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SUMMARY

This paper proposes a new machine learning framework applied to modern advanced distribution
management system (ADMS) modules, including distribution system state estimation, distributed
energy resource management, and fault location isolation and service restoration. The expectations of
the ideal ADMS have seemingly continued to change with dual developments in machine learning
techniques (including computational advances) and the transition to smart grids, which change the
underlying data structure. Based on previous research, the framework assists in achieving the
ambitious goals of modern distribution management systems by self-defining the level of granularity
expected and refresh rate of the ML algorithm. One of the key findings of the research and the
proposed approach is to maintain a forward-looking perspective in system operations rather than an
enhanced accuracy of historical performance.

The ADMS is an operational tool that administers advanced applications through continual power
system evaluation. The ADMS can also operate in “study” modes that allow users to evaluate the
system under different hypothetical conditions and configurations. Many of these tools rely upon a
distribution system state estimation (DSSE) solution to understand system conditions, enabling system
operators to make decisions based on the status of the power system. Determining how often the
DSSE should arrive at a new solution is usually bound by the computational capabilities available
within a specified (and often incomplete) budget. For an industry charged with powering the modern
economy, this type of optimization is unsatisfying.

An approach that could make more sense is to refresh the state estimation upon receipt of unexpected
information. Rather than thinking of a DSSE as a look at the very recent historical performance of the
distribution system, the DSSE should consider what the very near future of the distribution system will
be. This mostly reflects the theory presented in [1], wherein Jeff Hawkins outlines the memory-
prediction framework. The framework established the theory that the human brain is a feed-forward
hierarchical state machine with special properties that enable it to learn. As a “feed-forward state
machine”, the machine (our brain) responds to future events predicted from past data. Hawkins makes
the case convincingly by noting how startling it is for us, as humans, to trip and fall, or to reach for a
door handle and miss. By constantly having expectations about our environment, we’re able to quickly
identify when one thing is out of line.

The work presented here identifies how Hawkins’ research can be applied to advanced applications of
an ADMS, helping to synthesize the growing set of available research in power system control with
the goal to integrate more effective algorithms into utility practices. The feed-forward prediction
paradigm is usually applied within the pursuit of strong artificial intelligence — machines capable of
healing themselves and being self-aware. Certain advocates share similar ambitions for the electric
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power system. By evaluating new research with a lens towards how it integrates with a feed-forward
paradigm, practitioners will be able to both simplify the body of research and identify the clear goal of
improved foresight, which underpins most utility decisions and is capable of making a difference in
utility operational efficiency.
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INTRODUCTION

The modern distribution management system is tasked with controlling the complex medium and low
voltage network of electric power delivery. This includes not only the algorithms required to understand
and manage the power flow under normal conditions, but to make sense of abnormal conditions, identify
causes of abnormalities, and coordinate the repair, whether automated, remote, or requiring dispatch of
a service crew to fix/replace broken equipment. The tasks of these modern advanced distribution
management systems (ADMS) are critical to serve safe, reliable power to homes and businesses, the
very mission of electric utilities. Because the ADMS combines analysis of complex networks of
information with applications that must make that information useful and actionable for grid operators
and service workers in real time, machine learning (ML) techniques can be useful.

Though the computer science is still maturing, machine learning has long been the topic of research for
many individual components (modules) of modern ADMS solutions. Published in 1991, [2] builds from
previous work to develop an artificial neural network to identify faults in advanced manufacturing
facilities. Since then, neural networks have advanced from merely identifying fault conditions to
predicting fault location in other sectors, including the work done in [3] to study the low voltage electric
distribution network. Reference [4] developed a modified machine learning algorithm to solve a slightly
different problem: restoring power after a fault.

To effectively understand and predict outage causes and locations, a connectivity model is required.
This connectivity model effectively traces what equipment is located where and how it is all joined to
deliver power. Utilities often struggle to assemble the connectivity model, which outlines electronically
where and how different points on their system are connected. Reference [5] outlines a few approaches
to how machine learning approaches have been applied to building the network topology configuration.
For instance, [6] combines many statistical strategies and relies on smart meter data to reconstruct the
partially or fully unknown lightly meshed topology. Accuracy is shown to be dependent on the number
of measurement samples and complexity of system, but provides acceptable performance under a variety
of conditions, including with missing nodal data. As outlined in [7], maintaining a highly accurate
connectivity model is difficult in practice due to the dynamic nature of distribution systems, and
insufficient circuit-level data to monitor topology changes.

Recognizing that more nuance is required to fully understand the power system than connectivity, [8],
[9] and [10] have focused on developing machine learning techniques for distribution power flow and
distribution state estimation. The use cases for these applications are numerous and cover a spectrum of
distribution operation, including real-time situational awareness and identifying topological errors in the
underlying connectivity model.

There are many more journal articles outlining innovative machine learning techniques applied to the
complex distribution system challenges facing the utility of the future. However, [11] outlines many of
the factors inhibiting machine learning adoption in the utility sector, including tactical challenges like
how underlying data structures can be noisy and inconsistent, or that data security concerns can be
misaligned with the massive computational burden required by some solutions. The article goes on to
identify that many decision-makers do not understand the underlying mathematics, nor are they willing
to entrust key decisions to an opaque algorithm.

Even more fundamentally, this paper posits that machine learning applications in the utility space have
failed to deploy rapidly because they lack an overarching framework within which to align. Vendors
and researchers deploy machine learning techniques to tackle specific problems, aiming today’s robust
computational capabilities at subsets of the challenges, seemingly embracing a weak Al approach. To
combat this and to make better use of the capabilities available thanks to decades of research in both
machine learning and distribution system management, the concept of a feed-forward state estimator is
introduced in the next section before exploring how that feed-forward engine would impact related tasks
facing modern electric power management. Finally, next steps will be discussed.



A MACHINE LEARNING PREDICTION ENGINE FOR ADMS

The ADMS is an operational tool that administers advanced applications through continual power
system evaluation. The ADMS can also operate in “study” modes that allow users to evaluate the system
under different hypothetical conditions and configurations. Many of these advanced applications rely
upon a distribution system state estimation (DSSE) solution to understand system conditions, enabling
system operators to make decisions based on the status of the power system. The authors of [12] outline
the imperative nature of this state estimation before introducing an algorithm to solve the task. However,
they do not cover how often the algorithm should be run nor how often circuit-level telemetry should be
scanned (polling frequency). Additional research found minimal published industry input on the optimal
DSSE execution interval and polling frequency. Determining how often the DSSE should arrive at a
new solution is partly bounded by the computational capabilities available within a specified (and often
incomplete) budget and also by the polling frequency, which is constrained by sensor capabilities and
the communication infrastructure. For an industry charged with powering the modern economy, this
type of optimization is unsatisfying.

An approach that addresses the limits due to computational capabilities is to refresh the state estimation
by exception, i.e., upon receipt of unexpected information. Rather than thinking of a DSSE as a look at
the very recent historical performance of the distribution system, the DSSE should consider what the
very near future of the distribution system will be. This mostly reflects the theory presented in [1],
wherein Jeff Hawkins outlines the memory-prediction framework. The framework established the
theory that the human brain is a feed-forward hierarchical state machine with special properties that
enable it to learn. As a “feed-forward state machine”, the machine (our brain) responds to future events
predicted from past data. Hawkins makes the case convincingly by noting how startling it is for us, as
humans, to trip and fall, or to reach for a door handle and miss. By constantly having expectations about
our environment, we’re able to quickly identify when expectations are not met.

Bringing this idea back to DSSE and the ADMS, most system operations assume that the near future
will look very similar to the recent past. Much literature is focused on more accurately understanding
what just happened, including [13] and [14]. However, by looking forward, the system can more readily
identify potentially troublesome deviations in performance. A near-term prediction would help the
system understand that new observations are within the realm of the expected; it will more readily
identify when things aren’t “normal.”

Mostly, this prediction engine focuses on a DSSE tolerance for error as a refresh function rather than
time. This is key to the entire framework. The feed-forward perspective feeds from historical data,
aiming to predict the future, but also correcting the predictions based on new information as necessary.
By staying consistently ahead of the current moment, the DSSE is afforded more time to generate
predictions before they are absolutely required. The framework also allows for evaluation of individual
sensor measurements relative to expectations as they arrive without running a full DSSE. Real-time
measurements affect the future estimation at different scales and could be incorporated as the error
tolerance dictates.

The feed-forward framework is not a substitute for machine learning. Machine learning can be applied
in post-event processing. Rather, the framework is a lens through which to evaluate operational machine
learning. Quite simply, the framework starts with the following fundamental questions:

e Does the machine learning application help the electric system respond to future events?
e If so, does it do it in a useful fashion'?

This feed-forward DSSE framework is preferable because of real world constraints. Of course,
equipping systems with the latest information will always make a forecast better. Of course, building a
new estimation based on every new piece of information is ideal. However, the pursuit of fast, accurate,

1 Examples of applications that are not useful include those that are: too expensive, too slow, or too sensitive to
bad data.



and resilient DSSE has been the topic of much research, but with few of these solutions migrating from
research to commercially available ADMSs. Reference [7] posits that “data scarcity inhibits the adoption
of advanced DSSE techniques into today's ADMSs and today's ADMSs are not capable of fully
leveraging circuit-level data...” However, this paper builds upon that underlying, data scarcity problem
with an additional, architectural one: industry must know when to stop; when perfect forecasting, state
estimation, or topological error detection should be secondary to enabling advanced applications.
Effectively, research and vendor development must prioritize approaches that are feasible, scalable,
affordable, and capable of unlocking value on the short term while the underlying data problems persist.

By focusing on the near-future only, deviances from perfect accuracy (from a perfect electrical model)
are expected. Forecasts are usually wrong, but are helpful, nonetheless. This approach is also more to
the core of how the distribution system is operated. System operators do not need a DSSE with 0.2%
accuracy at all nodes: meters can have errors larger than that, voltage standards allow for 5% shifts in
either direction from nominal [15]. The work here reflects the reality of many distribution system
operators: they just need to know when the system is not performing as expected. This is not to say that
a state estimation should only be refreshed under some alarm condition, but rather that it should mirror
the dynamic nature of the physical system that it models.

The feed-forward framework — effectively an emphasis on proactive forecasting for distribution system
management- should lower the computational burden placed on operational systems. The system does
not need to constantly fit each new piece of information into a new state estimation. Rather, it assesses
the information, determines its validity, aggregates that information, and uses it only when it becomes
necessary (when the prediction is too wrong, or enough data is out of line with the forecast). Plenty of
work has been done in short term forecasting that can be built upon and adopted. Reference [16]
identifies the efficacy of neural networks and neuro-fuzzy algorithms to predict near-term voltages,
ultimately determining that satisfactory results to voltage forecast can be made from 1-minute interval
data looking 10 minutes ahead. Reference [17] outlines a neural network ensemble that predicts load at
both a customer and substation level 24 hours ahead in a real-world setting. Countless other journal
articles focus on predicting load, particularly in environments with behind-the-meter solar generation.
All of this will be needed to adopt a feed-forward paradigm.

The work presented here differs from other approaches in that the emphasis is not accurate, real-time
status of the distribution system, but orients both researchers and real-world distribution operations
around near-future status. In some places, the system operator is expected to carry the burden of looking
into the future. In other instances, ADMS’s utilize short-term forecasts to recommend system
adjustments. These architectures place a burden on other systems to interpret the current status of the
system and make informed projections from it. The feed-forward architecture orients every module
around a common operational time domain with each module containing running their requisite granular
algorithms to make informed decisions. Effectively, real-time information and status are too slow to
take appropriate proactive/preventative measures. System operators really need a look into the future to
head off potential problems. It makes little sense to be concerned with the accuracy of the current state,
other than to contextualize our projections.

FEED-FORWARD ARCHITECTURE FOR DER MANAGEMENT

As covered earlier, our electricity system is shifting to enabling active customer participation in the grid
with growing importance placed on accurately predicting end-user electricity profiles, particularly with
distributed generation. Affecting change within this segment requires advance notice: these resources
are not typically integrated within traditional, automated generation control architectures and do not
figure to be so soon. Managing DERs requires a prediction engine today and figures to be more reliant
upon that feed-forward framework in the near future.

Dispatching DER
The time domain for distributed resource dispatch, affecting the status of the grid, must be forward
looking. Resources need to know what is expected of them and given time to perform. DER programs,
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such as those being implemented by Hawaiian Electric Company [18] and elsewhere, outline the market
procedures and performance expectations of DER when given varying forewarning. At their core, DER
programs require foresight into grid conditions, communication to the DER of the expected remedial
action, and performance of the DER. Depending on the program, the prediction engine and foresight
required for active DER programs may vary from minutes to hours/days into the future. Enabling such
programs, which figure to be more prevalent soon, requires an architecture oriented around a prediction
engine to afford adequate time to influence customer behavior with the appropriate temporal and
geospatial fidelity. Reference [4] identified this as an area in need of additional research. More
specifically, the authors were interested in how price-sensitivity and/or prosumers impact DSSE.

Overcoming Dispatch Errors

Relying on DER for control of the grid comes with unique challenges, partially outlined within [19],
that include the reliability of resources to precisely and accurately perform as dispatched. On top of that,
there are challenges with evaluating the performance of DER, particularly when dedicated metering is
unavailable. These operational challenges could be partially remedied with a feed-forward architecture
that expects errors and remains dynamic in its dispatch by continuing to be forward looking. Dispatching
with enough advance notice allows for additional dispatch as performance deviates from dispatch
instructions. More directly, the real-time architecture does not care why or even that there are errors, but
merely requires a far enough lens into the future in order to do something about those errors before they
affect real-time operation. By establishing state estimation refresh and now the dispatch of DER as error
functions, rather than as time functions, one can more accurately maintain the system unbeholden to
arbitrary time increments.

Put into a graphical format, the forward-looking dispatch of DER might look like the Figure below.
Note that the time domains used here are for discussion purposes only and may vary significantly
depending on the feed-forward implementation.

DER Dispatch for 12:15 with peak output at|2:30

DER Orients
Around Dispatch

DER + Additional Dispatch performance/

Figure 1 Multiple DER Dispatch Paradigm

This paradigm is not particularly novel; electricity markets perform these functions today. However,
this discussion is included in this paper to reinforce the notion that if the future of our electrical system
requires DER, then it requires a forward-looking perspective on the status of the grid at multiple
temporal and geospatial resolutions. Effective DER dispatch cannot be done once, nor in real-time. It
requires advanced planning with foresight ranging from years to minutes, in a concerted effort. Certain
DER customers will opt-out, regardless of the financial incentive(s) provided. Just as with today,
generators will be needed to balance any deficiencies caused by their peers. Certain DER customers will
opt-out, regardless of the financial incentive(s) provided, while others will perform at a level greater
than dispatched. Additional resources will need to balance the deficiencies in other, previously
dispatched resources in order to maintain balance.



FEED-FORWARD ARCHITECTURE FOR UTILITY CONTROLLED
EQUIPMENT

Whereas Section C focuses on market mechanisms, this section will target utility-controlled equipment,
whether in fault location, isolation, and service restoration (FLISR), or in longer-term asset
management.

Efficacy of Feed-Forward Paradigm in Outage Conditions

There are a variety of outage conditions and each has volumes of research dedicated to a more effective
response. The purpose of this section is to simply discuss outage response as it relates to a feed-forward,
prediction paradigm. At least one commercially available outage management system considers itself a
“prediction engine” meaning that it analyzes available information and provides operators with a likely
fault location and failed equipment. A strong machine learning approach combined with a perfect
prediction engine would limit outage conditions by avoiding abnormal conditions. However, even a
strong model of the physical world figures to be unable to predict squirrel behaviour in the foreseeable
future, which unfortunately will result in outages.

Within [3], the authors outline a procedure that reduces the computational burden in identifying outage
location by reducing the search space according to time series metering information. They then perform
an automated voltage profile analysis using a Monte-Carlo algorithm. This method of predicting the
outage location and then refining it with further analysis is well aligned with both today’s utility
practices and the feed-forward architecture.

In fact, it seems that some of the more advanced machine learning research could benefit from similarly
narrowing their algorithmic solution domain. The authors of [4] present a modified Q-learning method
that simultaneously restores service and manages load under stressed grid conditions. The authors point
out that one disadvantage of the solution is that “the utility should have complete information for the
grid”. That documented disadvantage, the computational burden, and ultimately the time to run the
solution could benefit from an architecture more reliant upon a prediction engine to narrow the scope of
analysis.

Asset Management

Reference [20] focuses on a long-term asset health framework, building a machine learning algorithm
to “construct a predictive model to determine the effect of weather events on network transformer
longevity.” A feed-forward approach to this capability would transition the model from evaluating
transformer likelihood to survive a given time frame to a prediction engine evaluating asset failure
likelihoods given a particular set of near-future weather conditions. Such conditions may include an
approaching hurricane, or extreme cold/hot. A dynamic understanding of asset performance under
extreme weather conditions could help operators to more quickly locate and isolate failed equipment by
narrowing the list of likely problem areas.

The feed-forward architecture for asset management does not just build upon weather events, it would
also include asset management approaches when identifying and recommending switching procedures.
Just as with today, when ADMSs evaluate thermal and other limits for distribution switching
configurations, the feed-forward architecture would consider the lifespan of the assets prior to executing
a new topology.

CONCLUSION

The work presented here identified machine learning research applied to advanced applications of an
ADMS. Each research project contributed to a growing set of available, improved methods for
integration within utility practices. Among other reasons, the overwhelming nature of the continuously



growing body of machine learning options available has led to the slow adoption of these solutions in
the marketplace. Within this paper, a framework through which to evaluate new machine learning
solutions has been presented. The feed-forward prediction paradigm is usually applied within the pursuit
of strong artificial intelligence — machines capable of healing themselves and being self-aware. Certain
advocates share similar ambitions for the electric power system. By evaluating new research with a lens
towards how it integrates with a feed-forward paradigm, practitioners will be able to both simplify the
body of research and identify the clear goal of improved foresight, which underpins most decisions and
is capable of making a difference in utility operational efficiency.

This framework borrows from existing research and certain portions have already been applied
successfully to some use cases. Just as with other frameworks, its usefulness will be apparent when
applied to a replicable demonstration project, one that perhaps tests the edges of what is possible.

One of the goals of the framework is to elevate the machine learning literacy and vocabulary of the
utility workforce. The research and models discussed herein contain complex mathematical models that
attempt to more effectively do relatively simple jobs, such as identifying the failed equipment causing
an outage. Improving the collective understanding of machine learning in an industry starts with
effective communication of the solution but is assisted by the framework presented herein. In order to
understand something complex, it’s helpful to break it into smaller bites.
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