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Abstract: Uncertainties are the most significant challenges in the smart power system, necessitating
the use of precise techniques to deal with them properly. Such problems could be effectively solved
using a probabilistic optimization strategy. It is further divided into stochastic, robust, distributionally
robust, and chance-constrained optimizations. The topics of probabilistic optimization in smart power
systems are covered in this review paper. In order to account for uncertainty in optimization processes,
stochastic optimization is essential. Robust optimization is the most advanced approach to optimize
a system under uncertainty, in which a deterministic, set-based uncertainty model is used instead of
a stochastic one. The computational complexity of stochastic programming and the conservativeness
of robust optimization are both reduced by distributionally robust optimization.Chance constrained
algorithms help in solving the constraints optimization problems, where finite probability get violated.
This review paper discusses microgrid and home energy management, demand-side management,
unit commitment, microgrid integration, and economic dispatch as examples of applications of these
techniques in smart power systems. Probabilistic mathematical models of different scenarios, for
which deterministic approaches have been used in the literature, are also presented. Future research
directions in a variety of smart power system domains are also presented.

Keywords: probabilistic optimization; stochastic optimization; robust optimization; distributional
robust optimization; chance constrained optimization; energy management; smart grid

1. Introduction

Energy demand is expanding in lockstep with global population expansion, resulting
in a supply-demand mismatch. Increased generation capacity or load reduction can help
close the demand-supply imbalance. Increased generation capacity is possible through
the use of fossil fuels, which are costly and pollutant [1]. Enhancing generation capacity
through the integration of renewable energy resources into the smart power system is
beneficial. Load curtailment creates user displeasure, which can be mitigated by imple-
menting appropriate demand-side policies. The integration of renewable energy supplies
and variable load introduces a number of risks into the smart power system that must be
handled. This article discusses uncertainty in a variety of sectors related to smart power
systems. This is explained in greater detail below.

1.1. Smart Power System

Conventional grid electrical power is sent unidirectionally from a central power station
to remote users. In 2000, a smart power system concept was established with the primary
goal of integrating two-way communication into the infrastructure of a standard grid
system. From the generating station to the consumers, a smart power system integrates
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communication and information technology [2,3]. Consumers receive safe, robust, and high-
quality power from a smart power system [4-6]. To transform a traditional grid into a smart
power system, a scalable yet robust communication architecture is necessary [7]. In an
electrical power system, the grid is composed of multiple energy generating, transmission,
distribution, and control elements. The smart power system intelligently organizes and
connects the traditional grid’s elements previously stated [8-10].

In a smart power system, generating stations serve as the primary unit. Energy from
renewable sources is required for new power plants since fossil fuels are becoming depleted
and have other negative effects on the environment. Solar and wind energy have unpre-
dictable output power since they are weather-dependent; as a result, the operation of smart
power systems is affected as mentioned in [11-13]. Electrical power supply relies heavily
on transmission systems because generating units are located distant from the end-users of
the electricity. Climate change has a direct impact on the transmission system, resulting in
issues such as wind and temperature stress. These uncertainties have a significant impact
on the transmission system’s performance and life expectancy [14].

Intelligent distribution systems are a critical component of a smart power system. It
is composed of a variety of sensors and smart sensing mechanisms, as well as a sensor
network that includes smart metres, distribution transformer management, and monitor-
ing. Due to the usage of these sensors, a smart grid can monitor the health of the grid in
real time and utilize the data to operate the grid in a reliable, secure, and stable manner,
while also reducing costs and increasing energy efficiency. Sensors and actuators play
a critical role in the energy management of smart power systems in this context [15,16].
Employing sensors for real-time monitoring helps to deal with the power management
of distributed energy resources, such as distributed generators (DGs) [17] and electric
vehicles [18], as well as to improve the smart grid’s reliability as it makes the integration of
renewable energy resources much more convenient and improves both the efficiency and
reliability of smart power system [19,20]. Due to the integration of distributed generation,
the smart distribution system is unpredictable. It may have uncertainty due to the fault
resistance, the magnitude and model of the load, the faulted node, and the type of fault [21].

Energy management is a critical component of the advancement of smart power sys-
tems. It is applicable to a variety of smart power system domains, including microgrids,
smart homes, and demand side management. Due to the unpredictable behaviour of
renewable energy resources and loads, energy management challenges face an uncertainty
challenge [22]. The complexity of unit commitment and economic dispatch problems
increases with the inclusion of uncertainties [23,24]. It is necessary to investigate proba-
bilistic optimization in order to formulate the influence of various types of uncertainty in
intelligent power systems.

1.2. Related Work and Contributions

Numerous survey papers from the literature have been meticulously analysed and
summarizedfor comparison in this review paper, as indicated in Table 1. In [25], the authors
discussed stochastic optimization and offered architectures and solution techniques for
single and multistage stochastic optimization. The architecture of stochastic and chance
restricted optimization is demonstrated in [26]. Additionally, applications of stochastic and
chance constrained optimization in a variety of industries have been summarized, including
banking, transportation, telecommunications, and manufacturing. The [27] discusses
stochastic and chance constrained optimization for intelligent power systems. Additionally,
the authors addressed many variants of the above-mentioned optimization techniques’
objective function and architecture. The authors of [28] described the architecture of robust
optimization and highlighted its applications in a variety of fields, including structural
design, circuit design, and wireless channel design. In [29] discusses the architecture and
solution strategies for robust optimization. The authors discussed distributionally robust
optimization, its architecture, and categorization of ambiguity sets in [30]. In [31], they
discussed the design of single and two stage chance constrained optimization. This review
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paper differs from the survey papers that are already available in the literature in a number
of ways, which are detailed below.

* It gives a complete review of stochastic, robust, distributionally robust, and chance
restricted optimization in the domain of smart power systems in a single survey study.

* An overview of numerous probabilistic optimization strategies, including their tax-
onomy, application examples, and solution algorithms is included in this survey
study.

*  Probabilistic mathematical models for various scenarios that can be used as a reference
models in the field of smart power system have been developed.

Table 1. Summary of Related Survey Papers.

Ref. SO RO DRO CC AR TN OF SA Smart Power System
[25] v v v

[26] v v v

[27] v v v v v

[28] v v

[29] v v v

[30] v v

[31] v oV v
Our Review Paper v v v v v v v v v

1.3. Organization of the Paper

This paper is organized as follows: Section 1 introduces the smart power system, its
elements and related research contribution, while Section 2 covers the architecture and
taxonomy of probabilistic optimization. Applications, objectives and solution algorithms
of probabilistic optimization in various domains of smart power system are discussed
in Section 3. Section 4 furnishes probabilistic mathematical models of various scenarios
in smart power system. Then, future research directions and new challenges are dis-
cussed in Section 5, whereas Section 6 provides a brief summary of the whole article with
concluding remarks.

2. Probabilistic Optimization

Stochastic programming is used to solve optimization problems in which the majority
of the parameters are probabilistic [32]. Probabilistic optimization can make efficient use of
information, both in terms of selecting evaluation points and the message they convey. It
can handle many sorts of noise and adapts to various aspects of optimization issues. Unlike
deterministic optimization, probabilistic optimization techniques discover the best solution
for data with randomness [33]. As indicated in Figure 1, there are multiple probabilistic
optimization categories: stochastic optimization, robust optimization, distributionally
robust optimization, and chance-constrained optimization.
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Stochastic Optimization

Optimization

Chance Constraints
Optimization

—{ Robust Optimization ]
Grobabilistic Optimizatioa—
( Distributionally Robust]

Figure 1. Classification of probabilistic optimization.

2.1. Stochastic Optimization

Stochastic optimization is critical for addressing uncertainty in optimization problems.
Due to computing problems, uncertainty is typically disregarded in classical optimization,
but breakthroughs in computational techniques now allow for the efficient handling of
uncertainties [34]. Stochastic optimization is concerned with strategies for minimising
or optimising an uncertain objective function. In contrast to deterministic optimization
issues, stochastic optimization problems do not have a single solution. To solve the issue
tractably, structural assumptions such as a constraint on the size of the choice variables,
the result space, or convexity are required [35]. Traditionally, stochastic optimization
modeled uncertainties as random variables with well-defined distributions [36].

2.1.1. Architecture of Stochastic Optimization

The objective function is typically optimized over the expected value of the uncertain
parameters for the formulation of stochastic programming, as shown in Equation (1). Where
x is the decision variable that belongs to set X, E, is the expected value of the random
variable ¢. Stochastic optimization is graphically represented in part a of Figure 2, where
P is the probability distribution of random variable ¢. An exact distribution is required
for the uncertainties, which cannot be estimated with the empirical data accurately [37].
Either all scenarios or scenarios with probability guarantees are feasible for the modeled
solution. In stochastic optimization, sample-based techniques are commonly utilizeddue to
the difficulty of obtaining the correct distribution of random variables. A greater sample
size is utilizedto get higher probability guarantees, increasing computing complexity [34].

inf Ep{f(x,8)}

st xe X

)

The probability distribution determines the level of uncertainty in stochastic opti-
mization. In basic scenarios, uncertainty is well known, but in practise, it is only partially
unknown. The accuracy of stochastic optimization is influenced by the model specifics
and availability of possible scenarios. If a stochastic framework is used for all scenar-
ios, the problem becomes more difficult. A trade-off between number of scenarios and,
computing time, and complexity is required [34].
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Stochastic Optimization Robust Optimization
inf Ep{f(x,{)} FeP inf sup f(x,8)
Yoreu
st xe X st xeX
cel
(a) (b)
Distributionally Robust Chance Constrained
Optimization Optimization P[(x,&)] > p
infsup Ep[f(x,¢)] el
PeD PeD
stxe X
(c) (d) 4

Figure 2. Graphical comparison of: (a) stochastic optimization; (b) robust optimization; (c) distributionally
robust optimization; (d) chance constrained optimization.

2.1.2. Taxonomy of Stochastic Optimization

Stochastic optimization can be categorized into single stage problems and recourse
problems. The recourse problems can be further classified into two stage and multistage
problems as shown Figure 3 [25]. In single stage problems, a single but optimal decision is
obtained where in recourse optimization problems, it is essential to know the probability
distribution of the random variable in the first step, where the second step (correction of
that decision) is being performed. In the two stage stochastic optimization the decision
maker must make judgments in two stages (at two distinct times) for a given phenomenon
with uncertainty. The first stage choice is critical since it must be made based on some
random factors gleaned from previous experience or a survey.

Two-stage stochastic optimization problems may have fixed recourse or complete
recourse. In case of fixed recourse, the first stage is prediction stage where in second-stage,
fixed decision is done based on the results of the experiment [38]. Two-stage stochastic
optimization problems will be considered as a complete recourse if, for every scenario,
there always exists a viable second solution [33]. Multistage stochastic programming is an
extension of two stage stochastic programming to the sequential realization of uncertainty.
Majority of the real time problems lies in the domain of multistage stochastic optimization
which entail a series of decisions in response to changing outcomes over time [35].

Stochastic Optimization

v v
Single Stage ‘ Recourse Problems
Problems |

Y Y

Two-Stage Multistage

Problems Problems
|
v v
Fixed Complete
Recourse Recourse

Figure 3. Taxonomy of stochastic optimization.
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2.2. Robust Optimization

Robust optimization is a relatively new technique for optimising in the presence of
uncertainty. Rather than using a stochastic model, it uses a deterministic, set-based un-
certainty model. The robust optimization solution is valid for any specification of the
uncertainty in a given set. The reason for robust optimization is that it accounts for both
set-based uncertainty and computational tractability [28]. Robust optimization and the
respective computational tools deal with optimization problems in which the information
are indeterminate and belong to some set of uncertainty [39]. Robust optimization ensures
that the worst-case scenario is realized, ensuring that the solution is both practical and
optimal for a given set of uncertainties. Robust optimization is not chosen in some applica-
tions due to its conservative nature, however it is used in the power industry to preserve
reliability. Robust optimization necessitates a considerable amount of knowledge about the
uncertainty, such as its size and range [34].

2.2.1. Architecture of Robust Optimization

Robust optimization is a realization of worst-case parameters that belong to the uncer-
tainty set. Worst case realization of robust optimization sometimes becomes unrealistic in
practice [37]. The architecture of robust optimization is available in Equation (2), where
x is the decision variable that belongs to set X, ¢ is a random variable belonging to the
uncertainty set U. Robust optimization can be graphically represented as shown in part b
of Figure 2.

inf sup f(x,¢)
" geu @)

st xeX

2.2.2. Taxonomy of Robust Optimization

Robust optimization can be categorized as shown in Figure 4, and is discussed as follows.

Robust Optimization
I

] [ [ ¥ ¥
Strict C?r:gtl:]aa::teti Adjustable Regret Recoverable
Robustness Robustness Robustness Robustness
Robustness

Light Robustness

Figure 4. Taxonomy of robust optimization.

*  Strict robustness: This optimization type is sometimes known as classic robust opti-
mization, min-max optimization, absolute deviation, one-stage robustness, or simply
robust optimization. It is treated, as the fundamental starting point in the area of
robustness. A solution x is called strictly robust if it is feasible for all possible scenarios
of uncertainty set U [40].

*  Cardinality constrained Robustness: In cardinality constrained robustness, reduction
in uncertainty’s space can relax strictness in robust optimization. Analyzing the
worst-case scenario in robust optimization, it is improbable that all the uncertainty
set parameters will change simultaneously. Hence, it restricts uncertainty space by
varying some parameters while considering fixed values for the remaining [41].

*  Adjustable robustness: In adjustable robustness, the uncertainty space of strict robust-
ness gets relaxed by dividing uncertainty space into groups of variables such as here
and now and wait-and-see. Variables from the here and now group must be evaluated



Energies 2022, 15, 825

7 of 39

before the scenario ¢ € U is determined where variables from the wait-and-see group
can be determined once the scenario ¢ is known [42].

e Light robustness:In light robustness, relaxing the constraints in terms of quality can
reduce the strictness of the robust optimization, rather than reducing the space of
uncertainty. Light robustness develops a trade-off between quality and robustness of
the solution [43].

*  Regret robustness: In regret robustness, the objective function relaxes the problem.
Rather than to minimize the worst case performance of the solution, regret robustness
reduces the difference of objective function having the best solution and the objective
function that would have been possible in a scenario [44].

*  Recoverable robustness: Concept of recovery algorithm gets exploited in recoverable
robustness and family of recovery algorithms which is represented by B. It provides
the solution in two stages, such as adjustable robustness. A solution x is called recovery
robust with respect to recovery algorithm A if for any probable situation ¢ € U an
algorithm A € B exist such that when A is applied to the solution x and the scenario ¢
makes a solution A(x; &) € F(&) [45].

2.3. Distributionally Robust Optimization

Distributionally robust optimization, also known as min-max stochastic program-
ming, reduces the computational complexity of stochastic programming and conservative
nature of robust optimization. It turns up optimal decisions for the worst-case probability
distributions within a family of possible distributions, defined by specific characteristics
such as their support vector and moments information [36]. As compare to stochastic
programming, it is less dependent on the data having an exact probability distribution. Due
to the incorporation of probability distribution and concept of ambiguity sets, the result
becomes less conservative as compared to simple robust optimization [46].

2.3.1. Architecture of Distributionally Robust Optimization

A distributionally robust optimization or min—-max stochastic programming model
act as a bridge between robust and stochastic optimization. It usually takes the form,
as shown in Equation (3). where x is the decision variable that belongs to set X, P is the
probability distributions that belongs to an ambiguity set D, ¢ is the random variable,
and Ep is expected value of the random variable [37]. Distributionally robust optimization
can be graphically represented as shown in part ¢ of Figure 2. The random variable ¢
belongs to probability distribution P where P itself belongs to ambiguity set D.

irxlfsup Ep[f(x,¢)]
PeD (3)
stx e X

2.3.2. Taxonomy of Distributionally Robust Optimization

Various categories of distributionally robust optimization (DRO) are shown in Figure 5
and are discussed as follows. DRO is a strong modeling paradigm for optimization under
uncertainty that arises from the realization that the probability distribution of uncertain
parameters of the the problem is uncertain in-itself. As a result the concept of ambiguity
set arises which is defined as a set in which the modeler considers that the real distribution
of the uncertain parameters of problem has uncertainty. Naturally, the ambiguity set’s
creation is critical to DRO’s actual effectiveness. DRO can be classified on the basis of
characteristics and specifications of ambiguity set which are described as follows [47].

1.  Moment-based approach: The ambiguity set in moment based approach is the set of
all probability distributions whose moments satisfy certain constraints [48,49].

2. Dissimilarity-based approach: The ambiguity set in this case is the set of all probability
distributions whose dissimilarity to a nominal distribution is lower than or equal to a
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given value. In this category, the choice of the dissimilarity function leads to couple of
different variants which are as follows [47].

(a) Optimal-transport-based (OTP) approach: The authors in [50,51] applied
Wasserstein distance as a dissimilarity function which shows some nice statis-
tical convergence properties.

(b) ¢-Divergences based approach: This group consist of all those techniques
which uses ¢-divergences such as Kullback-Leibler divergence, as was de-
scribed in [52,53]. Approaches used in [54,55] are based on likelihood which
also belongs to this category.

Distributionally

Robust
Optimization
|
\J Y
Moment-Based Dissimilarity-

Approach Based Approach

|

\J Y

. Optimal-

Bd;;zgirge:::; Transport-Based
PP (OTP) Approach

Figure 5. Taxonomy of distributionally robust optimization.

2.4. Chance Constrained Optimization

Chance constrained optimization solves the problems having constraints, in which
finite probability get violated. As compared to conventional optimization problems, chance
constrained optimization problems face a challenge when inequality function is not avail-
able explicitly. Hence, no suitable algorithmic or theoretical properties are evident, such as
differentiation, continuity and concavity. A general solution method for chance constrained
programming does not exist, but it depends on the interaction of decision and random
variables in the constraint model [56].

2.4.1. Architecture of Chance Constrained Optimization

In general chance constrained optimization can be expressed as in inequality, as shown
in Equation (4), where it can be graphically represented as shown in part d of Figure 2:

P[h(x,&)] > p @)

In Equation (4), ¢ and x are random and decision vector, respectively, P is probability
measure, h(x,{) > 0 represents a finite system of inequalities. p € [0,1] is known as
probability level and is chosen by decision maker for safety requirements [56].

2.4.2. Taxonomy of Chance Constrained Optimization

Chance constrained optimization problems can be categorized based on constraints
involved as shown in Figure 6. It may have individual, joint, or mixed chance constrained.
In individual chance-constrained optimization problems, each element of the stochas-
tic inequality system is transformed into several chance constrained in a unique way
where in joint chance-constrained optimization problems, the probability is considered
over the stochastic inequality system as a whole. Chance constrained optimization in
Equation (4) can be expressed as an individual and joint chance-constrained, as shown
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in Equations (5) and (6), respectively, [56]. Mixed chance constrained optimization prob-
lems may comprize numerous multivariate chance constrained [57]. Individual chance
constrained are simple but unreliable compared to joint chance constrained; hence joint
chance constrained are used to guarantee the decision at a given probability level [56].

Plhj(x,8)] > 0> pi(j=1,2,3,...,m) ®)
Phj(x,8)] =20 (j=1,23,...,m) > p (6)

Based on the constraints involved in chance constrained optimization problems, it may
be linear random vector, separated random vector, coupled random vector, or decision
vector. Most important model of chance constrained system is linear random vector. Linear
random vector is shown in Equation (4) where the constraint & may adopt different form
such as expressed in Equations (7) and (8).

h(x,8) =g(x) —A-¢ @)
h(x,§) = A(Z)g(x) —b ®)

where A(¢) and A are stochastic and deterministic matrices, respectively, b is a con-
stant vector of suitable size, ¢ is the function of decision vector x, The model shown
in Equations (7) and (8) represents separated and coupled random vector, respectively.
In isolated random vector, random vector and decision vector appear separated while
combined in the coupled vector model. The random vector may be continuous, discreet,
independent or correlated [56].

Chance Constrained
Optimization

¢ A 4
Random | Constraints Types of
Vector System Constraints
Discreet
Independent |,/ Separated Individual

Co-Related Random Vector

Coupled Random

_’

-ﬁ Decision Vector

Figure 6. Taxonomy of chance constrained optimization.

3. Applications, Objectives and Solution Algorithms of Probabilistic Optimization
3.1. Applications, Objectives and Solution Algorithms of Stochastic Optimization

Applications of stochastic optimization shown in Table 2. Microgrid energy man-
agement problems might be seen as having uncertainty in plug-in electric vehicles and
distributed renewable energy supplies [58]. The authors in [59] used stochastic dynamic
programming to analyse smart home energy management with uncertainty in plug-in
electric vehicles. The optimization problem is approached as non-linear programming,
and the distribution of electric power among various smart home components is optimized.

The energy management problem of a smart thermal grid with aquifer thermal energy
storage is solved using a stochastic model predictive control framework. Mixed-integer
quadratic programming is used to solve the problem. The developed model is used to
capture the aquifer’s injection and extraction imbalances, as well as the undesired mutual
interaction of aquifer thermal energy storage and smart thermal grid [60]. The problem of
probabilistic optimal power dispatch for microgrid is defined as non-linear programming.
The operating cost is minimizedthrough particle swarm optimization, and the optimization
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problem is handled appropriately [61].

In day-ahead transmission network planning, a probabilistic model is utilizedto sched-
ule demand response. For the best demand response scheduling, network security and
consumer economic factors are applied. Thermal units and renewable energy resources
have been modeled, and the problem has been formulated using mixed-integer linear
programming [62]. Residential appliances use real-time demand response management
with stochastic and robust optimization. The mathematical model is developed using
mixed-integer linear programming, and the electricity bill is reduced as compared to flat
rate [63].

The probabilistic model has better performance to solve the smart power system
economic dispatch problem as compare to the negative load reduction model for various
cases [23]. Economic operation of future distribution grid is discussed, and the stochastic
model is developed to find the optimal operation of small-scale energy resources and
load [64]. Non-linear programming is used to develop mathematical model of the system
as described in [23,64].

A stochastic model is utilizedto reconfigure the distribution grid and model distributed
photovoltaic generation in this study. The distribution grid is operated at its most cost-
effective level, and different constraints such as power balance and power flow limits are
met. The grid’s reliability and stability have also been improved, which is an important
component of incorporating renewable energy sources. Mixed-integer second-order cone
programming is used to solve the optimization problem [65].

The stochastic optimization method is used to solve a unit commitment problem with
a demand response that is uncertain. It is demonstrated that by taking the uncertainty
of demand response into account in a probabilistic manner, generating capacity may be
enhanced [66]. The model was created to deal with uncertainty in the unit commitment
problem while minimizing the system’s operating costs. To acquire an efficient solution for
the system, parallelization and decomposition strategies are applied [67]. The integration
of storage devices and a high penetration of renewable energy resources is demonstrated in
a unit commitment and economic dispatch model. It is concluded that the consideration of
storage devices to reduce operational cost is quite effective. Linear programming is used to
formulate optimization problem in [66,67], where in [24] mixed-integer linear programming
is applied.

For day-ahead optimal power flow, stochastic optimization is used, which can help to
improve economic benefits. The uncertainties of wind power and load are incorporated into
DC optimal power flow. The problem is expressed as a mixed integer linear programming
problem that is solved using the two-point estimation approach. To determine the ideal
number of switching each hour, a framework based on probability decisions is designed,
taking into account risk cost and economic rewards [68].

Table 2. Applications of stochastic optimization and its problem type.

References Applications LP  NLP MILP MISOCP MIQP
[59] HEM x

[61] MEM x

[68] OPF x

[62,63] DRM x

[23,64] ED x

[24,66] ucC x x

[60] STG x

[65] RDG X
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3.2. Applications, Objectives and Solution Algorithms of Robust Optimization

In a smart power system, robust optimization has a variety of applications with
dynamic objectives. Table 3 shows the applications, and Table 4 summarizes the objectives.

3.2.1. Smart Grid Energy Management

One of the most common applications of robust optimization is smart grid energy
management. Robust optimization can be used to model uncertainty in several parameters.
To maximize social welfare, the problem is described as mixed integer linear programming
and solved using a consensus algorithm and an optimal control technique [69].

3.2.2. Microgrid Energy Management

The energy management system for single and three-phase balance microgrids is
designed using robust convex optimization. The problem is formulated as a mixed integer
second-order cone programming [70]. Microgrid energy management takes into account
the characteristics and constraints of the system. The system is mathematically modeled
using mixed-integer nonlinear programming, which is subsequently linearized using the
Lyapunov optimization approach [71]. For microgrid energy management, two-stage
adaptive robust optimization is employed while taking into account the uncertainties of
renewable energy resources. In both isolated and grid connected modes, the problem
is formulated as mixed integer linear programming, and the total operating cost of the
system is minimized. The column and constraint creation algorithm efficiently solves the
problem [72]. Energy and frequency management of microgrid accomplishes a reliable and
robust solution where total cost of the system is minimized by solving mixed integer linear
programming using information gap decision theory [73,74].

Microgrid planning uses two-stage robust optimization to reduce operating and
maintenance costs, investment costs, emissions, and fuel costs. The composition of a
microgrid takes into account both renewable energy sources and dispatchable distributed
generation. The key sources of uncertainty are intermittent renewable energy resources
and time-varying load, which can be effectively managed by using robust optimization.
The column and constraint creation approach aids in the solution of the mixed integer linear
programming problem [75]. Scenario-based robust optimization is applied to minimize the
microgrid’s social benefit cost by accounting for uncertainty in load and renewable energy
resources. Taguchi’s orthogonal array generates scenarios, which are then verified using
Monte Carlo simulations [76]. Distributed generation, distributed storage, and distributed
economic dispatch are used to manage energy in the microgrid. The Lagrangian relaxation
and dual decomposition method is used to reduce the net cost of a microgrid [77].

3.2.3. Unit Commitment

A security constraint unit commitment for the power grid considering the uncer-
tainties in supply and demand is performed. Total operation cost is minimized, and the
solution to the problem is achieved by applying the bender’s decomposition and column
generation methods [78]. The overall cost of the system gets minimized by applying various
algorithms in different domains [79,80]. Unit commitment problem is solved by Benders’
decomposition algorithm [81,82], column and constraints generation algorithm [83,84] and
Lagrangian decomposition method [85]. Integrated electricity and heating system is sched-
uled by column and constraints generation algorithm [86]. Multistage robust optimization
is applied for unit commitment, considering the uncertainties of wind power and demand
response. The sole objective is to maximize social welfare and to satisfy various constraints.
It is being solved by using bender’s decomposition algorithm to achieve unit commitment
in an optimal robust way [87].



Energies 2022, 15, 825

12 of 39

3.2.4. Demand Side Management

The demand side is scheduled using robust optimization, which takes into account
the uncertainty in manually operated appliances. The problem is formulated as quadratic
programming [88], where nonlinear programming is used in [89] to minimize the cost of
electricity. Commercial building appliances are scheduled in an ideal method to account
for the impact of uncertainties. To minimize the cost of power, the optimization problem is
framed as a mixed integer linear programming problem.

3.2.5. Smart Home

The robust index method is applied to handle the uncertainties of household load
scheduling and minimize the customer discomfort. The problem is mathematically for-
mulated as a mixed integer linear programming which has been solved by using branch
and bound algorithm [90]. The proposed model schedules renewable energy resources at
the production part and controls the smart home consumption part. An optimal solution
achieved, along with the reduction in computational time and electricity cost. Meta-
heuristic algorithm is applied to solve the mixed integer linear programming problem [91].

3.2.6. Plugin Electric Vehicles

Bidirectional dispatch coordination of plugin electric vehicles in a power grid restrains
the generation cost. The problem is formulated as a mixed integer linear programming and
solved by using heuristic approach [92].

Table 3. Applications of robust optimization and its problem Type.

Ref. Applications LP NLP MIP MILP MINLP MIBLP MISOCP MIQP QP

[69] SGEM X

[70-73,75] MEM X X X

[90,91] HEM X

[88,89,93] DSM X X X

[92,94] PEV X X
[67,78,83-85,87,95-104] ucC X X X X X X

[105] SGTD X

3.3. Applications, Objectives and Solution Algorithms of Distributionally Robust Optimization

When considering energy storage, distributed generators, and wind turbines, distri-
butionally robust chance constrained programming is used for energy management of
an islanded microgrid. However, using an analytical method, the overall generation cost
is minimized [106]. The generation frequency is managed appropriately via quadratic
programming, and the generation cost is also curtailed [107].

The unit commitment problem with uncertainty in wind output power is solved via
distributionally robust optimization. The MILP optimization problem is solved using an
analytical method, and conservatism is reduced by using distribution information. [46,108].
Distance-based distributionally robust optimization is modeled for a unit commitment
by using Kullback Leibler divergence. This model handles uncertainties of wind power
in the form of an ambiguity set. The problem is arranged as mixed integer non-linear
programming and is solved by using bender decomposition and the iterative method.
Computational complexities are handled by decomposition method while the iterative
algorithm guarantees the global conservatism [109]. The unit commitment problem is
solved by Benders” decomposition algorithm [110].
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Table 4. Objectives of robust optimization and its solution algorithms.
Ref. Objectives CCG AM LDR IPEA and MH HE BD TOA DD andIGDT MPCandFPIM BB LM QP MCS LOMand BMLM IM
[92,106,107] Minimize Generation Cost X X
[89,91] Minimize Electricity Cost X X
[76] Minimize Social Benefits Cost X X
[73,77] Minimize Microgrid Net Cost X X
[90] Minimize Comfort Violation X
[72,78,85,111] Minimize Operation Cost X X X
[67,71,75,81-84,86,98,110] Minimize Overall Cost X X X X X X X
[93] Minimize Electricity Payment X X
[69,87] Maximize Social Welfare X X
[75] Maximize Profits X




Energies 2022, 15, 825

14 of 39

The authors in [112] applied distributionally robust optimization to solve energy and
reserve dispatch problem. It is shown that distributionally robust optimization is a suitable
technique for reserve dispatch to fill the gap between stochastic and adjustable robust
optimization. Strategic aggregation is offering regulation capacity on behalf of a group of
distributed energy resources. Two stage stochastic optimization and distributionally robust
chance constrained optimization are utilized for handling the uncertainties in day-ahead
and hour-ahead schemes, respectively, [113]. The authors in [114] applied distributionally
robust optimization to solve the power flow problem.

3.4. Applications, Objectives and Solution Algorithms of Chance Constrained Optimization

Chance constrained optimization can be applied to a smart power system by consider-
ing applications with diverse objectives. Applications and objectives of chance constrained
optimization in smart power system are shown in Tables 5 and 6, respectively.

3.4.1. Microgrid Energy Management

Chance constrained optimization for microgrid energy management is used, where un-
certainties are considered in various parameters. Electricity cost of microgrid is minimized
by using linear programming while satisfying the energy balance constraint [115]. In [116],
chance constrained optimization is applied to handle the uncertainties in power exchange
between microgrid and macro-grid where overall cost of the system is minimized by using
mixed integer linear programming. Chance constrained stochastic cone programming is
applied to plan microgrid network and overall system’s cost is minimized. To obtain the
solution for the problem, it uses second-order cone programming (SOCP), bi-linear Benders
decomposition method, Jensen’s inequalities, and Pareto-optimal cuts [117]. Chance con-
strained optimization is used for the optimal operation of microgrid having uncertainties
where the problem is formulated as a mixed-integer non-linear programming [118].

3.4.2. Distributed Energy Management

In the distribution system, chance constrained optimization helps in the operation
and planning of the energy storage system. Overall cost of the system is minimized by
using mixed integer linear programming [119,120]. Chance constrained optimization is
used to handle the uncertainties that are due to photo-voltaic and batteries. Line losses
in the distribution system are reduced by formulating the problem as second order cone
programming and solved by analytic method [121,122]. Overall cost of the system is
minimized in distributed energy management problem by using mixed integer linear
programming [123]. In [124], the authors presented feasibility and profit based planning
for the integration of distributed generation. The problem is mathematically formulated as
a mixed integer bi-linear programming.

3.4.3. Demand Side Management

Uncertainties due to the consumption pattern and variation in consumers response
to the price signal are modeled by chance constrained optimization. The problem is
mathematically formulated as non-linear programming to minimize the electricity price and
being solved by interior point method [125]. In [126], the authors considered uncertainties
due to the interruptable load and consumer response. Penalty to the consumers and
variations due to the interrupt-able load are minimized using non linear programming.

3.4.4. Smart Distribution Network

Joint chance constrained optimization handles the high penetration of distributed
generator in a distribution network. The support vectors classifier (SVC) identifies zero
probability constraints while sampling is done by Monte Carlo Simulations. Overall system
cost is reduced by using non-linear programming to formulate the problem [127]. In [128],
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the authors minimized planning cost where the problem is being formulated as mixed
integer non linear programming.

3.4.5. Home Energy Management

Chance constrained optimization for home energy management to optimize the opera-
tion of appliances is used. The model to formulate the uncertainties due to electricity prices
and fluctuating loads is used. The problem is mathematically modeled as mixed-integer
linear programming and being solved by using particle swarm optimization and two-point
estimation method [129].

3.4.6. Unit Commitment

The chance constrained two stage stochastic program minimizes the overall generation
cost, whereas sample average approximation helps in solving the mixed integer linear
programming problem [130]. Spinning reserve cost gets minimized in an uncertain con-
trollable load by using chance constrained optimization. The problems are mathematically
formulated as linear programming which are being solved by applying the analytic method
and scenario base analysis in [131] and in [132], respectively. Overall system’s cost gets
minimized by applying the ranking algorithm, and the iterative method in unit commit-
ment problem using mixed integer linear programming [123]. The authors in [133] applied
analytic method to satisfy the constraints in unit commitment problem. Operating cost is
minimized by formulating the unit commitment problems as mixed integer programming
and mixed integer second order cone programming in [134,135], respectively. Overall
cost of the system is minimized in [136] using mixed integer quadratic programming and
non-linear programming in [137].

3.4.7. Economic Dispatch

Economic dispatch problem is formulated as a linear programming problem in [138].
Active power losses are minimized in thermostatically controllable load, where Spatio
temporal and dual decomposition algorithm solve the problem [139]. The pay-off gets max-
imized, and the problem is solved by applying linear regression and iterative method [140].
Dispatch coordination for plug-in electric vehicles are modeled as a mixed integer quadratic
programming [141].

Table 5. Application of chance constrained optimization and its problem type.

Ref. Applications LP NLP MIP MILP MINLP MIBLP MISOCP SOCP MIQP
[115-118,142,143] MEM X X X X X
[129] HEM X
[119-121,123,124] DEM X X X
[127,128] SDN X X
[125,126] DSM X
[141] PEV X
[138] ED X
[130,131,133-137,144] ucC X X X X X X
[145] GEM X
[146] OPF X
[147] OPGF X
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Table 6. Objectives of chance constrained optimization and the solution algorithms.

Ref. Objectives SAA AM SBM IPM HE BDand DE HABCPOC DD SA SVM LRandIM MDP MCS MDP ADMM
[106,130] Minimize Generation Cost X X

[133] Constraints Satisfaction X

[131,132] Minimize Reserve Cost X X

[125] Minimize Signal Price

[142] Minimize Electricity Cost

[115,118,134,135] Minimize Operating Cost X X

ﬁfiig’l19’120’123’127’136’ Minimize Overall Cost X X X X X

[121] Minimize Thermal line losses X

[128] Minimize planning cost X

[139] Minimize Active Power Losses X X

[140] Maximize payoff X

[145] Minimize Dispatch cost X
[149] Minimize Social cost X
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4. Mathematical Models for Various Scenarios

This review paper presents probabilistic mathematical models of diverse scenarios for
better understanding of scientists and researchers. Researchers have, however, presented
deterministic mathematical models in the literature.

4.1. Scenario 1: Energy Management

In [150], the authors presented an energy management model for a residential com-
pound having N number of consumers, as shown in Figure 7. Each consumer has a set of
appliances A, which includes seasonal, shift-able and non shift-able appliances. The system
has some given parameters, but some parameters are to be determined.

Different Types of Load

Figure 7. Residential compound.

Given Parameters:
*  Total number of consumers N in residential compound
*  Set of appliances A for each consumers
e Each appliances has a time dependent power profile P}"
*  Each appliances operating time t;
¢ Scheduled starting time ¢}
e Human interaction factor for a certain time H"
e Price tariff C*
*  Load shedding factor Lf
Parameters to be determined for each time slot

e  To switched on a set of appliances
¢  Each consumer electricity consumption cost
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A deterministic model of the system is shown in Equation (14), where the appliances
are scheduled in such a way so that it reduces the consumer’s electricity cost. To turn on
the given appliance we have introduced binary decision variable as shown in Equation (9).

1 if the ath appliances of the nth
X};’” = consumer is switch on at the tth time slot. 9)
0 otherwise

The ath appliance of the nth consumer requires ¢ minutes to operate. To accomplish the
task, the scheduling time begins at t = t and ends at t = t; + t]. The decision variable
X4" would be 1 for the complete number of #, time slots to ensure continuous operation of
the appliance. Hence, the contiguous constraint is represented in mathematical form as
shown in Equation (10).

B
Z ern = tZ, Y an (10)

=t

th+t! <T Voan

Certain appliances require human involvement to operate, hence human interaction factor
(HIF) is considered. The human interaction factor is represented by the symbol H." and is
mathematically modeled as shown below.

1 if the nth consumer is available to operate the
HY" = ath appliance at the tth time slot.
0 otherwise

The operation of a washing machine, for example, necessitates the presence of consumers.
As a result, the human interaction factor H,ﬁ’" will be 1 for a given time interval to correctly
operate the washing machine. By inculcating the impact of HIF factor, the Equation (10)
becomes as shown in Equation (11).

Hl o
Y XU'HY' =ty Voan (11)
t=tl

Another concern related with residential energy management is the lack of energy owing
to a variety of factors, particularly in rural locations, such as maintenance etc. We introduce
the load shedding (LS) factor L' to address the load shedding issue and the lack of electricity.

It 1 if the electricity is available for the whole time.
~ |0 otherwise

With the addition of load shedding factor, Equation (11) can be rewritten as shown in
Equation (12).

HIH
Y. XY'HY'L' =t), Va,n (12)
t=t!

Another thing to consider, while building an effective residential energy management
system, is the willingness and preferences of consumers (CP). There are times when it is
ideal for a particular appliance to turn on, but the consumer is unwilling to operate or switch
it on. As a result, we add another input variable, A" to respond to consumer preferences.
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1 if the nth consumer wants to operate the ath
ALt = appliance at the tth time slot.

0 otherwise

With the consideration of consumer preference Equation (12) can be expressed as shown in
Equation (13)

T
Yo XY'HP'LAY =t Y oan (13)
t=t"

N T
min Y Y Y XU"C'EL”

Xi"€{01} ¥ an =1 acA =1

subject to

Contiguous Constraint
—_—~
ity
Ci: Y X"=t} , Vant
=t
(14)

LS and contiguous constraint

H4-t]
Cr: Y XU'H'L'=1t} , Van,t
t=tl
Hl
Ci: Y XY'HY'LIAL" =t Vant
t=tl

CP, LS, HIF and Contiguous Constraint

Considering that various parameters in Equation (14) have uncertainty such as total energy
consumed Ej" and human interaction factor H;". Uncertainty in E;" is & while & is

the uncertainty in Hy". To handle these uncertainties various probabilistic models are
as follows.

4.1.1. Stochastic Optimization Model

Stochastic Optimization model is shown in Equation (15) where Ex (EL", &) is the ex-
pected value of energy consumed at time T by each appliance of n'" consumer. Constraints
C; in Equation (15) will remain same as shown in Equation (14). []Eéﬁ (HY", )] in C; and
C5 represent the expected value of human interaction factor.

N T
min ) ) Y X"CHEq (EZ", C)]
Xi"e{01} ¥ an =1 ac A t=1 ‘

subject to

LS and contiguous constraint

gy ¢ toqt t (15)
C: Y. X" Bt (S Hy")IL = t5, Va,n,t

r—
e

G 2 Xttlln [ECZ (géHé,n)]Lt/\Z,n = tgr Van,t
t=t7

CP, LS, HIF and Contiguous Constraint
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4.1.2. Robust Optimization Model

Robust optimization model is shown in Equation (16), where Z! and ¢}, are the uncer-
tainty factors. Constraint C; is not effected by the uncertainty factor, hence it will remain
same as Equation (14). Constraints C; and Cj are effected by the uncertainty factor and are
shown in Equation (16). Equality symbol in C; and Cj are replaced by inequality symbol
which shows that worst case scenario are satisfied.

N T
min Y ) Z( max Xt”Ct(ggE”‘)>

X"e{01}Y an n=1acA =1 \ G, €U
subject to

LS and contiguous constraint

H 1!

Co: Y XM(GHZ")L!>t,, Ya,n,t, 8 €U
t=tl
te+th

Cs: 2 XEn(E HE LAY > 1 Y a,n,t, & el
=t

(16)

CP, LS, HIF and Contiguous Constraint

Transforming min—max problem in (16) into minimization problem gives Equation (17)

min Z ZZ@M

O X" e {01} Y an, p—1acA i
subject to

Contiguous Constraint

——
te+ty

Ci: Y X'=tp , Vant
P

LS and contiguous constraint (17)

]

Co: Y, XUM(gHEML'>t:, Yant, & el
=t
te 4ty

Cs: Y XYM(EHMLIA >80, Yant &l eld
t=tl!

CP, LS, HIF and Contiguous Constraint
.yt t(xt rt, t, t xt
Cy: Xanc (geEun) < @an, Voa,nt,cG, gh cu

4.1.3. Distributionally Robust Optimization Model

Distributionally robust model for the system is shown in (18) where P} and P} are
the probability distributions of uncertainty in total energy consumed E;" and human
interaction factor Hy". D is the ambiguity set and Eet (gtEf{”) is the expected value of
energy consumed at time T. Constraints C; and C3 are effected by the uncertainty factors
and are shown in Equation (18). Equality symbol in C; and Cj are replaced by the inequality
symbol which shows that worst case scenario are satisfied.
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N T
. t,n~t tptn
in min Z 2 Z tIn‘?X X7°C [Egg(‘fsE{z )}
X;"€{01} ¥ an n=1aeA t=1 (Pe,P)€D
subject to
LS and contiguous constraint
t -+t (18)

Ca: ), Xf{"[Eé; (& HYMLI>H, Ya,nt, & el
=t '
g1

Gt ) Xy"[Ba (8e(CuHy")IL'AT" > tg, Y a,n,t,8 €U
t=t"

CP, LS, HIF and Contiguous Constraint

4.1.4. Chance Constrained Optimization Model

Chance constrained optimization model is shown in Equation (19), where ¢} and &} are
uncertainty factor in total energy consumed and human interaction factors. The confidence
level for constraints C; and Cj are ;1 and 7;, respectively, where 71,72 € [0,1].

N

T
min Yo Y Y xirch(ElEr)

X;"e{01} V an n=1 acA t=1
subject to

LS and contiguous constraint

HIH (19)
CZ:IP’( ) X;f"(g,iH;'")sztg) <71, Van,t
t=tl

H -t
Cs: IP’( Yo XU HY LA > tZ) <, Van,t
t=tl!

CP, LS, HIF and Contiguous Constraint

4.2. Scenario 2: GHG Emission Control Microgrid

Authors in [151] have considered a system as shown in Figure 8. The deterministic
mathematical model is developed for unified demand side management, as shown in
Equation (20). The objective function is to minimize overall cost of the system including
electricity consumption cost fc(E} ;) and carbon dioxide emission cost fco, (Ef ;). The pa-
rameter a1 € [0, 1] helps in selecting the priorities setting for job operation. Various system’s
constraints are operation time constraints, appliances continuous operation constraint, con-
sumer preference constraint, human interaction constraint and load shedding constraint,
peak clipping, and appliances priority constraint. Let the system has uncertainty in overall
energy consumption E,lﬁ'fz and is represented by ¢. Various probabilistic models are for-
mulated to show the impact of uncertainty on the deterministic mathematical model of
the system.
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National Grid and
Control Room

Smart Different Types of Load
Meter

Figure 8. Residential compound architecture.

Deterministic Problem

i Total Cost T
Lo s k k,t k
i * ’ t
Kt min 2 2 2 &1 fC(E",ﬂ) +<1 - “1) fCOz(En,a) Xn,a . (20)
X a€{01}V kntak=1n=1acA, t=1 — N——
Electricity cost function Emission cost function
subject to:

N
Cl: Y Y XWhENE <y, Wkt
n=1lacAy

Peak clipping constraint

Operation time constraint

,T_/_
c2: Y xM =t |, Vina
t=1
tsk o+t —1
C3: Z X,Iﬁfl > tf;oc5 , Vkmna
t:ts’;,a

Appliances time continuity constraint

. kt _ vkt k,t k,t t
C4: Xn,u = Xn,a()Ln,zz)a6 (Hn,a)lxs(L )az , Vkmnat
Consumer preferences, human interaction and load shedding factors consideration constraint
C5: Z X’,‘l:fl <1 , V shiftable appliances, k,t,{i =1,2,3...1}
aE/Si
—_——

Appliances priorities constraint
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XM {01}V kntak=1n—1acA, i—1

min

4.2.1. Stochastic Optimization Model

Stochastic model for the system could be witnessed by Equation (21), where a1 E¢ fC(EIf,’, A
is the expected value of electricity cost and (1 — a1)Eefco, (Elflfl) is the expected value of
CO; emission cost. Furthermore, the Constraints C, — Cs are not affected by considering
the uncertainty hence they will remain the same as given in Equation (20). In Constraint
C1 the expected value of energy consumption (Eg(gEfw) at time T is less than certain
peak value.

Stochastic Problem

i Total Cost ]
S ! k.t k,t
Z Z Z a1 E@fC(En',a/ é() +(1 - “1) E(ijOg( n,as ‘:) Xn’,a : (21)
——— —_——

Electricity cost function Emission cost function
subject to:

Cl: Z)Z)&Z&@E))sm%% Yokt

n=1lacA,

Peak clipping constraint

4.2.2. Robust Optimization Model

In the robust minimization model, which is shown in Equation (22), where the un-
certainty ¢ in total energy consumed Eﬁ’; belongs to an uncertainty set U. a; fc(gEﬁ’L)
shows the impact of uncertainty on total electricity cost where (1 — a1) fco, (¢ Ef{,fl) shows
the impact of uncertainty on carbon emission cost. The constraint C; is effected by the
uncertainty ¢ which shows that maximum energy consumption having uncertainty should
be less than a certain peak value. Constraints C; to Cs will remain same as in Equation (20).
The problem in Equation (22) is a maximization problem that can be converted into a
minimization problem as shown in Equation (23).

Robust Problem

K N T
min 2222@&%@)(%M@@%M@ (22)

Xia€{01} V kntak=1n=1acA, t=1 \ *Y
subjectto:

Cl: Z Yo XEL(EER) Sagd™, YV ktEelU

n=lacA,

Peak clipping constraint

Robust Problem 1

K N T

min Z Z Z ZWL‘,’Z. (23)

Wit XKhe{0,13Vk b, k=1 n=1 ac A, t=1



Energies 2022, 15, 825 24 of 39

subject to:

Cl: Z Y XKL(EERD) Sagdft, Ykt Eel

n=1lacA,

Peak clipping constraint

2 (w1 fe(GERL) + (1— a1) feo, (CERL)XKL) S WKL Y ktEeU

4.2.3. Distributionally Robust Model

Distributionally robust optimization model is shown in Equation (24), where Pz shows
the probability distributions of uncertainty factor ¢ that belongs to an ambiguity set D.
a1 feE[(C EN*)] is the expected value of uncertain electricity cost, where (1 — ;) feo,Bx[(E EXY)
is the expected value of uncertain CO; emission cost. Constraint C; to Cs will remain same
as shown in Equation (20) while C; shows the expected of energy consumption is less than
a certain peak value.

Distributionally Robust Problem

K N T
min -}y Y Z( x(mfE(( E";@)J+<1—a1>fcozE;[<cE’;:z>])Xﬁzz>- (24)

Xﬁl/fle{o/l} vV kntak=1n=1 acAyt
subject to:

Cl: Z Y. XWES(GED) <ay™, Y ktielu

n=lacAy,

Peak clipping constraint

4.2.4. Chance Constrained Optimization Model

The Chance constrained model is shown in Equation (25), where the only affected
constraint is C;. It shows that probability of violating peak clipping limit is less than a
certain predefined value, i.e., «. However, Constraint C; — Cs will remain the same as given
by Equation (20).

Chance Constrained Problem

i Total Cost T
S - k,t k,t k,t
L, un XY Y Yl fERD +0-w1)  feo,(Enad) | Xl (25)
Xia€{01} Vhntak=1n=1acA, t=1 — —
Electricity cost function Emission cost function

subject to:
N

CL:P| Y Y XWML(CEW) <agy™ )| <a, V kt
n=1lacA,

Peak clipping constraint

4.3. Scenario 3: Energy Trading Model for Microgrid System

In Figure 9, the network of a microgrid is shown where different sources of generation
are considered, e.g., PV cells, small wind turbines and utility. Furthermore, Figure 9
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shows that microgrids are connected to each other and with utility. Based on defined tariff,
the microgrids can exchange energy with each other as well as with utility. Cost per unit of
self-generation is usually low as compared to energy procure from utility and from other
microgrids. The system model shown in Figure 9 has a total of V microgrids connected
with each other and with utility. N is the total number of consumers on each microgrid,
and each consumer has a set of shiftable and non-shift-able appliances. The appliances
are operated in such a way so that the self-generation of microgrid v can fulfill the energy
demand; if the energy generated by microgrid v is not enough to meet its energy demand
than microgrid v will procure energy from other microgrids. If the other microgrids do not
have extra energy to sell it to microgrid v than they will procure energy from the utility.

Renewable Energy
Generation

Renewable Energy
Generation

MICROGRID

Reznewsblz Energy
Generation

! W

Utility

- L

Figure 9. System model for scenarios 3 and 4.

The deterministic mathematical model for the energy trading module in the microgrid
system as shown in Equation (26), where the objective function minimizes the overall
cost of the system as well as to satisfy various constraints. Positive sign with the decision
variables shows that the energy is either generated by the microgrid itself or it sells the
extra energy to other microgrids or utlity, where negative signs represents that the energy
is purchased from the utility or from other microgrids. Peak generation constraint defines
the maximum generating capacity of the microgrid. Maximum purchase of energy from
utility or from other microgrids are represented by peak purchase constraint. Various other
constraints are peak generation constraint, peak purchase from other microgrids and utility,
appliances priority constraint, no self sell/purchase constraint, either to sell or purchase
constraint. Let the energy generated by microgrid v has the uncertainty ¢¢. To model the
impact of uncertainty factor ¢, over the system, various probabilistic models are shown
as follows.
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Deterministic Problem

T |4
, min 22( (E5™) +C( )—C(E;,u)+ ) (C(E;,v)c(E;‘,w))>
ES" En® b, t=10=1 w—=1
EZU ZI'EZtJ ZU’Xé,ZE{O l}
Yo,n,ta

Peak Generation Constraint

St Cl: 0<EL <ER™ v ot (26)

Peak Purchase from Microgrids

. t t,max
C2: 0<E,,<Ep, vV v,w,t
Peak Purchase from Utility

C3: 0 < EL* < ELwmax v o ¢

Appliances Priority Constraint

Ca: Y X'+ Y X' <1 ¥V {t <tr},no
a€py a€pPy
No Self Sell/Purchase
——
C5: EL,=0 V ot

Either Sell or Purchase Constraint

—_—
C6: EL o xE,,=0 Y t,0,w

4.3.1. Stochastic Optimization Model

The stochastic optimization model could be represented such as in Equation (27),
where the C[E¢ . (Ef,’g ,C g]> is the expected value of the energy generated by microgrid v.
The only constraint that is affected by considering uncertainty is C;, while the rest of the

constraints will remain the same as Equation (26) witnesses it. The factor E¢, (¢ gEf,’g ) in
constraint C; shows that expected value of uncertain generation supposed to be less than
certain defined value.

Stochastic Problem

T V |4
min Y Y (CEY) + ClEg, (ES,&]) — C(EL) + X (C(EL) — C(ES,))
EJ"ES Ef; ur t=1v=1 w=1
Eztv u/E{ w/X;l’tilE{O 1}
Vv n,t,a
Peak Generation Constraint
St Cl:0< B (GES) < ESS™™V ot 27)

4.3.2. Robust Optimization Model

Robust optimization model is shown in Equation (28), where C((:gEf,’g ) show the
energy generated by microgrid v having uncertainty ¢. The constraint C; which is effected
by considering uncertainty, shows that the energy generated by microgrid v at time ¢ varies
in an uncertain manner but it should be less than a certain maximum value. The min—max
problem of Equation (28) can be transformed into minimization problem as shown in
Equation (29).
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Robust Problem

i LY m ( c(e) + c(gE *g)—c<E;,u>+i<c<E;U>—c<Ezw>>)

Et“ Eizg E;u t=1v=1 Ge€ w=1

E!,,E . Xoae{01}
Yon,ta
Peak Generation Constraint
t t
St Cl: 0<&GES <ES" Vo, t,&eld (28)
Robust Problem 1
min ZE:T

7L X5e{01} Vonta =1 0—

Peak Generation Constraint

t,g,max

St Cl:0<E&ES <Ey Voot el (29)

c2: (C(Ef;“) +C(&Es) — C(ELy)

Vot e el

g
Hl <
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4.3.3. Distributionally Robust Optimization
Distributionally robust model is shown in Equation (30), where the P, indicates the

probability distributions of uncertainty in energy generated by microgrid v. E¢ (@’g Ezt,'g ) is

the expected value of the energy generated by microgrid v at time t. The constraint C; is
effected by considering the uncertainty while the constraints C; to C will remain same as
shown by Equation (26).

Distributionally Robust Problem

T Vv v
,min 3" Y max | C(EY") + CEq(&E®) — C(Eby) + X (C(Ely) — C(Eby))
E{"ESEL =1 p=1Fs€D w=1
Extu,v/E{,w Xlt))tlle{o 1}
Yo,n,ta

Peak Generation Constraint

St Cl:0<Eg(GgEs®) < Ef¥"™ Vo, 1,8, €U (30)

4.3.4. Chance Constrained Optimization Model

The chance constrained model is shown in Equation (31), where constraint C; shows
that the probability of violating the peak generation limit is less than a certain predefined
value. Constrain from C; — C¢ will remain same as shown in Equation (26).

Chance Constrained Problem

|4
| min Z Z ( C(E4™) +C(EU ,gg) C(Eb,)+ Y (C(ELy) —C(E;w))>
Ev’urEn,grEzt),ur t=1v= w=1
Ely ol Xea€{0,1}
Yon,ta

Peak Generation Constraint

St Cl: IP’(O < EEN < Ef;g"””) <7 Yot (31)
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4.4. Scenario 4: Joint Enerqy Management and Trading for Microgrid System

In this section, energy management and energy trading models are collectively con-
sidered, where the deterministic model of the system is formulated and described in [152].
The system model for joint energy management and trading is shown in Figure 9. Various
energy management constraints such as energy balance constraint, peak clipping constraint,
and operation time constraint have been considered in addition to energy trading con-
straints that are mentioned in scenario 3. Let the applied model in [152] have uncertainty
in various parameters such as energy generated (ESS) by microgrid is v and base-load (B!)
on microgrid v. The uncertainty in EL® and B! are represented as g and ¢, respectively.
The objective function and various constraints such as energy balance constraint, peak
clipping constraint and peak generation constraint are effected by considering uncertainty
in energy generation and base-load. The remaining constraints of the system will remain
the same as shown in [152]. To show the impact of uncertainty, various probabilistic
optimization schemes are applied as follows.

Deterministic Problem

T \4
min ¥ (c(Eg“) + C<E§;3) —C(Ep,) + ) (C(EL,) — C(Ef],w))> (32)
EYE.SEL ., t=10v=1 w=1

E;]/IU’XTI;/ZI € {011 }

Yo,n,ta

E.‘

w,vr

Energy Balance Constraint
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. tnpgtnytnytytn t t
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4.4.1. Stochastic Optimization Model

In stochastic optimization, the expected value of uncertain parameters is considered.
The stochastic mathematical model of the considered system is given by Equation (33).

Where, in Equation (33) the E¢, [C (Ezt,'g ,Cq)] shows the expected value of total cost of the

energy generated by microgrid v, where in constrains Eg, (ggEf;g ) is the expected value of
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the energy generated by microgrid v and E¢, (¢;B}) is the expected value of the base load
on the microgrid v.
Stochastic Problem

min if( C(EE") + g, [C(Ee.g5)| - C C(E) + Y (C(E@)—C(EM))) (33)

Ezt;u;En ,EL wr t=1v=1 w=1
Ely o Eh 0 Xia€ {01}
Yo,n,ta
Energy Balance Constraint
St Cl:Ef*+E, [gg '8] + Z El,, = 2 Ebw+ElL, +Eg [EB] + Y XELE Y vw,n,t
acA"
Peak Cl1pp1ng Constraint
ty" 4t
C2: Y (XYUGHLG LAY + Be [6By]) <of ¥ na,0
t=t3"
Peak Generation Constraint
C4:0 < B, (&E) < ESS™™V ot
4.4.2. Robust Optimization Model
Robust optimization considers a worst-case scenario for the system. It is assumed
that the uncertainty factor ¢¢ can take values 0.9 — 1.0 and the uncertainty factor ¢; can
varies from 1.0 — 1.2. The robust mathematical model for the system considered is shown
in Equation (34). Equality constraint C; is changed to inequality constraint, which ensures
that the load balancing constraint should be satisfied in the worst case. The problem in
Equation (34) is a min—max problem that can be converted into a minimization problem,
as shown in Equation (35).
Robust Problem
L t £ t . t t
min Y. ) max | C(ES) +C(&Ee®) — C(EL) + 1 (C(ELy,) — C(ELy)) (34)
Et M E,{g,E;’w t=10v=1 gg/él)eu w=1
ELU 'U’Eé wr X-f/; 6{0/1}
Yo,n,t,a

Energy Balance Constraint

St Cl:EY+EEfS + Z Elyy > Z Eby+EL, +EBY+ Y XUILYY Y v,w,mt, (8, &) €U
w=1 acAn
Peak Clipping Constraint

ty" e
C2: Y (XULHGGLYALLAY: +EBL) < o' ¥V ma,0,8 €l
t=t3"

Peak Generation Constraint

Ch: 0 <GB <ES™ Y 0,4, elU
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T V
min Z Z Yé (35)
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Energy Balance Constraint

Vv |4
t,
St CL:Ef"+ GBS+ ) Euw > ) Byt Eou+ 8By + ) Xilyh ¥ vw,mt, (8g,8) €U
w=1 w=1 acAn
Peak Clipping Constraint

A
C2: ) (XyhHyaLyaLoAGh +8iBy) <o ¥V ma,0,§ el
t=t"

Peak Generation Constraint

Cd: 0 <GB <ES™ YV 0,48, eU

v
C5: C(Ey") + C(ﬁgE;'g) — C(Epu) + ) (C(Ew) = C(Eyw)) < Yo Vo,wmt, (5, 81) €U
w=1

4.4.3. Distributionally Robust Optimization

Mathematical model for distributionally robust optimization is shown in Equation (36),
where P, and P, are the probability distributions for the uncertain parameters ¢, and ¢j,
respectively. ¢¢ and ; represent uncertainty in energy generated and base load on microgrid

v at time ¢, respectively. Eg[Ef,’g ,C¢] is the expected value of energy generated by microgrid
v at time t, where [E;[¢;B!] is the expected value of base load on microgrid V. Constraints
C; to C3 are effected by considering uncertainty while the constraints Cy4 to Cs will remain
same as in Equation (32).

Distributionally Robust Problem

T V 1%
i C(E!™) 4 C(E,[EY, — C(E! C(E! ) — C(E! 36
o BE e (e e -cot s £ et -c) oo
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Energy Balance Constraint

|4 |4
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w=1 w=1 acA"
Peak Clipping Constraint

£ 4t
C2: ), (XgaHyalialoAss +Ei&iB]) <9' ¥ maovg el
t=ty"

Peak Generation Constraint

C4:0 < Eg[f Es®] < 8™V v,t,¢, U

4.4.4. Chance Constrained Optimization Model

Mathematically speaking, in chance constrained optimization, the probability of sat-
isfying certain constraints should be above a certain predefined level, improving the
confidence level of the solution [153,154]. The mathematical model of chance constrained
optimization is available in Equation (37). « and § are the confidence level for energy
balance and peak clipping constraints, respectively, where &, 8 € [0, 1].
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Chance Constrained

T V |4
min Y ) (C(E) + (B &) — C(EL,) + 1 (C(EL,) — C(Eby)) (37)
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5. Challenges and Future Research Directions

After a comprehensive survey on the smart power system (having uncertainties in nu-
merous domains), it is recommended to focus on limitations and challenges due to these un-
certainties and improve the smart power system’s performance. These limitations and chal-
lenges arise in various segments of smart power system such as microgrid energy manage-
ment, home energy management, demand side management, renewable energy resources,
energy storage system, unit commitment, economic dispatch and transmission system.

5.1. Microgrid Energy Management

A microgrid is an essential and significant part of a smart power system. It is operated
both in grid connected as well as in an isolated mode. Microgrid energy management prob-
lems’ accuracy is seriously affected by the uncertainties in various factors such as renewable
energy resources, plug-in electric vehicle and load, etc. Research papers studied have con-
sidered uncertainties in few aspects at a time. Hence, it open doors for researchers to model
microgrid energy-management problems in a comprehensive way, where uncertainties in
all factors affecting microgrid operation can be considered. Furthermore, a model can be
developed where the various techniques can be applied in a combined way. The impact of
environmental conditions can also be considered in microgrid energy management.

5.2. Demand Side Management

Demand side management plays a critical role in the energy optimization of a smart
power system. Demand-side management mainly deals with the consumers’ end; hence,
the uncertainties at the consumers end have severe impact on the smart power system’s
performance. Various components that cause uncertainties at consumers’ end are manually
operated appliances, renewable energy generation, electric vehicle and distributed energy
storage devices, inelastic load demand, etc. Therefore, it is an open research direction in the
smart power system area to develop a model that can consider the impact of uncertainties
caused by the sources mentioned above.

5.3. Integration of Distribution Energy Resources

One of the most significant elements of the smart power system is distributed energy
resources. Wind and solar energy are considered prominent example of distributed en-
ergy resources. The output power of these sources is seriously affected by the weather
condition, which causes uncertainty. Due to the integration of DER with the smart power
system, the smart power system’s performance is affected by the uncertainties. The various
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model used in the literature have considered a single source of uncertainty; hence, it is
an open research area to comprehensively develop a model that can completely handle
the uncertainty of distributed energy resources. Furthermore, various optimization tech-
niques that can handle uncertainties can be considered in a combined way to improve the
model’s performance.

5.4. Smart Home

To increase consumers’ participation and user comfort, reducing peak demand and
consumer electricity bill, it is required to introduce a smart home concept in a smart power
system. Various components of a smart home are renewable energy resources, battery
storage system and load. Uncertainties are caused by generating resources due to their
weather dependent nature. Load have uncertainties either due to its weather dependent
behaviour as well as because of the random interaction of human. The impact of these
uncertainties on the power system can be developed comprehensively in future research.

5.5. Unit Commitment

Unit commitment is an optimization problem that determines the generating units’
operation schedule at certain time intervals with changing loads under different systems’
constraints and environmental conditions. Unit commitment plays a vital role in the
economic operation of a smart power system. Hence, to minimize the smart power system’s
operation cost, it is required to consider all factors affecting the unit commitment problems.
The complexity of the unit commitment optimization problems increases with the inclusion
of uncertainties in the system parameters. Uncertainties in unit commitment problems are
due to the integration of renewable energy resources, power flow-ability of a transmission
line, forecasted errors in load, unexpected generator outages etc. It can be considered a
future research area to develop a unified unit commitment model that can handle all factors
having uncertainties.

6. Conclusions

It is a known fact that real time problems of smart power systems have uncertainties
and can be handled only by probabilistic optimization. This review paper has been focused
on various aspects of probabilistic optimizaion in smart power system. Various techniques
such as stochastic optimization, robust optimization, distributionally robust optimization,
and chance constrained optimization have been thoroughly studied in this paper to deal
with such type of uncertainties. From the analysis of different concrete study cases, it is
observed that stochastic optimization is providing a reliable solution, however its computa-
tional cost is high. In worst case condition, robust optimization has a lower computational
cost, but it offers a conservative and cautious solution. The solution of distributionally
robust optimization is less conservative than robust and has a lower computational cost
than stochastic optimization. Chance constrained optimization deals with problems, where
finite probability is being violated. These techniques can be further categorized on the
basis of the uncertainty involved. Various applications of the mentioned optimization
approach in the area of smart power system have been discussed. Future directions of
these techniques with reference to smart power system have been summarized. It has been
concluded that these techniques must be used in combination to deal with new challenges
of smart power system for achieving fruitful outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

MEM Micro-grid Energy Management
HEM Home Energy Management

DER Distributed Energy Management
SDN Smart Distribution Network

DSM Demand Side Management

PEV Plugin Electric Vehicles

ED Economic Dispatch

ucC Unit Commitment

STG Smart Thermal Grid

MEO Micro-grid Economic Operation
RDG Reconfiguration of Distribution Grid
OPF Optimal Power Flow

ERD Energy and Reserve Dispatch

ESS Energy Storage System

SPDA Scenario Partition and Decomposition Algorithm

CCDCGP  Chance Constrained dependent chance goal programming
FMEA Failure-Mode-and Effect analysis

IPEA Inter-generation Projection Evolutionary Algorithm
IGDT Information Gap Decision Theory
MPC Model Predictive Control

FPIM Fuzzy Prediction Interval Model
SPD Scenario Partition and Decomposition
BMLM Big-M Linearization Method

LOP Lyapunov Optimization Method
CCG Column-and-Constraint Generation
AM Analytic Method

LDR Linear Decision Rule

MH Math-Heuristic

BD Benders Decomposition

TOA Taguchis Orthogonal Array

DD Dual Decomposition

BB Branch-and-Bound

LM Lagrangian Multiplier

QP Quadratic Programming

MCS Monte Carlo Simulation

M Iterative Method

SAA Sample Average Approximation
SBM Scenario Based Method

IPM Interior Point Methods

DE Differential Evolution

HABC Hybrid Artificial Bee Colony
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POC Pareto-optimal cuts

DD Dual Decomposition

SA Sensitivity Analysis

SVM Support Vector Machine

LR Linear Regression

MDP Markov Decision Process

[0) Stochastic Optimization

RO Robust Optimization

CcCco Chance Constrained Optimization
DRO Distributional Robust Optimization
SA Solution Algorithms

OF Objective Function

FRD Future Research Directions

GEM Grid Energy Management

TPEM Two-Point Estimate Method
OPGF Optimal Power Gas Flow
SGTD Smart Grid Tariff Design

HE Heuristic

CC Chance Constrained
AR Architecture

N Taxonomy
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