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Motivation for Grid Gamification 

The United States electricity grid is a highly complex system. Many factors play a role in 

determining grid reliability, stability, and electricity prices. For consumer prices, factors such as 

fuel cost, operations and maintenance, overall power demand, and weather patterns affect costs 

at the individual power plant scale, which in turn impacts market prices [1]. These fluctuations in 

market price impact the real-time (e.g., marginal) cost of electricity, but the average residential 

consumer responds to average market prices (e.g., the ostensibly consistent “flat” monthly rate as 

shown on a typical energy bill) [2]. As such, we might infer that the intricacies of our electricity 

market are not well-understood by the majority of residential electricity consumers, and average 

price billing does not incentivize consumers to reduce or change their electricity usage habits [3].  

 

To model the interrelationships between factors affecting market price, and thus better educate 

students (who are also residential electricity consumers), we created an optimization tool for use 

in undergraduate engineering courses teaching energy grid concepts, with expansion potential 

into high school STEM courses to improve overall electricity-consumer literacy. Often 

overlooked at individual and regional-scale market models are environmental factors such as 

plant water usage (e.g., withdrawal and consumption in L/kWh or gal/kWh), and carbon 

footprint (e.g., CO2eq/kWh). These environmental factors are termed externalities, or external 

factors, and unfortunately are rarely, if at all, considered in decision-making processes associated 

with electricity cost [4]. Some studies explore plant-type environmental impacts within an 

efficiency and/or cost landscape [5] [6] or environmental impact within a fuel-mix context [7]. 

However, a holistic approach to electricity cost, environmental impact, and consumer 

understanding is needed for integration into courses covering the fundamentals of our US 

electricity grid.  

 

Methods and Current Status 

Via optimization, we simulate environmental impact, operations and maintenance, and market 

volatility in relation to real-time electricity price. Since these objectives are often at odds with 

each other (e.g., conflicting interests), we simulate grid operations as a multiobjective 

optimization problem. Multiobjective optimization is a large and vibrant field of research on how 



to solve multiobjective problems effectively [8]. We hypothesize that teaching students grid 

optimization from a multiobjective viewpoint will help them understand the operation of the 

electricity grid from a systems perspective. Moreover, our work demonstrates how varied 

interests can impact electricity prices, while also allowing users to experience market 

functionality via gamification of complex concepts. Gamification of such complex topics will 

enhance student learning and engagement, as has been shown to be beneficial for learning in 

programming and other contexts [9].  

 

The algorithm used for this particular optimization is the Non-dominated Sorting Genetic 

Algorithm (NSGA-II), which is a genetic algorithm for solving multiobjective optimization. 

Genetic algorithms (GA) are a type of evolutionary algorithm that simulates the evolution of a 

population based on the principle of survival of the fittest to find near-optimal solutions [10]. 

The NSGA-II implements a standard genetic algorithm with slight modifications to the mating 

and survival selection procedures [11] in order to produce a Pareto front of optimal solutions. At 

the end of the procedure, weights are used to select a single “best” solution from the 

aforementioned Pareto front according to the preferences of the decision maker. In the following 

paragraphs, we outline our methodology in three stages: 1) data processing, 2) problem 

formulation, and 3) problem configuration.  

 

Data Preprocessing 

In order for the optimization to be easily integrated into a game, it must access and format power 

plants’ data, along with the total demand on the grid, provided in an input GDScript dictionary 

file (i.e., a JSON-like file). By default, our model includes sixteen fictitious1 power plants of 

varying type and cost, but the game can be configured with a user-defined set of power plants. 

The data in each row is transformed into the attributes of a greater PowerPlant Python object 

with ID, name, type (e.g., coal, nuclear, solar, wind, natural gas, hydro), production cost (static, 

wholesale $/kWh), minimum power output (minimum MW operational parameter), maximum 

power output (nameplate capacity, MW), current demand (total power demand, MW), and 

wholesale price fields. This process is then repeated for every plant on the sheet. 

 

This optimization also implements weather features: sun and wind values (percentages, meant to 

represent the current availability of sun and wind in a given region) used to calculate how much 

energy the solar and wind plants can produce under differing weather conditions. The game 

allows for optimization of water usage and carbon footprint, in addition to the cost of generation; 

and a weighting system in which each objective is assigned a weight between zero and one, with 

all weights together adding to 1.0, or 100%. 

 

 
1 All power plant data is informed by literature and Energy Information Administration online datasets, such as form 

923 downloadable data [18]. 



Problem Definition  

Since implementations of NSGA-II already exist in Python, our key task is to define the power 

plant optimization problem in a format that the GA library can optimize. This includes 

representing a given energy portfolio as an array of integers, writing objective functions that 

measure the impacts of a portfolio (i.e., price, carbon footprint, water footprint), defining a 

population initialization procedure, and defining constraints for the problem.   

 

The first challenge in designing this problem is how to represent an energy portfolio in the 

problem. Using a GA, we represent each portfolio as an integer array (𝑥), each element 𝑥𝑖 having 

a lower and upper bound (𝑥𝑙 ≤ 𝑥𝑖 ≤ 𝑥𝑢). However, there are actually two lower bounds to most 

power plants: the minimum output while operating in MW 𝑥𝑖
𝑚𝑖𝑛 , and the minimum output when 

shut off (i.e., 0 MW). For example, nuclear power plants have high capacity factors (power 

produced compared to maximum power potential, reported as a percentage) [12], in part due to 

the stable nature of nuclear reactions once generated. In other words, a nuclear power plant is not 

likely to operate below a capacity factor of 70%. There is also a maximum output value for each 

power plant, 𝑥𝑚𝑎𝑥. A naïve approach to addressing this design challenge is to set 𝑥𝑙 = 0, and 

then make constraints to make any value between 0 and 𝑥𝑖
𝑚𝑖𝑛 infeasible. However, this poses a 

challenge to the optimization, as discontinuous search spaces are difficult for the algorithm to 

navigate, negatively affecting performance.  

 

To overcome these challenges, we created a normalization routine that mapped the physical 

power plant values to integers between ⌊
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converting 𝑥𝑖 back to a physical power plant output level, negative numbers are normalized to 

zero (i.e., the power plant is shut off), and the positive numbers are added to the associated 

plants’ minimum outputs. This provides a lower boundary a small distance into the negatives and 

a higher positive upper boundary, which provides the GA a continuous search space without 

discontinuities. If a plant then exceeds its maximum generation capability, the amount generated 

is simply set to its max. This process ensures that each plant is either generating power that rests 

within its bounds, or the plant is turned off. In other words, our example nuclear plant from 

before will not be caught operating at infeasible capacity factors like 15% or 110%. 

 

For population sampling, each run begins by generating an initial population of megawatts 

generated per plant. Each portfolio of plants and their outputs are considered to be an individual 

in a population. The script will generate random power portfolios until a set number of 

individuals are created to represent the initial population. 

 

The script then takes this initial population and, after checking whether or not each plant’s power 

generation falls within its respective bounds, proceeds to the objective function. The objective 



function is what produces numbers (in this case, the overall cost to generate the plants’ power, 

the total water usage, and the total carbon footprint) to be minimized (i.e., optimized). In order to 

calculate the overall generation cost, each individual plant’s energy output (MW) is converted to 

kilowatts (kW), then multiplied by the plant’s specific generation cost ($/kWh) for consumer 

pricing. These individual plant costs are then added together to find the total cost. This 

calculation can be represented with the equation ∑(𝑥𝑖 ∗ 𝑦𝑖), where i represents the current plant, 

xi is the current plant’s power generation in kW, and yi is the current plant’s cost per kilowatt-

hour. For the purposes of in-game calculations of grid operational costs, the difference between 

energy (kWh) and power (kW) is neglected to remove the time element of pricing (the hours unit 

in kWh). Calculations of the total water usage and carbon footprint follow the same equation, 

with yi representing the current plant’s water use (L/kWh) and carbon footprint (CO2eq/kWh), 

respectively. 

 

Before a population can be considered as a potential solution, however, it must be verified to   

meet all necessary criteria. Here, there are two criteria that need to be met: 

1. Every plant in the population must either generate an amount of energy that falls within 

its given bounds or be turned off (generating zero MW), and  

2. The total amount of power being generated must meet or exceed the demand on the grid. 

 

Criterion 1 is handled by the normalization routine, as no solution can go between 0 and the 

minimum output of each power plant. For criterion 2, a variable is set to the number of 

megawatts that the proposed population falls short of the demand (if demand is met or exceeded, 

it’s simply set to 0). The verification of these criteria is then performed by a constraint function 

∑𝑥𝑖 + 𝑦, where xi represents a single constraint violation from criterion 1 and y represents a 

violation of criterion 2. If a population meets all constraints mentioned above, the function 

should equal zero; if it does not meet one or more constraints, the function will produce a 

number greater than zero. Thus, if the constraint function’s result is zero, the population is 

considered a potential solution; if it is greater than zero, the population is thrown out. 

 

Run Configuration  

Each session of the GA required several trials with differential random seeds. This is common 

practice in the GA literature, as it ensures that no one single optimization run is developing 

abnormally good or bad solutions. In order to minimize execution time, the optimization script 

begins by splitting the provided number of trials of the program evenly across the number of 

threads allocated (for testing purposes and throughout this paper, 16 runs and 8 threads are used). 

In summary, each thread runs the program runs / threads times (e.g., 16 runs / 8 threads = 2 trials 

per thread), each with a new random seed. Once all threads finish executing all runs of the GA, 

we are left with a list of each run’s best result. From here, the lowest overall cost that still meets 

all constraints is chosen and returned as the best, or optimal, answer. 

 



For optimization, two strategies were run: strategy 1, which is a single-objective problem that 

minimizes cost, and strategy 2, which is a multiobjective problem that minimizes costs, carbon 

footprint, and water footprint. Strategy 1 helps us validate whether or not the optimization is 

performing as well as a manual grid operator optimizing cost. Strategy 2 demonstrates the full 

systems perspective of multiobjective optimization.  

 

The NSGA-II algorithm is implemented via the pymoo (Python Multi-Objective Optimization) 

library [13]. The NSGA-II implementation was used with a few modifications to ensure that the 

functions are only working with integers, not floating-point values, as they add a lot of 

complexity and therefore increase run time. The population size was set to 250, which balanced 

time efficiency and accuracy, and 50 generations were used, as more generations did not improve 

accuracy. 

 

Preliminary Results 

The final step in the optimization is graphing the results to validate the performance. In the 

project’s current state, we have four major results. For strategy 1, we analyzed the following 

results:  

1. Production and price by plant 

2. Cost per generation of both the best result and all results 

3. A sensitivity analysis on the effects of differing numbers of generations on the results 

 

And for strategy 2, we analyzed the Pareto front of multi-objective optimization where all 

constraints are weighted equally. 

 

Strategy 1 Results 

Figure 1 shows how much electricity (technically power, in megawatts) each plant produces 

(shown as the width of the bars) along with the price to do so ($/kWh, shown as the height of the 

bars). The wholesale price, or the market price paid by the consumer, is the price of the most 

expensive plant used and is indicated by a horizontal black line. Only the best result is displayed 

in this power plant generation graph in Figure 1. This price optimization is an oversimplification 

of complex market interactions, but demonstrates how the “market stack” is generated to 

determine electricity pricing. The approach to cost determination and external factors impacting 

cost follows similar work on grid pricing structures [14]. For a review of electricity markets and 

pricing, see work by Forero-Quintero et. al [15], and others.  

 

Figure 2 visually demonstrates the run time per GA generation for both the overall best result 

found, and the best results of each time the algorithm ran. Each generation is indicated by a 

vertical bar. If a bar is red, the corresponding generation’s solution did not meet the constraints 

necessary to be a valid solution. Green bars, then, represent generations that successfully met all 



criteria and could then be improved upon in future generations. As the graphs show, the total cost 

increased rapidly until the criteria had been met, after which the cost slowly decreases as the 

algorithm works to optimize it. 

 

 

 
Figure 2: Comparison of generations and solution optimization. Sixteen runs are shown here, 

with different seeds. The array of runs demonstrates that in a typical run, the solution is 

optimized before 50 generations. 

 

Our final analysis for strategy 1 (Figure 3) illustrates the effect on the final result of changing the 

number of generations for which the algorithm ran. This analysis was designed to find the 

Figure 1: Individual power plant production levels (width, MW) and associated cost, stacked 

from least expensive to most expensive. Power plant names are from an in-class, on paper 

version of the game. [These pop-culture references were for amusement only, and will not be used in the finalized version of the game.] 
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specific run of the algorithm after which adding further generations no longer improved the cost 

optimization, and thus instead only added unnecessary time to the analysis. In other words, 

finding the tradeoff between run time efficiency and result accuracy.  

 

 
Figure 3: Sensitivity analysis on the number of generations compared to time needed to reach an 

optimal solution. 

Strategy 2 Results 

In addition to the single-variable optimization in relation to cost, a basic multiobjective 

optimization has been created in which cost, water footprint, and carbon footprint are weighted 

equally (default setting), or can be adjusted based on user preference (e.g., if water is a concern, 

the user could select water weighting as 50% of the total decision, carbon as 25%, and cost as 

25%). The result of this multiobjective optimization is a Pareto front, in which the optimal 

electricity mix is denoted with a star, and all other generation mixes appear in the Pareto front. 

An example run of the multi-objective optimization is shown in Figure 4.  

 

Pareto Front 

In this game’s current state, the optimization routine can balance the energy grid with respect to 

cost alone, or weight cost, carbon footprint, and water footprint. From a pedagogical view point, 

only considering the cost does not give students a full understanding of the electrical grid as a 

system. In other words, in today's workforce, it is no longer sufficient for engineering students to 

simply understand principles of engineering as isolated concepts, and ideally, they should be 

learning from a systems perspective [16]. Undergraduate students must enter the workforce 

understanding how to make design decisions that simultaneously balance systems with social, 

economic, and environmental objectives. Therefore, adding environmental objectives into our 

grid optimization framework is both logical and necessary. For example, each type of power 

plant contains environmental impacts (e.g., carbon and water footprints) which should be taken 



into account along with cost. To demonstrate the complexities of competing values, our 

multiobjective optimization provides users with the opportunity to compare and assess the 

impacts of environmental decision-making on consumer electricity prices.   

 

 
Figure 4: Pareto front for a multiobjective optimization run where cost, carbon footprint, and 

water footprint are given equal weight. The star indicates the algorithm’s selected “best” option 

given the optimization parameters.  

 

With complexity of real-world challenges comes complexity of optimization. Specifically, it is 

impossible to minimize carbon, water footprint, and cost objectives in a single solution for all 

sets of power plant conditions. For example, say an operator needs to pull 50 MW from either a 

nuclear power plant or a natural gas plant, in this scenario having the same marginal cost of 

electricity (e.g., $/kWh). Pulling all the power from a nuclear power plant may have a carbon 

footprint of zero (in the use-phase), but a nuclear plant uses more water than a non-zero carbon 

footprint natural gas plant (per electricity unit produced) [17]. Weighing each objective equally, 

each of these two choices are equally optimal, and human decision makers need to choose the 

best solution for the given scenario and stakeholder. In a water-stressed area, the natural gas 

plant might be the better solution, but at the environmental cost of increased carbon footprint. 

This is why accounting for a decision-makers influence on a decision, via weight of each 

constraint, is important to model real-world complexities in the game.  

 

Future Work 

Extending our current work into an educational multiobjective optimization software platform 

has followed three distinct stages: Stage 1) mathematically formulating our environmental 

objectives and constraints (i.e., water and carbon footprints), Stage 2) ensuring the optimization 

platform yields optimal solutions quickly enough to operate in a classroom setting on lab or 



personal computers, and Stage 3) designing a user interface (UI) for the students to run the 

optimization without required knowledge of Python coding. Stages 1 and 2 have been discussed 

in our preliminary results, and we are currently in progress on stage 3.  

 

For Stage 3 development of the game, a user-friendly interface for the optimization platform will 

be completed. In the project's current state, there exists a dummy-game framework created in 

Godot, complete with power plant characteristics and menu screens. The user interface was 

designed with input from college students during an optional focus-group session, where 

participants were informed of the game and research objectives, given a brief lesson on grid 

operations and power plant dynamics, then asked to sketch out game menus/features while 

providing verbal feedback to the designers. For the current optimization aspect of the game, a 

user must either know how to run Python scripts from the command line, a Python IDE, or from 

a Jupyter Notebook. Though undergraduate civil engineering students are technically savvy 

individuals, these coding skills are outside of their reasonable expected knowledge in a non-

coding course environment. Therefore, it is essential that the Python optimization script be 

integrated into a simple UI that allows users to easily and quickly run the optimization. The UI 

for the grid game is currently in progress, and concept art has been generated for various menu 

screens (Figure 5) and power plant types (Figure 6). 

 

Figure 5: Screenshot of in-game play showing power plant placements, with each active plant 

comprised of operational data (min and max MW output), price data ($/kWh), water footprint 

(L/kWh), and carbon footprint (CO2eq/kWh). 



 

Figure 6: Early concept art for power plant types, which will be incorporated into gameplay as 

power plant icons used in plant placement. 

 

Next steps include finishing the game in Godot, and developing instruction manuals complete 

with lesson plans for educators. Following user-manual creation, play-testing the game in a 

classroom environment will provide the opportunity to gather qualitative feedback from 

educators and students alike. Further focus group sessions and feedback surveys from play-

testers will inform final versions of the game.  
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