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Abstract— Microgrids formed by a network of power sources
and power consumers yield significant advantages over the con-
ventional power grid including proximity of power consumption
to power generation, distributed generation, resiliency against
wide area blackouts and ease of incorporation of renewable
energy sources. On the other hand, unlike the conventional
grid, microgrids are compliant where a single load or a single
generation unit can often form a significant fraction of the total
generation capacity. Here large excursions from the nominal
operating conditions are possible motivating the need for safety
mechanisms which isolate power electronic equipment from
damage. Breakers serve the purpose of protecting equipment
from surge conditions by shutting off, for example, generation
units. However in microgrids, a loss of a single generation
unit can have catastrophic impact on the viability of the
entire system. Here settings on breakers cannot be chosen
too conservatively to protect the equipment at the expense of
system viability or too liberally which will result in equipment
damage. The ensuing problem of striking a suitable compromise
tends to be combinatoric in nature due to numerous states of
breakers which is further exacerbated by an uncertain load
profile and nonlinear nature of system dynamics. In this article
we provide a methodology to determine current thresholds and
guard times, the time interval when current is allowed to exceed
threshold value, for each inverter for fail-safe operation of
microgrid. We employ a machine learning approach to address
the problem where we first demonstrate that conventional
support vector machine (SVM) methodology does not yield
a satisfactory solution. We then develop a one-sided SVM
method and generalize it to yield nonlinear support boundaries
which captures the need for fail-safe operation against system
blackouts while protecting equipment. A simulation engine is
developed to model a real microgrid which is used to generate
data for assessing and guiding our approach.

I. INTRODUCTION

In the recent past a confluence of factors has occurred
which will revolutionize the way in which energy is sourced,
distributed and consumed. An enabling impetus that is
changing the energy infrastructure is the rapid advance of
the power electronics area which facilitates sophisticated
means of controlling and managing flow of power. Another
challenge to the conventional power grid is posed by the
emphasis being laid on renewable sources of energy which
lessen environmental concerns and can be generated in a
distributed manner, often at the site of power consumption.
Distributed generation provides the advantages of resiliency,
modularity and proximity between the sources of power
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and its consumption. A key framework for future means of
managing energy is provided by microgrids; small networks
(relative to the conventional power grid) formed by power
generation units and power consuming devices.

Microgrids differ from the conventional grid in significant
ways. The conventional grid has a centralized architecture
and has significant inertia which ensures that voltage and
frequency remain tightly regulated and thus the deviation
of operating parameters from the nominal values remains
small. In contrast microgrids when not connected to the con-
ventional grid are significantly more compliant where large
excursion from the nominal and desired behavior is possible.
In microgrids it is often the case that power generation
capacity is close to power consumption needs, where a single
load or generation unit can form a considerable fraction
of the total capacity. Here, loads or generation units being
switched on or off can lead to large transient response. Thus
in microgrids it becomes crucial to introduce mechanisms,
such as breakers, to safeguard equipment and switch them off
when necessary to avoid damage due to overload conditions.
However, breakers’ settings can have significant influence
on the performance of the system as a whole. Here, an
examination of similar issues in the conventional grid can
provide useful insights.

The conventional power grid is a complex system of many
individual subsystems. It employs protective relays to isolate
subsystems from the entire grid and to shut them off when
needed. However, relays utilized to protect components can
often be the cause of blackouts. The opening of a relay,
which might be justifiable at the local scale can lead to a
rapid cascade of failures that result in a large geographic
area losing power. Considerable focus has been placed on
mitigating the adverse effects of relays where if the settings
are too conservatively placed to protect the equipment, the
system viability is compromised. The conservative usage
of conventional relays can be relaxed using smart relays
which incorporate knowledge of the system learned from
data. For example, in [1] adaptive relays are presented
which are capable of differentiating between normal and fault
conditions. These adaptive relays minimize the probability of
large-scale blackouts.

Issues relating to protective relays in the conventional grid
have parallels in the microgrid. A key component of the
microgrid framework are inverters which are power elec-
tronic devices that condition power. It is typical to include
mechanisms (for example, breakers) that switch the inverter
off if currents exceed imposed thresholds. Moreover break-
ers are configured to tolerate excursion from the imposed
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threshold for a limited time which is termed guard time
in this article. Thus a breaker trips only if the threshold
is violated throughout a guard-time interval. Evidently low
threshold values and small guard-times are beneficial for the
safety of the inverter. However, aggressive choice of these
parameters can lead to unacceptable system performance
with the probability of blackouts being higher.

A blackout condition caused by a cascade of breakers
tripping is a complex phenomena which can be caused in
a multitude of ways. The sequence of trip events depends on
the threshold values and guard times placed on each inverter,
the load profile over the time horizon of concern and the
power generating capacities of the associated inverter units.
Moreover tripping is often caused by transient conditions in
the highly interconnected system with loads which are often
time-varying and nonlinear. Here the transient behavior is in-
tractably hard to model quantitatively. Thus the combinatoric
nature of possible causes, the stochasticity of the load profile
and power generation capacity (for example, due to changing
availability of power from the sun in a PV source) and the
nonlinear and time-varying nature of the system makes it
hard to arrive at a rational choice of breaker threshold values
and corresponding guard-times via conventional analytical
means.

Methods based on machine learning can play an impor-
tant role in providing viable settings for breakers. Such
approaches are available to address issues that arise in the
conventional grid. In [2], machine learning based methods
are developed to assist in prioritization of repair and mainte-
nance tasks. In [3], in the conventional grid setting machine
learning methods are developed to deal with temporal aspects
that arise in the context of power reliability.

In this article the problem of ascertaining the threshold
values and the associated guard-times of inverters that are
sourcing power to a shared load is studied in a microgrid
setting. It is shown that using a machine learning framework,
the function which maps the threshold values and guard-
times to the status of inverters being on and off can be
learned. Such a function can then be used to provide a non-
conservative choice of breaker parameters that decrease the
probability of blackouts. Since the breaker parameters are
critical to functioning of the microgrid, the learning should
be such that the number of parameters wrongly identified as
safe (when in actuality they may lead to microgrid failure)
is very small. Equivalently, the false positive rate (FPR),
that is, the number of outcomes predicted positive when
observed data shows they are negative should be small. We
first present the standard support vector machine (SVM) and
its relaxation that admits feasible solutions for larger class
of scenarios. The relaxed problem remains inadequate in
reflecting the concerns of cascading failure where very small
FPR values need to be emphasized. The article formulates
a one-sided SVM which severely penalizes false positives.
The one-sided SVM results in higher true positive rates
(TPR, the ratio of the number of correctly predicted positive
outcomes to the number of observed positive outcomes) than
standard SVM for small FPR values. The dual formulation

of the one-sided SVM with kernels is also considered,
admitting nonlinear support boundaries which result in better
accuracy (percentage of correctly predicted outcomes) and
performance in terms of TPR. The article also provides a
simulation framework that is made specific for the design of
microgrids formed for residential purposes.

II. SYSTEM AND PROBLEM DESCRIPTION

In this section, a model of a real microgrid is presented
(see Figure 2). The data used by the machine learning algo-
rithms proposed in this paper are obtained using a simulation
engine based on this model. This simulation engine employs
high-fidelity models of inverters and loads, and droop-based
control architectures [4]. The simulation models and control
architecture described in this section are not the goals of
this paper; they provide the context under which the data for
machine learning is obtained and emphasize the details of
the microgrid that the model captures. It is to be noted that
even though the study is focused on a specific microgrid the
framework being developed is applicable for broader class
of microgrids.

A microgrid comprises multiple power sources, multiple
loads that consume power, power electronic devices (such
as inverters), and controllers (see Figure 2). The power
generated from various sources is conditioned (and shared)
by inverters that provide and distribute power to the loads
consistent with requirements of the load. For instance an
inverter whose input is provided by a DC power source
can output an AC current through appropriate control at a
fast time scale of related electronics. After averaging the
fast time scale dynamics, an inverter can be modeled as
a controllable voltage source, vinv, with an inductor and
a capacitor as shown in Figure 1 [5]. A control system
manages power sharing and voltage regulation at the outputs
of the inverters as different loads come on or go off the grid.
More specifically, the control system can feedback measured
signals such as inductor current, inverter output voltage and
current for determining the switching control (or equivalently
the vinv in the averaged model).

In the microgrid considered in this paper, two power
sources provide energy to a shared load where the power flow
is conditioned by inverters. For each inverter the operation
is realized using standard PWM based operation based on
high bandwidth periodic switching which admits the average
model described by Figure 1 [5]. It is assumed for each

Fig. 1. Averaged model of a single inverter with a linear load Z.

inverter that the inverter output current i, inductor current
iL and inverter output voltage v are measured variables. The
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Fig. 2. (a) Schematic describing the system shows the outer-control loop.
The loads being serviced are a dryer, washer, water heater and lights.

control system for each inverter consists of an outer-control
loop that implements the voltage-active power droop law to
generate a reference vlref,k where

vlref,k = [E∗ − nk(Pk − P ∗k )] sinω0t (1)

where E∗ is set to 120
√
2, ω0 = 2πf0 with f0 = 60Hz, P ∗k

is the setpoint active power to be sourced by the inverter, Pk
is the actual power being delivered by the inverter and nk is
the droop coefficient which dictates the change in the voltage
magnitude desired for a given error Pk −P ∗k (see Figure 2).
The inner control loop generates the reference voltage vr,k
to be tracked by the kth inverter given by

vr,k = vlref,k − Zvik (2)

where Zv is the virtual resistance [4]. The reference voltage
vr,k is tracked using a inner voltage and current controller
(see Figure 3). Note that the reference voltage vr,k is tracked

Fig. 3. The inner-control loop for voltage regulation where a virtual
resistance is incorporated.

using a inner-control current loop. Here, the output voltage is
compared with the reference vr,k which is used to generate a
reference current iref,k to be tracked by the current controller
Kcur. The tracking of the voltage reference via a current
controller allows for placing safety measures to limit unsafe
magnitudes of iref . Furthermore, to safeguard the inverters
from damage, if the rms of the kth inverter inductor current,
iL,k crosses a specified threshold ith,k and remains above the
threshold for a specified guard-time tg,k then the kth inverter
is shut down.

The loads consist of a washer, dryer, water heater (rated
at 1.7 KW) and lights (rated at 1.3 KW). Washer and dryer
pose load profiles which vary with time. The models used for
washer and dryer are representative of the behavior of generic
washer and dryers and are realistic. The total commanded
generation is 4 KW with one inverter sourcing 1 KW while

the other sources 3 KW. In the setup above the choice of
(ith,1, tg,1) and (ith,2, tg,2) has a significant influence on the
overall viability of the system for a demanding load profile.
Aggressive choices of (ith,1, tg,1) and (ith,2, tg,2) motivated
by objectives of protecting devices can lead to unacceptable
probability of blackout, whereas, on the other hand large
values can damage the inverters.

We consider the following functions to provide a guidance
on the choice of the breaker settings. The function f0 :
R4 → {−1, 1} which takes the input (ith,1, tg,1, ith,2, tg,2)
and provides an output s where s = 1 implies that at least
one inverter remains operational and s = −1 implies that
both inverters have shut down. Similarly f1 : R4 → {−1, 1}
represents the survivability of inverter 1 where the input
remains the same as for f0 and the output is 1 if inverter
1 remains operational else the output is −1; f2 is defined
similar to f1 to describe the survivability of inverter 2.

Remark 1: Note that occurrence of a blackout (where all
inverters shut down) in a microgrid depends on a complex
interaction of many factors of which ith,1, tg,1, ith,2, tg,2
forms only a small subset. These factors include dynamics of
loads, the on-and-off time schedules of loads, the controller
architecture, and power commanded from each inverter. The
framework for learning functions fk (k = 0, 1 and 2) has to
consolidate the variability of factors not provided as inputs
to fk.

III. MACHINE LEARNING MODEL

In the following a machine learning approach is taken to
learn the functions f0, f1 and f2. This approach is appealing
as it makes few assumptions on the underlying system—
in particular, we do not attempt to model the complex
time-varying and nonlinear switched dynamics that describe
the microgrid comprising the inverters, the loads, and the
control system. We also make limited assumptions on the
load schedule which in practice is controlled by the user of
the microgrid who expects faultless operation. Our approach
learns the function fk (k = 0, 1, 2) from test data and in
the large sample limit will converge to the true underlying
function, subject to weak smoothness constraints on fk [6].

We first formulate the problem in the classification frame-
work; the feature set x and predicted outcome y respectively
refer to the input and the output of the function fk to
be learned. A labeled example is a tuple consisting of a
feature set xi and the corresponding observed outcome yi.
In the standard setting, given a set of n labeled examples
(xi, yi) for i = 1, . . . , n with xi ∈ Rp and yi ∈ {−1, 1},
the classification problem seeks f(xi) which minimizes a
composite objective including the empirical loss between
f(xi) and yi and structural penalties on f . For each k ∈
{0, 1, 2}, we aim at solving a classification problem to obtain
fk.

We first consider the standard support vector machine
(SVM) [7] for solving the classification problem; SVMs are
appealing because they have a natural geometric interpreta-
tion which we adapt to our problem and because they yield
efficient algorithms for learning nonlinear functions through
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Fig. 4. Example of method on synthetic data with linear SVM (left), one-sided SVM (center) and one-sided SVM with RBF kernel (right).

dual formulation and kernels. The result of a basic SVM is a
hyperplane that separates positive examples (where features
xi lead to outcome yi = 1) and negative examples (where
features xi lead to outcome yi = −1). The basic SVM
seeks the optimal hyperplane separating positive and negative
examples by solving the convex optimization problem

minimize
w,b

1

2
‖w‖2

subject to yi(w
Txi − b) ≥ 1, 1 ≤ i ≤ n,

(3)

where the learned parameters w ∈ Rp and b ∈ R determine
a hyperplane in p dimensions. In the above setting the
constraint yi(wTxi − b) ≥ 1 characterizes two conditions

(wTxi − b) ≥ 1 for all (xi, yi) with yi = 1
(wTxi − b) ≤ −1 for all (xi, yi) with yi = −1;

thus the condition yi(wTxi−b) ≥ 1 forces the features corre-
sponding to positive and negative examples respectively to lie
on one side of the hyperplane Ha given by wTx−b = 1 and
the opposite side of the hyperplane Hb given by wTx− b =
−1. The distance between these parallel hyperplanes is given
by 2/‖w‖; this distance is maximized (or equivalently ‖w‖2
is minimized) to find the maximum margin classifier which
is the unique solution to the SVM optimization problem.
Assuming that the examples are linearly separable—a set of
labeled examples is linearly separable if there exists (w, b)
such that yi(wTxi − b) ≥ 1 for all examples in the set—the
resulting function is given by

f(x) = sign((w?)Tx− b?) (4)

where (w?, b?) is the solution to (3).
In general, labeled examples are not linearly separable

which renders problem (3) infeasible; the standard approach
to overcome this issue is to introduce slack variables ξi which
allow for the possibility of misclassification of ith example.

The resulting optimization problem is given by

minimize
w,b,ξi

1

2
‖w‖2 + C

n∑
i=1

ξi

subject to yi(w
Txi − b) ≥ 1− ξi, 1 ≤ i ≤ n

ξi ≥ 0,

(5)

where ξi > 0 indicates that example i was misclassified
which is penalized in the objective function with weight C.
For our case, problem formulation (5) is still not adequate,
which we illustrate as follows. Note that in view of Remark
1, it is possible to have labeled examples (xi, yi) and (xj , yj)
such that xi = xj and yi 6= yj . That is, for the same feature
set it is possible to have a blackout outcome for one load
schedule and no-blackout outcome for another load schedule.
The ratio ρs of blackout to no-blackout outcomes for a given
feature set xs is fixed by the true distribution of the load
schedule. Now suppose a function f0 is learnt such that
f0(xs) = −1 (that is predicted outcome of xs is a blackout),
then the proportion of correctly predicted outcomes by f0 to
all the outcomes for examples that have xs as feature set is
ρs; no extra data will improve the performance better than
ρs. Furthermore (5) places equal emphasis on positive and
negative examples. These issues can be addressed either by
improving the classifier (e.g. by extending the feature set
to include more comprehensive information, such as load
schedules) or by modifying the classification approach to
produce more desirable results for our specific application
of preventing blackouts. In the sequel we consider the latter
as (in general) producing perfect classifications for complex
systems is intractable.

Specifically, since choice of current threshold and guard
time parameters are critical to ensure failsafe operation
of the microgrid, it is necessary that classification scheme
selects parameters that have no failures (no negatives) over
all observed data. Ideally the classification scheme should
not characterize any parameter set as safe if it leads to a
negative outcome even for one specific schedule of loads.
In this aspect, the standard classification criterion described
in (5) is lacking since it does not emphasize exclusion
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of negative examples. Accordingly, we adapt the SVM by
adding a constraint that ensures such exclusion by posing
the following optimization problem,

minimize
w,b,ξi

1

2
‖w‖2 + C

n∑
i=1

ξi

subject to yi(w
Txi − b) ≥ 1− ξi, 1 ≤ i ≤ n

ξi ≥ 0

ξi ≤ 1 for i ∈ N ,

(6)

where N denotes the set of negative examples; this new
formulation, the one-sided SVM, ensures through the added
constraint ξi ≤ 1 that the resulting classifier in (4) will label
all negative training examples correctly. Analogous to the
standard SVM, additional benefits are gained by considering
the dual formulation

Theorem 1: The dual problem to (6) is given by

maximize
α

n∑
i=1

min(αi, C)−
1

2

∑
i,j

αiαjyiyjx
T
i xj

subject to αi ≥ 0

αi ≤ C for i ∈ P
n∑
i=1

yiαi = 0

(7)

where P denotes the set of positive examples.
Proof: see Appendix for proof

The dual formulation above is appealing for two reasons:
first, it allows us to apply computationally efficient algo-
rithms (e.g. sequential minimal optimization [8]); second,
it allows us to consider nonlinear classification functions.
Indeed the classifier that results from problem (6) is restricted
to be linear with the number of parameters determined by
the dimension p of the feature set. Specifically, the separating
hyperplanes defined by w and b constitute p+1 (equal to five
in our case) unknown parameters. Better fitting of data can
be accomplished by nonlinear classifiers. Consider a positive
definite kernel k(·, ·) : X ×X → R where X is the original
feature space. Given such a kernel, it can be shown that
there exists a mapping φ : X → Z where Z is an inner-
product space with an inner-product < ·, · > such that for
all elements x, x̃ in X , < φ(x), φ(x̃) >= k(x, x̃). In our
case the original features space is X = R4. The dimension
of Z can be much larger than that of X and possibly
infinite. The classification problem is now cast in the new
Hilbert space where hyperplanes are sought to separate the
positive examples from the negative examples. The resulting
optimization problem is described by (6) with xi replaced
by φ(xi) with the appropriate inner-product

minimize
w,b,ξi

1

2
‖w‖2 + C

n∑
i=1

ξi

subject to yi(< w,φ(xi) > −b) ≥ 1− ξi
ξi ≥ 0

ξi ≤ 1 for i ∈ N .

(8)

Even though problem (8) involves the mapping φ, we can
efficiently solve it by using the dual formulation

maximize
α

n∑
i=1

min(αi, C)−
1

2

∑
i,j

αiαjyiyjk(xi, xj)

subject to αi ≥ 0

αi ≤ C for i ∈ P
n∑
i=1

yiαi = 0

which is equivalent to the previous dual (7) except that it
depends on the features only through the kernel function
k(xi, xj). In addition, determining how the optimal hyper-
plane classifies x (more precisely φ(x)), does not require
knowledge of the map φ because the signed distance from
the optimal hyperplane determined by < w, φ(x) > and b
can be written in terms of < φ(x), φ(xi) > which in turn
is given by the known kernel k(x, xi). Indeed the following
can shown

Theorem 2: For the optimal solution (w?, b?) of (8), the
following hold true

< w?, φ(x) > =

m∑
i=1

αiyi < φ(xi), φ(x) >

b? =
1

|A|
∑
i∈A

[< w?, φ(xi) > −yi]
(9)

where A = {i : 0 < αi < C} denotes the set of support
vectors which lie on the interior of the [0, C] constraint. Thus,
given the optimal αi’s, we can compute the distance from the
hyperplane for any new example x with an expression that
depends only k(xi, x). In this article we use the Gaussian
radial basis function (RBF) kernel given by

k(x, x̃) = exp(−‖x− x̃‖2/2σ2) (10)

which is a standard choice for kernel support vector ma-
chines.

In Figure 4 we construct a simple example using the one-
sided SVM with kernels to learn a function on R2. First,
we classify the training examples using the standard linear
SVM—note that the separating hyperplane strikes a good
balance between misclassification of positive and negative
examples. Next, the one-sided SVM shifts this hyperplane so
that we have no misclassification of negative examples while
still attempting to classify the positive examples correctly. Fi-
nally, by using the RBF kernel, we find a nonlinear separator
which captures a greater number of positive examples while
still keeping the negative examples on one side.

IV. RESULTS AND DISCUSSION

In this section we examine the ability of our approach
to find safe parameter settings in the simulated microgrid
system described previously. We find that given enough
data, the model is able to find a set of parameters that
avoid cascading failures; we also compare the classification
performance of the one-sided SVM to that of the standard
SVM and show that on this classification task, our method
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Fig. 5. Example scenarios showing varying simulation conditions: washer
and dryer do not overlap (top), washer and dryer overlap in steady state
(middle) and washer and dryer overlap during the transient start up (bottom).

is better at minimizing the number of false positives while
still capturing a large percentage of the true positives.

We generate data by simulating our model assuming a
time horizon of T = 3 time units with varying load profiles
for a total of n = 5000 training examples. The electrical
signals reside primarily at 60Hz (time period of 16.7 ms)
and for long times (which can exceed 30 minutes) of normal
operation of washers and dryers not much new information
is obtained. To restrict undue and unwarranted computational
and simulation burden we run the simulation for scaled down
time units. In addition, when evaluating our methods we use
5-fold cross validation whereby we train the functions on 4/5
of the training examples and report classification results for
the held out 1/5. We repeat this procedure 5 times and report
error results that are the average over these 5 experiments.

In each simulation, we assume that the lights and the water
heater remain on throughout the time horizon and vary the
load by randomly choosing a start time for the washer and
dryer. In choosing the washer and dryer start times there
are three three possible scenarios, depicted in Figure 5—
since we want to emphasize the worst case scenarios for
stability, in 2/5 of the simulations sample the washer and
dryer and start times uniformly from [0.5, 0.55], in 2/5 from
[0.5, 0.7] and in 1/5 we choose the start times so they do not
overlap. In all scenarios the dryer and washer remain on for
1 time unit. Note that in each of these scenarios not only is
the steady state current demand varying depending on which
devices are on at a particular time, but also the instantaneous

TABLE I
COMPARISON OF CLASSIFICATION ALGORITHMS

SVM Accuracy TPR@95 TPR@99 TPR@99.9
Linear 90.78 86.58 72.45 56.48
Linear, OS 69.68 82.67 70.84 62.12
RBF Kernel 93.08 90.42 76.89 55.17
RBF Kernel, OS 82.28 87.82 80.35 68.47
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Fig. 6. Comparison of classifiers on the entire range over the entire ROC
curve (left) and focused on a low false positive rate (right).

current drawn is driven by transients from the loads and
the droop characteristic implemented by the inverters—all
characteristics typical of a microgrid environment. Finally, in
each simulated scenario we pick the parameter settings for
each inverter uniformly at random with current thresholds in
the range of [10, 50] for inverter 1, [18, 50] for inverter 2 and
time limits between [0.001, 0.04]. We record which scenarios
result in the failure of one or both of the inverters; our task
is to classify these parameters in order to identify parameter
settings that are stable under all load profiles.

The data generated was used to obtain solutions from four
optimization problems—the standard SVM (5) and one-sided
SVM (6) are used to learn a linear and nonlinear classifier
using the RBF kernel, with the kernel variants requiring
solving the dual form (e.g. (7)). In Table I we compare SVM-
based algorithms that classify the feature space in terms
of no-blackout and blackout outcomes (corresponding to
learning f0). Note that the one-sided SVM with RBF kernel
significantly outperforms the standard SVM approaches in
maximizing the true positive rate (TPR) at a given false
positive level. Here TPR refers to the fraction of no-blackout
outcomes that were correctly predicted, and FPR refers to the
fraction of blackout outcomes that were incorrectly predicted
(as not blackout). As was described in the previous section,
the one-sided SVM places larger emphasis on the negative
examples which leads to lower a number of false positives
at the expense of overall classification accuracy. For our
application, ensuring viability of the electrical system is
strongly desired as we would like to prevent cascading
failures and microgrid collapse as much as possible. We see
this tradeoff in Figure 6 which shows that the one-sided SVM
achieves better performance on false positive rates less than
3% at the expense of performance on the rest of the curve.

We present results on safe parameter regions for each
inverter (corresponding to learning f1 and f2) under differ-
ent scenarios in Figure 7. In our setting, the classification
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Fig. 7. Learned safe parameter regions for each inverter under different
scenarios. The top row shows safe parameters for inverter 1 when inverter 2
has thresholds (0.01, 10) (top left) and (0.05, 50) (top right). Bottom row,
vice versa.

function maps R4 → {−1, 1} and thus in order to visualize
this function we fix two of the parameters and consider
the classifier boundary as we vary the other two. The
top row corresponds to fixing the parameters for inverter
2, first with aggressive settings (0.01, 10) (top left) that
will typically lead to that inverter failing. In this scenario,
inverter 1 must source all of the current and thus the safe
parameter settings are much higher that those required when
inverter 2 has conservative settings (0.05, 50) (top right). On
the other hand, the situation depicted on the bottom row
for inverter 2 is qualitatively different: due to the power
sharing arrangement between the two inverters, it must be
responsible for a significant portion of the load even when
inverter 1 is fully operational. Thus even with low thresholds
and guard times for inverter 1, the separating boundary is
similar to the case where the inverter has high thresholds
and guard times.

The framework presented demarcates regions of safe
parameters and unsafe parameters. These regions can be
utilized by a micro-grid designer to arrive at breaker settings,
where, the designer can incorporate data on the rating
of the breaker while making decisions. Furthermore, the
TPR and FPR curves can guide the level of robustness
desired. Although the article has presented data from a two
inverter system, the algorithms presented are scalable to
more complex microgrids. Also, there are no restrictions on
the topology of the network of inverters assumed. The two
inverter system has the ease of presentation and can easily
communicate the central ideas which is one of the reasons
for the choice of this system.

The framework developed can be extended to expand
the feature set. For example, microgrids are envisioned to
have a communication layer, where controllers incorporating

measurement devices can collect measured signals. These
measurements can be added to the feature set which leads
to a rich class of problems which can possibly enable of
adaptation in real-time for microgrids.

V. CONCLUSIONS

In this paper, we developed a machine-learning based
framework for designing system parameters in power net-
works. In particular, we used this framework to design
breaker parameters - current threshold and guard time, in
a microgrid setting. It was seen that this approach is partic-
ularly relevant given the complexity of underlying dynamics
in such a network, stochasticity of load schedules and
combinatorial aspect in the sequence at which different loads
are turned on or off, which make it impossible to deduce
from dynamical analysis of the network. The proposed
learning approach is scalable with the number of inverters
and loads and can easily incorporate experimental data as
well as simulation data; making the accuracy better with
more acquired data and therefore will become better with
time. We show that with enough data, the breaker parameters
can be learnt which will yield fail-safe operation (no cascade
failures) with very low false positive rates.
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