priori knowledge of fault threshold values. The algorithm identifies anomalies as deviations from a learned 
baseline‚ where the normal operating envelope of each monitored device type is captured by autoencoder-
based models. Devices are flagged as anomalies if their reconstruction error exceeds a specified threshold 
[8][16][19]. This threshold-free approach captures novel fault signatures and equipment degradation patterns 
that escape customary rule-based threshold alerts. The anomalies are triaged by severity and sent off to the 
decision support layer as operator alerts or are automatically escalated to the action layer. The smart grid 
control module is responsible for making switching decisions in the distribution network‚ using DRL to 
minimize the duration of the outage and maximize the number of load restorations‚ subject to the network and 
operational constraints [9][14][17]. 

 

5. Data Infrastructure and System Integration 

The AI data layer is a real time feature store and consumes data from SCADA historians‚ OMS events‚ GIS 
network models‚ smart meter data platforms and weather APIs. Features can be ingested using an event driven 
streaming process for higher frequency sources such as the SCADA telemetry‚ or a batch process for lower 
frequency sources such as equipment maintenance records or vegetation management. The data quality 
pipeline assesses the ingested records against schema constraints‚ checks for missing values and outliers‚ and 
flags data quality issues before they reach the model inputs‚ thus addressing the data completeness challenge 
of Section 3 [3][20]. 

Feature engineering takes place at the data layer‚ outside of the model‚ isolating model code from the source 
systems' schema. Several features are utilized in predicting transformer failure. The features provided are 
temporal (time of day‚ day of week‚ season‚ calendar holidays)‚ spatial (feeder topology‚ geographic zone‚ 
proximity to vegetation risk area)‚ equipment (asset age‚ maintenance recency‚ fault history‚ equipment loading 
percentile) and environmental (temperature‚ wind speed‚ precipitation‚ and storm forecast features). Feature 
sets are saved in conjunction with model artifacts not only to allow reproducible retraining‚ but also for 
auditing models' input data for all predictions as required in regulated utility contexts [2][13]. 

The AI system is integrated into the operational environment of the ADMS using a decision support 
interface. The output of the AI is shown next to the standard ADMS displays in the control room. Outage risk 
alerts‚ load forecast deviations‚ anomaly flags and DRL switching recommendations are only suggested to the 
operator with confidence values as to give the human final say to switching and dispatching decisions. This 
follows a simple practice that AI decision support in safety-critical operational domains should be used as an 
augmentation to human judgement‚ especially when trust in the operational context is not yet established 
[3][12]. 

The integration architecture includes RESTful APIs for synchronous request-response processing and a 
publish-subscribe messaging pattern for near real-time asynchronous event processing. AI module outputs are 
stored in a central audit database. These outputs are time-stamped and include snapshots of input features and 
model versions for analyzing the event post-hoc‚ to monitor model performance‚ and for regulatory 
compliance. Data governance controls put in place access control policies that are in line with the utility's 
cybersecurity plan‚ and separate AI infrastructure components from the ADMS operational network in a 
demilitarized zone architecture [10][11]. 
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6. Results 
Implementation outcomes were estimated within each of the four domains of AI operations‚ and compared to 
a baseline defined by the prior operating period under conventional rule-based management of the ADMS 
system. Metrics for each domain were defined accordingly and assessed across common post-deployment time 
periods. 

 
Table 1. AI Performance Metrics by Module 

AI Module Metric Evaluated Reported Outcome Basis 

Outage 
Prediction 

Outage restoration 
speed 

30–40% improvement vs. 
rule-based baseline 

Implementation 
report 

Load 
Forecasting 

Load forecast accuracy 
(MAPE reduction) 

20–30% improvement vs. 
statistical baseline 

Implementation 
report 

Anomaly 
Detection 

Reduction in 
operational inefficiencies 

Up to 50% reduction 
Implementation 

report 

Intelligent Grid 
Control 

Switching solution 
convergence 

Faster than manual 
switching sequences 

Implementation 
report 

 
Table 2. Baseline vs. AI-Enhanced ADMS Key Performance Indicators 

Operational 
Domain 

Rule-Based ADMS (Baseline) AI-Enhanced ADMS 

Outage 
Response 

Reactive: fault detected after 
occurrence; crew dispatched on alarm 

Proactive: crew pre-positioned from 
risk scores; restoration speed improved 

by 30–40% 

Load 
Forecasting 

Persistence/statistical models with 
higher MAPE 

LSTM models: 20–30% accuracy 
improvement across feeder horizons 

Anomaly 
Detection 

Threshold-based SCADA alerts; high 
false positive rate 

Autoencoder models: reduced false 
positives; earlier degradation detection 

Grid Control 
Manual switching sequences; longer 

restoration time 
DRL-based: faster convergence to 

feasible switching solutions 

Data Utilization Threshold alerting and display only 
Feature-engineered ML pipeline 

exploiting full SCADA/GIS/OMS data 
stream 

 
For outage prediction‚ the company reports that the implementation led to a 30-40% increase in restoration 

rates compared to the utility's prior rule-based process. For pre-positioning field crews ahead of a storm‚ using 
AI-based risk scores was reported to result in a shorter time between the fault and arrival on-site. Proactive 
switching based on risk predictions resulted in limiting customer impact by isolating high-risk feeder segments 
before a forecast period of weather-related faults. This agrees with several papers; Selim et al. [9] find that 
DRL-based restoration strategies achieve materially faster load recovery than rule-based switching sequences‚ 
and Igder and Liang [14] show that DRL-based dynamic microgrid formation can lead to a meaningful decrease 
in restoration times in distribution networks. 

 
Table 3. Outage Restoration Speed: Baseline vs. AI-Enhanced (Relative Index, Implementation Report) 

http://www.svedbergopen.com/


www.svedbergopen.com                                        International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.5s, 2026                                                                                                                                                                                  776 

Metric 
Baseline (Rule-

Based) 
AI-Enhanced 

(Reported) 
Improvement 

Range 

Outage Restoration Speed 
(relative index) 

100 (baseline) 60–70 (relative) 30–40% faster 

Crew Arrival Time 
Event-driven 

dispatch only 
Pre-positioned from 

risk scores 
— (qualitative) 

Customers Affected per 
Event 

All at-risk feeder 
customers 

Reduced by 
proactive switching 

— (qualitative) 

 
LSTM-based load forecasting is 20% to 30% more accurate for short (15 minutes to 4 hours) and medium (24 
hours) term forecasting at feeder level when compared to a persistence model or statistical baseline model‚ 
based on error metrics like mean absolute percentage error (MAPE). The accuracy was greatest on feeders with 
high penetration of distributed energy resources and high load variability. Kong et al. [4] illustrate the large 
MAPE improvements obtained using LSTM models in place of classical baselines on residential smart meter 
data sets. Eren and Kucukdemiral [15] show that all deep learning models outperform all customary statistical 
forecasting methods for short-term distribution load forecasting. This literature provides the mechanistic basis 
behind the successful implementation. 

 
Table 4. Load Forecast Accuracy: Baseline vs. AI Model (Relative MAPE Index, Implementation Report) 

Forecast Horizon 
Baseline MAPE 

(relative) 
AI Model MAPE 

(relative) 
Accuracy Improvement 

Short-term (15 min – 
4 hr) 

100 (baseline) 70–80 (relative) 20–30% 

Medium-term (24 hr) 100 (baseline) 70–80 (relative) 20–30% 

High-DER Feeders 
(greatest gain) 

100 (baseline) 70–80 (relative) 
20–30% (highest 

variability context) 

 
The anomaly detection module reduced false positive alert rates‚ and found pre-fault signatures of equipment 
degradation that were not included in SCADA threshold alerts. This reduced operational inefficiencies by up to 
50% by stopping unnecessary deployments of operational crews to respond to false alarms‚ and by identifying 
equipment needing maintenance before a fault occurred. Shabad et al. [5] and Panthi [8] showed that the use 
of ML-based anomaly detection on SCADA grid data has a lower false positive rate than threshold-based 
anomaly detection. Sharma and Tiwari [16] showed that optimized gradient increasing classifiers were able to 
identify energy consumption anomalies in SCADA data with high accuracy. The DRL-based grid control module 
also found switching sequences faster than the manual sequences in the fault restoration tests. Lin et al. [21] 
observed that the multi-agent DRL for distribution network reconfiguration with renewable energy 
outperformed rule-based methods in terms of operational performance [23] [24]. 

 
Table 5. Anomaly Detection and Operational Efficiency: Baseline vs. AI-Enhanced (Implementation 
Report) 

Operational Efficiency 
Metric 

Baseline AI-Enhanced Improvement 

Overall Operational 
Inefficiencies (relative 

index) 
100 (baseline) ≤50 (relative) 

Up to 50% 
reduction 

False Positive Alert Rate 
Threshold-based 
(higher FPR) 

ML-based (lower FPR) 
Reduced 

(qualitative) 
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Operational Efficiency 
Metric 

Baseline AI-Enhanced Improvement 

Pre-fault Equipment 
Identification 

Not captured by 
threshold alerts 

Detected via 
autoencoder degradation 

signatures 

Enabled 
(qualitative) 

 

7. Discussion 

We conclude that an intentional‚ multi-domain AI integration framework can provide material benefits across 
the primary axes of ADMS grid operations. The 30-40% improvements in restoration reflect this compounding 
impact of pre-emptive predictive crew positioning and feeder switching‚ which are hard if not impossible to 
replicate in rule-based reactive operational domains. For utilities where their regulatory and penalty-related 
performance metrics are tied to outage duration‚ storm load forecast accuracy improvements have 
considerable operational and financial value. A 20% to 30% forecast accuracy improvement can have 
substantial value when applied to feeders with high DER penetration‚ where the high forecast error yields poor 
dispatch and voltage management decisions from conventional models (see [4][6][15][25]). 

 
Table 6. Implementation Challenges and Mitigations 

Challenge Description Mitigation Applied 

Data Quality 
Missing values in maintenance 

records; inconsistent SCADA tagging; 
smart meter latency 

Data quality pipeline with schema 
validation, outlier detection, and 

completeness checks 

Operator 
Adoption 

Initial caution toward AI 
recommendations; preference for 

independent verification 

Advisory-only interface; confidence 
indicators; progressive trust built through 

observation period 

Integration 
Complexity 

Proprietary formats and separate 
historians across SCADA, OMS, GIS 

subsystems 

Unified AI data layer with normalized 
feature store abstracting source system 

heterogeneity 

Model 
Retraining 

Concept drift as grid topology and 
load patterns evolve 

Versioned feature sets and model 
artifacts enabling scheduled retraining 

pipelines 

Legacy 
Infrastructure 

Older ADMS lacking real-time 
historian infrastructure 

Modular deployment: load forecasting 
and anomaly detection activated first as 

lower-complexity modules 

 
We encountered a number of deployment challenges that may be useful for practitioners. The most impactful 
challenge in our first deployment was poor data quality. Incomplete equipment maintenance records‚ 
inconsistent tagging conventions for SCADA historian instances‚ and high latency in the availability of smart 
meter data required engineering adjustments to the data pipeline so that the model could be trained reliably 
[26]. This mirrors findings from other studies on the deployment of AI in the field‚ which show that issues with 
making data ready for AI‚ as opposed to making AI machine learning models‚ are a critical barrier to 
operationalizing AI [3‚ 12]. Another challenge was winning operator acceptance‚ as control room operators 
were wary of AI recommendations and preferred to rely on their own operational knowledge to validate 
anomalies detected by the AI system and risk scores. This precaution became less rigorous as the observation 
period progressed and operators became more familiar with the accuracy and reliability of the AI outputs 
[27][28]. 

The framework is applicable across different contexts of ADMS deployments‚ given the availability of 
relevant infrastructure data sources (SCADA‚ OMS‚ GIS‚ smart meters) and potential access through common 
integration interfaces. In some cases‚ older or smaller ADMS deployments that do not have a real-time data 
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historian infrastructure may need investments in data infrastructure. The modular and layered approach 
allows the utility to sequentially deploy the modules as the data infrastructure is improved. The load 
forecasting and the anomaly detection modules are expected to have the simplest data pipelines and should be 
the first to be deployed‚ while the outage prediction and the DRL-based grid control modules can be deployed 
later as the data infrastructure matures [1][2][13]. 

 
Table 7. Reported Performance Improvement Across All Four AI Domains (Implementation Report) 

AI Domain 
Reported 

Improvement 
Measurement 

Basis 
Notes 

Outage Prediction 
/ Restoration 

30–40% faster 
restoration 

Implementation 
report 

vs. rule-based baseline 

Load Forecasting 
20–30% accuracy 

gain 
Implementation 

report 
MAPE reduction, 
feeder-level 

Anomaly Detection 
& Efficiency 

Up to 50% reduction 
in inefficiencies 

Implementation 
report 

Fewer false dispatches, 
earlier detection 

Intelligent Grid 
Control 

Faster switching 
convergence 

Implementation 
report 

Qualitative; vs. manual 
switching 

 

8. Conclusion 

This paper presents a four-layer structured AI integration framework for ADMS applications on outage 
prediction‚ load forecasting‚ anomaly detection and clever grid control. The framework can be operationalized 
into production systems considering the design of data pipelines‚ integration architecture‚ operator interface‚ 
and governance requirements. Control center operators can design and plan AI applications in this framework. 
AI applications have led to improvements over rule-based ADMS baselines in restoring outages‚ load 
forecasting‚ operational efficiency‚ and SCADA anomaly detection and utilization of open-source AI grid 
management frameworks. Mechanistic literature support for each category is provided based‚ respectively‚ on 
DRL-based outage restoration‚ LSTM load forecasting‚ SCADA anomaly detection‚ and open-source AI 
frameworks for grid management. 

From a practical standpoint‚ this research includes takeaways to utility companies that are in the process 
of shifting from a rules-based approach to an AI-enabled‚ data-driven grid. Developing AI modules 
incrementally through data infrastructure maturity is a practical approach for organizations at varying stages 
of digital maturity. The results indicate it is a viable and strong path and the vendor-agnostic architecture based 
on standardized data interfaces and a normalized feature store is applicable to the various ADMS platforms in 
the utility sector. 

Other such research includes federated learning for cross-utility model building and transfer without 
sharing each utility's proprietary operating data; large language model-based interfaces for operators to work 
with the AI-generated grid insights in natural language; and DRL-based grid control optimizing the three-
objective reliability‚ cost and carbon simultaneously. The more the distribution networks continue to absorb 
increasing volumes of DERs and face the weather stress of climate change‚ the greater the case for AI-powered 
ADMS capabilities. 
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