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I. INTRODUCTION

A. Motivation

As climate change accelerates and power consumption
grows, there is a critical need for efficient electrical grid
designs. Designing energy systems requires optimizing reli-
ability, costs, and sustainability. Renewable sources, though
essential for sustainability goals, require special consideration
as renewables introduce uncertainty in power generation due
to weather variability [1]-[6]. To address these challenges,
this project employs numerical optimization to design a cost-
effective, low-carbon renewable energy system, optimizing the
sizes and types of energy generation and storage technologies
within an islanded microgrid.

B. Problem Statement

Optimize the sizing and selection of power generation and
storage components of an islanded microgrid that minimizes
both costs and greenhouse gas emissions within realistic en-
vironmental, operational, and demand constraints, ensuring
reliable and sustainable energy supply.

II. OPTIMIZATION PROBLEM FORMULATION

The problem is formulated as a multi-objective optimization
problem over the decision vector = [Zs, Tw, Td, xb]T where
Ts,w,d,p Tepresents installed capacity of solar PV, wind tur-
bines, diesel generators, and battery storage (in kW or kWh).
Bounds, reflecting engineering feasibility and field-validated
deployment constraints [1]-[4], were imposed on all decision
variables
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The goal is to simultaneously minimize two conflicting objec-
tives: total system cost and lifetime diesel emissions, subject
to system constraints on reliability and feasibility. The cost
objective function is given by

fe(x) = 7(Ceap(z) + Com(z) + Car(z)) + Crp()

where r is project lifetime (years) and CcapomdrLp are costs for
installation, operation and maintenance, diesel fuel, and unmet
demand penalty. The emissions objective function is defined as

fem (l‘) = Ed(x)'yem

where E4 = is the total diesel energy consumed and ven, =is
the diesel emissions factor in kg CO2/kWh. The combined
objective function is therefore expressed as

Inel]gi f({l:) = [fc(w), fe’m(m)]-r

To ensure reliability, we defined the constraint of a hard upper
bound on the annual unmet load

8760
U(z) = Z max (0, D; — Py(x)) <1 MWh
t=1

where U; denotes load demand at hour ¢, U(z) is the
maximum allowable unmet load per year, and P;(z) is the
total power available at time t. Decision variables are de-
fined via hourly power contributions from solar [Ps(¢)], wind
[Py (t)], diesel[Py(t)], and battery discharge [P, (t)] are
computed dynamically within a physics-based simulation that
models hourly operation of the microgrid system over a one-
year horizon. It includes component-level dynamics, such as
battery charging constraints, diesel generator minimum load
constraints, and intermittent renewable availability. Formal
descriptions'were derived, however the internal operational
rules and non-linear behaviors embedded in the simulation
are enforced implicitly through conditional logic and dynamic
state updates. These non-decision parameters are fixed and
system-level specifications that define technology behavior,
environmental conditions, and economic assumptions. Values
used for these variables were either known industry standards
or found via research [1], [7]-[10]. While these parameters are
not being optimized, they define how the system behaves under
different configurations, and therefore indirectly influence the
objectives’ outcomes and constraint feasibility.
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Fig. 1: Pairplot comparison of non-smoothed and smoothed
simulation datasets.

Fig. 2: Battery discharge governed by C-rate and SOC bounds.

Renewable energy sources, being governed by weather dy-
namics, add another layer of complexity to a problem land-
scape shaped by inter-temporal, non-linear constraints arising



Fig. 3: Diesel generator enforces minimum output threshold.

from the system’s operational component behaviors. Battery
operation is limited by power and energy constraints, charging
only up to its rate limit when surplus energy is available
and discharging until constrained by rate or state-of-charge, as
shown in Figure 2. Diesel generators add dispatch rigidity:
once on, they must run above a minimum power and risk
generating a surplus. Figure 3 illustrates this step-wise be-
havior. A sweep of minimum threshold values (10-90%) in
Figure 4 and Figure 5 shows that higher thresholds worsen
cost and emissions, while lower thresholds offer more flexible
backup, underscoring key system trade-offs. These simulation-
driven insights illustrate the complex dynamics and trade-offs
that emerge from component-level constraints and interactions
within a hybrid microgrid.

To better understand the relationships among and be-
tween decision variables and objective function values, two
datasets—one using hard logic and one with smooth approxi-
mations—were generated. Figure 1 shows how capacity sizes,
cost, and emissions correlate: Diesel capacity strongly drives
both metrics due to its high fuel and carbon costs, while
moderate battery sizing adds little cost, and wind and solar
contributions are context-dependent, shaped by their timing
relative to demand and storage. Importantly, this reveals that
smoothing operational logic reduces discontinuities, permitting
the use of gradient-based optimization methods.

III. MULTI-OBJECTIVE OPTIMIZATION STRATEGIES

A. Formulation of a General Multi-Objective Problem

The goal of multi-objective optimization is to minimize sev-
eral objective functions simultaneously. The objective functions

Effectof Diesel Generator Minimum Threshold on Cost
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Fig. 4: Impact of diesel generator threshold on system cost.

Effect of Diesel Generator Minimum Threshold on Emissions

Diesel Min Operating Fraction

Fig. 5: Total emissions vs diesel generator minimum threshold.

can be grouped into a single vector-valued objective function
f where

() = (fi(@), f2(2), .., fu(x)" : R" —» R

The minimization can be formulated as follows where R is the
feasible set of x.

min f(z)

Optimality points-efficient points-are points that produce the
lowest value of all components of the objective function.

F(x™) < f(x)

There is an additional notion of comparison in multi-objective

optimization problems with the concept of “domination”. A
point ' is said to dominate point z? if z' # z? and
f(z") < f(z?) (i.e. point z' is better in every way than point
x?). In all multi-objective problems of interest, the different
objective functions are competing in the sense that minimizing
one objective function causes a rise in the other. Additionally,
constraints on x further limit the values f can take. Often the
value the optimizes all components of the objective function is
infeasible or not possible. It is then of interest to look at the
Pareto Optimal Front or Pareto Frontier. The Pareto Front is the
set of non-dominated points and represents the design trade-
off region where any performance increase in one objective
function necessitates a degradation of performance in at least
one part of the objective function [11] . By looking at the Pareto
Front, a designer can analyze trade-offs and make decisions
based on other information such as component availability or
design timeline.

B. Weighted Sum Algorithm

The weighted sum, also known as linear scalarization,
method is a straightforward approach to converting a multi-
objective optimization problem into a single-objective opti-
mization problem [11] . As the name implies, the solution
involves weighting each function and summing the output of
these weighted function. Mathematically this is expressed as:

where:

o = = decisions variables (solar capacity, wind capacity,
diesel capacity, battery size)

o X = feasible set (constraints on X)

o fi(x) = individual objective functions (cost, emissions)

o w; = weights assigned to each objective

In this microgrid optimization problem we formulate the
optimization problem as:

gél;{l(’wcfc (CL’) + Wem fem (x))

In order to generate the Pareto front [2], the weights can be
swept, and optimization performed for each weight combina-
tion:

O<we<1

wemzl_wc



While running the weighted sum algorithm, it was found to

be sensitive to, and get stuck at local minima, so a multi-
start approach was used to test random initializations for each
weighting combination, and use the best result to form the
algorithm’s pareto front.

C. Epsilon Constraint Algorithm

The epsilon constraint method is another scalarization
method that optimizes one objective function while holding
all others as constraints.

Héi)r(l fe(x) subject to fixn(x) <€

Each optimum value found by the constrained single vari-
able optimization is a non-dominated point along the Pareto
front [11], [12]. For the microgrid optimization problem, this
method was executed with emissions as a constraint and a
second time with cost as a constraint.

D. Genetic Algorithm

Genetic algorithms (GA) are a class of derivative free
algorithms that perform well on multi-objective functions, and
particularly those that are non-differentiable, and non-convex.
GA’s fall under the larger umbrella of evolutionary algorithms,
and as the name suggests, they take inspiration from evolu-
tionary processes to solve optimization problems. The specific
GA used for this problem was the Non-Dominated Sorting
Algorithm 2 (NSGA-II) which uses the following procedure to
find the generate a Pareto front [2], [3], [5], [11] .

1) Random initialization of population of individuals with

chromosomes (vector of decision variables).

2) Evaluate the fitness (performance) of each individual
based on the objective functions.

3) Sort the population into different non-domination fronts.
The first front is the set of individuals that are not
dominated by any other individuals. The second front
is the set of individuals only dominated by individuals
in the first front, and so on.

4) Calculate the normalized distance between the neighbor-
ing individuals:

g = Je@irr) = fe(@i1)

T
fc,max - fc,min

f(xiy1) and f(z;—1) are the objective values of the
neighboring individuals. fmax and fmin are the minimum
and maximum values of the objectives in that front.
The boundary individuals are assigned d; = oo. Larger
crowding distances are preferred over lower distances to
promote diversity.

5) Use tournament selection to choose which individuals
to progress to the next generation. Randomly select
individuals w(“>, z® and determine fitness based which
is in a lower non-domination level. If gr:<")7 z® are on
the same front, then select the individual with the larger
crowding distance.

6) Crossover the fit individuals by combining pairs of two
’parents’ to create two 'children’ with variables that fall
on a probability distribution between the two parents.

7) Mutate the children by applying a small perturbation:

8) Iterate steps 2-7 until convergence.

Jem(@it1) = fem(2i-1)

fem,max -

—+

fem,min

E. MOEA/D

In addition to the NSGA-II genetic algorithm, the Mul-
tiobjective Evolutionary Algorithm Based on Decomposition
(MOEA/D) was applied to the problem in an effort to improve
upon the traditional genetic algorithm, NSGA-II. In MOEA/D
the multiobjective problem is decomposed into many scalar
optimization subproblems. In our case, we used a weighted
sum to scalarize the multiobjective problem because it dove-
tailed nicely with the weighted sum algorithm used above.
The algorithm starts by initializing a population, similar to
the genetic algorithm framework. Each subproblem is then
optimized using evolutionary operators such as tournament
selection, crossover, and mutation. Unlike NSGA-II, however,
each subproblem considers a defined number of neighbor-
ing subproblems—determined by Euclidean proximity in the
weight space—and uses information from those neighbors to
guide search and update solutions. This localized cooperation
enables the population to progressively evolve toward a well-
distributed Pareto front.

IV. CODING & METHODS

A. Programming Framework

Advanced optimization algorithms and scalarization meth-
ods were implemented using the pymoo framework [13].
OpenMDAO was employed for problem formulation and
implementation of the physics-based energy system mod-
els [14].The epsilon-constraint and weighted sum methods
were implemented using SciPy’s Sequential Least Squares
Quadratic Programming (SLSQP) solver, which is capable
of handling smooth non-linear constraints and bounds ef-
ficiently [15], [16]. Core numerical computations were
performed using NumPy [17], and scientific routines were
handled with SciPy [18]. Pandas provided tabular data
structures [19], and visualizations were rendered using
Matplotlib [20] and enhanced with Seaborn for statis-
tical graphics [21].For machine learning routines and perfor-
mance metrics, scikit—learn [22] was used, often with
parallel processing support from Joblib [23]. Additional
utilities for combinatorics and iteration came from the built-
in itertools module [24]. To ensure differentiability and
improve convergence in gradient-based optimization methods,
standard non-differentiable functions such as max, min, and
ReLU-like thresholds were replaced with smooth counterparts
using the smoothing functions LogSumExp and Softplus [25],
[26].

B. Data Collection

Real-world solar and wind data for the Navajo Nation was
obtained through NREL’s databases by using longitude and
latitude. NREL’s National Solar Resource Database (NSRDB)
provided wind speed (m/s) at 80-meter hub height, and solar
variables including global horizontal irradiance (GHI), diffuse
horizontal irradiance (DHI), solar zenith angle (SZA), and
azimuth angle at longitude -109.0430 and latitude 35.6778 for
power calculations [27]. As local demand was not available
for the existing Navajo Nation, the demand was estimated by
scaling the kW/person demand from Tucson, AZ to the Navajo
Nation [28].



C. Feasibility of Solutions & Benchmarking

A Monte Carlo variant of an exhaustive search algorithm
was first implemented to systematically evaluate the objec-
tive function over a predefined discrete grid of points in
the decision variable space. This stochastic method randomly
sampled system configurations from the 4D decision space
and gave us initial insight into the landscape of feasible and
infeasible solutions. Although inherently less exhaustive, the
Monte Carlo approach acted as a stochastic lower bound. If
a multi-objective optimizer failed to outperform Monte Carlo
solutions, it raised concerns about convergence or local optima
[11], [12]. Conversely, a significant improvement over Monte
Carlo validates the optimizer’s effectiveness and ability to
exploit the design space efficiently. A full 4D grid search
was then employed as an additional baseline to benchmark
performance. By discretizing each decision variable into 10
levels, the method exhaustively explored the design space
and resulted in 10,000 simulations. The process guarantees
complete coverage of the feasible region (within discretization
resolution) and the true Pareto front without the influence of
algorithmic heuristics [2], [29]. Further exploration revealed
important differences between grid-searches for smooth and
non-smooth versions-the feasible set for the optimization prob-
lem without a soft min and soft max produced significantly
lower objective function values. This observation revealed how
problem formulation can bias the optimizer’s ability to explore
shape of the feasible region and suggested that algorithms not
reliant on gradients may be better suited for this problem by
yielding a more accurate and beneficial Pareto front. These
grid search techniques also served as reference points against
which the efficacy, convergence behavior, and solution diversity
of tested algorithms could be evaluated against. [1], [3]-[5].

V. IMPLEMENTATION & DISCUSSION

A. Results

Figure 6 shows the Pareto Front results for all algorithms
tested on the smooth problem.
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Fig. 6: Pareto front comparison for smooth problem.

Table I shows the runtime to find 20 Pareto front points
by each of the algorithms for the smooth problem in
hours:minutes:seconds (H:M:S).

Figure 7 shows the Pareto Front results for all algorithms
tested on the non-smooth problem.

TABLE I: Algorithm runtime on smooth problem.

Algorithm Runtime (H:M:S)
Epsilon Constraint (emissions constrained) 0:15:50
Epsilon Constraint (cost constrained) 0:15:52
Weighted Sum (singular initialization) 0:10:00
Weighted Sum (evolution inspired) 3:12:15
NGSA II 0:02:25
MOEA/D 0:03:25
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Fig. 7: Pareto Fronts of Grid Search and Genetic Algorithm on
Smoothed vs. Non-smoothed Simulation.

A heatmap comparing performance metrics of algorithms is
shown in Figure 8. Runtimes were compared using streamlined
versions while preserving core logic without the computational
overhead. Hypervolume (HV) measures provides an aggre-
gate measure of convergence and diversity [2], [11]. Inverted
Generational Distance (IGD) shows how closely an algorithm
converges to the true front [11], [29]. Spread, the diversity
metric A, assesses the uniformity and extent of distribution
of solutions across the Pareto front [29].Coverage evaluates
the frequency for one algorithm’s solutions to dominate an-
other’s solution, indicating comparative performance [4], [5].
Average Cost, Average Emissions, and Average Unmet Load
offer insight into the economic, environmental, and reliability
performance of each algorithm’s output set [1], [3]. Pareto
Set Size quantifies the number of non-dominated solutions
indicative of solution diversity flexibility [11].

The best performing algorithm was the genetic algorithm
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Fig. 8: Algorithm performance heatmap.



outperforming all other algorithms for all metrics and was
able to find the optimum Pareto front. The epsilon constraint
method was able to find a Pareto front that was close to the
optimum along the bottom edge of the Pareto front but far from
the optimum on the left edge. The weighted sum was able to
locate some points along the Pareto front, but was sensitive
to initialization. The grid search performed the worst and was
unable to find points along the Pareto front.

The SLSQP algorithm is capable of handling smooth non-
linear constraints and bounds efficiently and was used for
both the weighted sum and epsilon constraint methods. At
a high level, the SLSQP algorithm solves a least-squares
approximation for the primal problem and then takes a newton
step to move to the next iterate [15], [16], [30]. Since SLSQP
is using, a Newton step, it is sensitive to gradient informa-
tion. The microgrid optimization implementation uses a finite
difference approximation for the gradient, and the implemen-
tation of SLSQP implementation uses first-order information
to approximate the Hessian. These layered approximations
and dependence on gradient information starkly contrasts with
the operation of the evolutionary algorithms. The evolutionary
algorithms are derivative-free optimizers, and thus not sensitive
to gradient information nor descent directions of the objective
function. These differences could explain why the evolutionary
algorithms out performs the classical method as it directly
attacks the optimization problem without approximations.

Algorithm operation leads to differences in computational
complexity and what factors affect the runtime. The evolution-
ary algorithms used (MOEA/D and NGSAZ2) have iterations
that are less computationally complex than iterations of epsilon
constraint or weighted sum. Since SLSQP is used in the
scalarization methods, each iteration solves a constrained least-
squares optimization problem which is more computationally
intensive than the formation of the next generation. However,
there are nuances as genetic and classical are scaled. Increasing
the input dimension increases the size of the least-squares opti-
mization solved by SLSQP at each iteration of the scalarization
methods and further increasing runtime of the scalarization.
However, in certain multi-objective problems, evaluating the
objective functions are computationally expensive. Genetic
algorithm iterations with large populations would have large
runtime because of evaluating the fitness of every individual.

During experimentation, the weighted sum Pareto front
was found to be sensitive to initialization likely due to a
local minimum. The epsilon constraint method uses the same
single variable optimization algorithm as weighted sum, but the
iterations of the single variable are distinct. At each iteration
the epsilon constraint method has both the unmet load and an
objective function as constraints whereas weighted sum only
has the constraint of unmet load. The difference in constraints
results in a different lagrangian at each step which could
explain why weighted sum is caught by a local minimum and
epsilon constraint is not. To work around the sensitivity, the
weighted sum was implemented with an evolutionary inspired
iteration. For each weight combination 5 random initializations
are optimized with the best performing being the output at
that weight combination. This implementation was much more
successful and sampling points along the full Pareto front but
the increased computational complexity significantly increased
the runtime.

B. Key Findings

The Genetic Algorithm had the strongest performance due
to its low runtime and computational intensity. The Genetic
Algorithm also was the most flexible algorithm for handling the
complexities required to optimize a non-convex, non-smooth
optimization problem. The results underscore the importance of
algorithm selection and problem formulation in multi-objective
optimization. The derivative-free GA proved especially effec-
tive on this non-smooth problem, suggesting robustness to
non-differentiable dynamics and discontinuities. In contrast,
classical methods relying on gradient information struggled to
match this performance, highlighting potential limitations when
applied to complex energy systems with implicit, non-smooth
constraints.

C. Limitations & Challenges

A key challenge was the trade-off between problem smooth-
ness and optimizer compatibility: while smoothing enabled
gradient-based methods, it also altered the feasible set and
masked key system dynamics. Additionally, many optimizers
were sensitive to initialization and local minima, requiring
multi-start or hybrid strategies to improve coverage. Compu-
tational cost also limited the resolution of exhaustive methods
like grid search, constraining their ability to explore higher-
dimensional design spaces.

VI. CONCLUSION

This model is a strong starting framework for any off-
grid area that wants to minimize cost and greenhouse gas
emissions when deciding the power generation sources for a
given area and demand curve. Potential changes that could be
made to improve the scalability of this project include adding
other generation technologies, scaling the emissions during
operation and maintenance for each technology, adding land
area constraints for each technology for a maximum number
of each generation source, and adding specific models and
manufacturers for each generation technology such as wind
turbines or solar panels for more accurate capacity factors and
costs. Other generation sources could include additional gen-
eration types such as natural gas power plants, hydro-powered
dams, geothermal, nuclear reactors, and more, depending on
the location of the off-grid model. This model does not include
any costs or constraints for transmission lines, substations, or
safety factors for grid protection (too much or too little power
back to the grid could create a problem). Other than scaling
the model for other specific locations and generation types as
mentioned previously, the model could be further developed
using other SCIPY single objective optimizers in place of
MDAO.
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Appendix 1

Battery SOC update: SOC[t+1] = SOC[t] + nPep[t] —

Piislt]
n

SOC range: 0.2z, < SOC[t] < xp

Charge/discharge limits: 0 < P.p[t], Pais[t] < Crate * Tp
Load balance: Ps[t] + Py, [t] + Pa[t] + Pais[t] > Lq.
Diesel min loading: 0.3 x4 < Py[t] < zq

Initial SOC: SOC[0] = 0.5 .

Solar output: Py ¢(zs) = nsApdnel(ms)Iiff

Wind output: Py, ¢ () =

L1 3
min (Eprvat, ww) , Veutin < V¢ < Vrated

Tw,
0 otherwise

Power non-negativity: Ps[t], Py [t], Palt], Pen[t], Pais[t] >0

Vt > Vnated A Ve < Veutout



