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Abstract 

The ongoing transformation in complex energy systems, driven by factors such as 

the adoption of renewable energy, higher-quality data, and the decentralization of 

power grids, presents a significant opportunity to tackle climate change and promote 

environmental justice. At the heart of this shift lies the move toward decentralized 

energy production, enabled by microgrids, prosumer engagement, and localized 

energy solutions. These efforts aim to reduce transmission losses, increase grid resil-

ience, and give communities greater control over their energy futures. The transition 

is also reshaping the role of utilities, which are pivoting toward renewable energy 

sources and adapting to decentralized grid architectures while integrating these inno-

vations into traditional systems. However, the policy, regulatory, and urban planning 

components of this transition have not been equally explored, and this gap must be 

addressed to provide successful implementation. In this research, we apply system 

dynamics modeling to assess multiple scenarios that explore different energy path-

ways, from traditional, utility-centered models to more planning-driven approaches 

that consider customer choices and decentralized solutions. Our findings underscore 

the need for a multi-pronged approach that combines policy innovation, socio-

economic benefits, carbon reduction strategies, and extended customer engagement. 

We emphasize the importance of adaptable energy policies, and this research identi-

fies several key pathways, including the adoption of renewable energy technologies, 

energy efficiency programs, and design strategies such as compact urban develop-

ment, that reduce energy demand. By simulating scenarios, ranging from Business-

As-Usual to the Illinois Climate and Equitable Jobs Act, we estimate the impact of 

policies on carbon emissions, electricity prices, and economic stability. The findings 

reveal the strong potential of decentralized systems, such as community microgrids 

and prosumer-driven energy solutions, in creating a more resilient and equitable 

energy system. With results, we highlight the need for continued research into public 

acceptance, technology, design, and policy tools that can further accelerate progress.
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Author summary

This research focuses on the ongoing transformation of energy systems, driv-
en by the increasing use of renewable energy, improved data quality, and the 
decentralization of the power grid. This shift promises significant benefits for 
addressing climate change and promoting environmental justice. By moving to-
wards decentralized energy production, such as prosumer engagement and mi-
crogrids, we aim to reduce energy losses and improve grid resilience. Our study 
examines how utilities are adapting to this new landscape, integrating renewable 
energy sources with existing grids. We also highlight a critical gap in the current 
approach: the need for more comprehensive policy and urban planning efforts. 
Using system dynamics modeling, we explore various scenarios, ranging from 
traditional utility-centered approaches to those driven by urban planning and cus-
tomer choices. The findings emphasize the necessity of robust energy policies, 
the socio-economic advantages of this transition, significant carbon reductions, 
and active customer participation. By presenting these insights, we aim to guide 
future research and support the development of cleaner, more sustainable elec-
tricity solutions at both regional and local levels.

1.  Introduction

Energy systems are now in a period of transition [1,2]. Many changes, such as 
access to new renewable energy sources [3], improved data quality [4], the develop-
ment of cost-effective storage systems [5], and the overall decentralization of the grid 
[6,7], make energy systems more complex but also more flexible and adaptable. The 
primary benefit of these changes and opportunities is that they address the pressure 
of the climate crisis and create a new energy industry that helps cities and commu-
nities reduce pollution and advance environmental justice [8–10]. With a goal to limit 
global temperature rise, carbon emissions must be minimized. Cities heavily depend 
on fossil fuels, necessitating new energy production and consumption methods, such 
as small decentralized, non-carbon-based energy systems [11]. For consumption, 
demand-side management is required to improve the energy efficiency of the built 
environment [12,13]. New renewable technologies enable a shift in electricity flows, 
traditionally one-directional, from central utilities to consumers. Now, consumers can 
choose their energy sources, becoming prosumers by selling excess power [14,15] 
or participating in decentralized systems like microgrids [16,17] and nano-grids [18]. 
These approaches reduce reliance on long-distance transmission, increasing effi-
ciency and resilience by localizing energy production [19]. The transition is moving 
toward smart grids with deregulated markets and flexible, cost-effective, and renew-
able technologies closer to consumers [20,21]. In this evolving “new” energy market, 
distributed generation, including leveraged renewables like wind and solar, has the 
potential to significantly cut global carbon emissions [22]. Distributed renewable gen-
eration faces two key challenges: intermittent power output due to varying sunlight 
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and wind [23,24] and high upfront costs with long payback periods, which hinder adoption [25,26]. However, optimizing 
control systems can help balance supply and demand. Alongside decentralized community solutions, utilities are adapting 
by transitioning from fossil fuels to renewable energy sources. This transition improves grid integration [27], scalability, 
load prediction using historical data [28,29], investment in advanced technologies, and overall cost-effectiveness [30], 
thereby guaranteeing a smoother energy transition.

Despite the significance of the ongoing energy transition and the growing attention to distributed generation concepts, 
relatively little attention is given to the policy side and how current urban planning research reflects it [31–34]. Those 
policies are built around developing and approving a clear strategic plan at all governance levels (state, municipal, local), 
as well as other initiatives within, such as mandating solar panels on new buildings, offering financial incentives, set-
ting clean energy targets, supporting community solar programs, and integrating renewables into city infrastructure and 
operations. It is commonly agreed upon in the literature that promoting renewable energy generation is critical for energy 
equity, availability, and overall sustainability [35–37]. However, the integration of energy and urban planning still faces key 
challenges: scaling solutions from building to city level [34], combining spatial and energy planning [38], improving com-
munication across governance levels [7,39], coordinating with other infrastructures like transport and water [40,41], and 
enabling decentralized grid systems and municipal renewable energy policies mentioned earlier [42,43]. This research 
addresses these gaps by simulating multiple policy and planning scenarios to evaluate how different governance and 
decision-making models affect urban energy transitions. Specifically, we model both traditional utility-centered energy 
planning and more decentralized approaches that emphasize urban policy, spatial design, and customer decision-making. 
The existing literature on energy transition in urban areas focuses on several broader fields and points of focus that are 
incorporated into the framework of this study and scenario design. First, many cities are shifting toward renewable energy 
using diverse sources, though often through utility-centered solutions [44–46]. Second, because the transition requires 
major upfront investments, scenarios must account for socio-economic benefits like job creation and local revenue gener-
ation [37,47,48]. Third, scenarios consider carbon neutrality goals, emphasizing emissions reduction through both con-
struction and operational changes, along with supportive policy and design strategies [37,49]. And finally, customer-driven 
scenarios reflect growing interest in decentralized energy, including prosumer participation, microgrids, and cost-saving 
behaviors [50–53]. Therefore, while existing research covers key aspects of urban energy transitions, gaps remain; and 
this research is looking at those gaps from the system perspective. There is limited exploration of how these factors 
interact across different urban contexts, as well as insufficient analysis of policy frameworks and planning frameworks that 
facilitate the adoption of decentralized energy. Furthermore, additional research is required to optimize environmental and 
financial models, thereby increasing the affordability and scalability of renewable solutions. To address these gaps, this 
study uses system dynamic modeling to evaluate whether and how traditionally structured energy system can become 
climate-neutral within a 50-year horizon and how the system will behave considering several scenarios to assess the com-
bined effects of planning, policy, and user participation on long-term sustainable energy outcomes. A particular interest 
involves evaluating recent state-level policies and strategies toward achieving the goal of creating a sustainable energy 
future.

2.  Materials and methods

The process of transition to clean, decentralized energy solutions in cities is a dynamically complex system, and System 
Dynamics (SD), as a modeling tool, provides benefits for investigating scenarios and time-varying trends [35,54]. Conse-
quently, by applying the principles, rules, and theories of SD, this research constructs and investigates policies that facil-
itate a smooth energy transition in cities. After forming six scenarios of this transition (explained in detail in Section 2.4) 
and analyzing policy instruments, we were able to evaluate the scenarios and determine the most effective one from both 
environmental and economic perspectives. To answer the main research question mentioned earlier, a four-step method-
ology was employed. The conceptual methodological framework is presented in the diagram in Fig 1, and it partly follows 
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the example workflow suggested by [55]. The methodological pipeline reflects the workflow, well-defined in the literature, 
from gathering data (fact-finding) to conceptualization (qualitative modeling – causal loop diagramming) with framing the 
main variables, their interaction, and potential testing scenarios based on diagrams explained in [56], to detailed aggre-
gation (quantitative modeling – SD), guided by the relations between variables and scenarios to test [35,47,55,57]. In the 
end, the results of the modeling process were evaluated using criteria and indicators developed below to measure the 
performance of scenarios.

2.1.  Data and area of study

The study area for this research is Northern Illinois (USA) – Commonwealth Edison (ComEd) service area (Fig 2), provid-
ing electric service to more than 4 million customers, with a significant variation in population profiles in the large metro-
politan area (Chicago) from the east and other, more rural, areas from the west [58–60]. The motivation for focusing on 
the state of Illinois stems from a declaration of the intended transition to 100% renewable energy by 2050, as established 
by the Climate and Equitable Jobs Act and promoted as “establishing Illinois as a national leader on climate action” [7,61]. 
There are other states with similar goals, such as California (a carbon-free goal by 2045), Massachusetts (a net-zero 
greenhouse gas goal by 2050), and New York (a 100% carbon-free electricity goal by 2040) [62], so the approach could 
be easily generalized to those states and other territories. However, Illinois’ legislators explain the uniqueness of this new 
Illinois plan in terms of comprehensive solutions toward equitable and sustainable job opportunities, in addition to improv-
ing the energy sector, making it a unique case to explore.

Another reason why the ComEd service area was selected is due to the data availability provided by the utility to the 
general public, which is crucial for the replicability of the study and further investigations. ComEd’s Environmental Dis-
closure Reports are produced annually; for instance, [63–66] were used to model the distribution of different electricity 
sources supplied from 2017 to 2020 and then simulated for subsequent years. The electricity generation sources are 
listed in Table 1 and are primarily composed of natural gas-fired, nuclear, and coal-fired power, with a minimal penetration 
of renewable energy sources (wind, hydro, and solar).

In addition, accessible (for anyone for a fee) anonymized energy usage data in 30-minute intervals, representing the 
total electricity consumed in kWh within the city of Chicago and its surroundings [67], was used to create an averaged 
consumption profile of the customers. Based on EIA [68], the average Illinois customer (household) uses 8.7 MWh every 
year. However, due to a more urban and denser population with smaller housing units compared to other parts of the 

Fig 1.  Conceptual methodological pipeline.

https://doi.org/10.1371/journal.pcsy.0000083.g001

https://doi.org/10.1371/journal.pcsy.0000083.g001
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Fig 2.  Study area: state of Illinois and ComEd service area (highlighted in yellow) used in the modeling (figure created by the author using 
licensed Esri ArcGIS Pro 3.3 software). The shapefile for Illinois boundaries was obtained from the Census Bureau’s open data portal (data.census.
gov).

https://doi.org/10.1371/journal.pcsy.0000083.g002

https://doi.org/10.1371/journal.pcsy.0000083.g002
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state, and therefore lower electricity use [69], the consumption number is based on actual data from 2020 [66] and is 
7.0 MWh per household. For example, in Fig 3, two yearly profiles for two zip codes are shown. The average household 
electricity consumption for these two areas is 6.1 MWh, with a clear difference defined by the predominant urban form. 
Zip code 60304 (green bars) is located in a suburban area with primarily single-family homes and limited mixed-use, while 
zip code 60608 (blue bars) is situated within the city of Chicago’s boundaries and primarily consists of multifamily housing 
units. The design of wholesale electricity prices ($/MWh) was based on historical data from the PJM Interconnection [70], 
a regional transmission organization operating in multiple states, including the ComEd service area. The other data inputs 
were derived and aggregated from the literature and are mentioned in the article’s text.

2.2.  System dynamics (SD)

Causal loop diagrams (CLDs) are often aggregated to provide a strategic view of complex problems. They are used as a 
front-end model conceptualization tool before their extension to an SD simulation environment [55]. The CLDs explained 
earlier in [56] focus on the relations between main variables in the system, while for the full dynamic simulation, an SD 

Table 1.  Sources of electricity supply for the 12 months in ComEd service area (in %), 2017-2020.

Source 2017 2018 2019 2020

Natural gas 27 34 38 39

Nuclear 36 34 35 34

Coal 32 26 22 21

Wind 3 3 3 3

Solar 0 0 0 1

Other (i.e., hydro, biomass, oil) 2 3 2 2

https://doi.org/10.1371/journal.pcsy.0000083.t001

Fig 3.  Base profiles for average yearly electricity consumption in two exemplary zip codes (60304 – green bars and 60608 – blue bars; yellow 
line represents the average consumption).

https://doi.org/10.1371/journal.pcsy.0000083.g003

https://doi.org/10.1371/journal.pcsy.0000083.t001
https://doi.org/10.1371/journal.pcsy.0000083.g003
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approach was developed as a following step based on it, with a goal of understanding the causal interactions in the sys-
tem over time through simulations. In SD, the system is represented in the form of a stock and flow diagram, and the main 
reason for using the SD approach is to get insights about feedback, delays, and other nonlinear interactions between ele-
ments and, therefore, provide help to decision-makers at the end [71]. By utilizing SD, we examine the long-term effects of 
various policy decisions and technological advancements on energy grids and markets. It is widely used in energy-related 
simulations, for example, in the diffusion of the photovoltaic energy market [72], the reciprocal relationships between tech-
nology, actors, economy, and institutions in urban energy systems [73], and the development of energy poverty policies 
[35,47].

The first step in developing the stock and flow diagram is to quantify CLD by adding equations, parameters, and inputs 
to the variables. At the core of the model is a conventional supply-demand concept for energy models [74,75], when 
energy generation addresses the needs of consumption at each moment. The entire stock and flow diagram is shown in 
Fig 4, which includes stock variables (rectangular shapes) representing the accumulation of materials, resources, and 
information that have accumulated over time, and flow variables (circular shapes connected by green lines) that change 
stocks [71]. Parameter variables (circular shapes) are designed to show the original value at the beginning of the simula-
tion, as well as disturb flow variables in different scenarios using equations.

The SD model has five main components divided by the direction of analysis: electricity demand (consumption) – blue 
box, section (C), second from the right top corner; electricity supply (generation) – yellow box on the left, section (A); CO

2
 

emissions – green box, third from the right top corner, section (B); economics – red box in the lower right corner, section 
(E); and community decentralized energy perspectives – purple box in the upper right corner, section (D). Key stock and 
flow variables used in the diagram are listed in Table 2, along with brief descriptions. The model was created using the Sil-
ico App modeling framework and simulation tool. The list of main equations and parameters used in the model is available 
in S1 Appendix.

Fig 4C illustrates the electricity demand (consumption) represented by the main stock, “Electricity demand,” in 
megawatt-hours (MWh), aggregated over time using the flow “Demand growth” in MWh per year. The demand is influ-
enced by the population (number of households) and the average household consumption in MWh per year, which is 
informed by the real electricity data from ComEd, explained earlier, and can be adjusted based on real electricity data for 
any other territory or service area. Based on real data, the average household consumption has been growing over time 
(with the exception of the densification scenario, explained later), resulting in overall dynamic growth of demand. Addition-
ally, density is a factor that can play a role in certain scenarios, impacting the total population and household consumption. 
Transmission losses, obtained from utility reliability reports, are factored in as an additional percentage of electricity added 
to the demand to ensure generation meets the required goals. Finally, the surplus represents instances where the supply 
exceeds demand at any particular point in time, offering opportunities for alternative utilization, such as selling to other 
regions or storing the excess.

The supply side of the model, depicted in Fig 4A, aims to accurately replicate the existing electricity generation mar-
ket structure in the ComEd service area. At the core of this model component lies the “Central Electricity Generation” 
stock (MWh), representing the production of electricity over time. Inputs to this stock are represented by three primary 
flow components: electricity generation from carbon-based non-renewables (top of Fig 4A), nuclear power (middle of Fig 
4A), and renewable energy sources (bottom of Fig 4A). The distribution of power plant types is determined based on real 
data (Table 1) or tested policies in different scenarios, with specific targets set for the share of each type by particular 
years (e.g., achieving 0% carbon-based plants by 2040). The supply side’s main role is to provide supply-demand equi-
librium based on demand requirements. The model incorporates the lifespan of different power plant types (30 years for 
carbon-based power plants, 20 years for nuclear power plants, and 25 years for renewables-based power plants), result-
ing in either new constructions or decommissioning of stations based on the scenario being tested. If the capacity of a 
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Table 2.  Key stock and flow variables used in the diagram. In the table, “(…)” represents any source of generation, such as nuclear, coal, 
natural gas, wind, or solar.

Variable Units Description Variable Units Description

Stock variables Flow variables

Accumulated CO
2
 

emissions
t CO

2
Total CO

2
 emissions from operations and 

construction
Emissions from 
operations

t CO
2

Total CO
2
 emissions from operations 

per year

Free cash $ Cash generated after taking into consideration cash 
outflow (accumulation of free cash flow over time)

Emissions from 
construction

t CO
2

Total CO
2
 emissions from new con-

struction per year

Electricity demand MWh Total electricity demand Demand growth MWh Total electricity demand per year

Central Electricity
Generation

MWh Total electricity supply from the power providers Switch to decen-
tralized solutions

MWh Total electricity received from individ-
ual/ community solutions per year

Individual/ community 
decentralized solutions

MWh Total electricity generated from small decentralized 
solutions

Profit from sales $ Amount of income that remains after 
all expenses per year

Production capacity 
of (…)

MWh Generation capacity from (1) non-renewables, (2) 
nuclear, (3) renewables

CAPEX $ Capital expenditures for constructions 
per year

(…) electricity 
generated

MWh Total amount of electricity produced by different 
sources

Existing produc-
tion capacity (…)

MWh A current capacity of various energy 
sources to produce electricity per year

Central electric-
ity generated

MWh Total amount of electricity produced 
by all sources

https://doi.org/10.1371/journal.pcsy.0000083.t002

Fig 4.  Stock and flow diagram of the energy market within the transition to a renewable-based decentralized energy system. (A): the large 
yellow box on the left represents the electricity generation profile based on the existing profile of ComEd in northern Illinois; (B): the green box to the 
left from the “electricity demand” box is environmental measures from both operations and construction; (C): the blue box on the top row in the middle 
represents an electricity demand side; (D): purple box to the right from the “electricity demand” box is a community decentralized energy generation 
strategies; and, (E): red box on the bottom right side is a finance measure with sales, electricity prices, etc., where free cash is a central measure.

https://doi.org/10.1371/journal.pcsy.0000083.g004

https://doi.org/10.1371/journal.pcsy.0000083.t002
https://doi.org/10.1371/journal.pcsy.0000083.g004
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certain type of plant is no longer necessary in specific scenarios (e.g., after surpassing a designated threshold), construc-
tion of a different energy source commences.

The third component of the model focuses on the environmental impact of power generation (Fig 4B), with a central 
element being the “Accumulated CO

2
 emission” stock, representing the cumulative t CO

2
 emissions in the atmosphere 

resulting from power generation. This stock is influenced by two flows: emissions from operations, which can be influ-
enced by the heat island effect discussed earlier, and emissions from construction activities. Evaluating the cleanliness 
of different electricity sources requires considering not only operational emissions but also emissions associated with the 
manufacturing and construction of plants, including high-emission, intensive production of batteries, solar panels, and 
wind turbines, as they are integral to the overall process. Emission factors are based on life cycle GHG assessments, 
calculated for operations, manufacturing, and fuel combustion [76–79], and the distribution of power generation sources in 
a given year is utilized to calculate the total emissions:

•	 Emission factors by source from operations and fuel combustion (in g CO
2
/MWh): (1) natural gas = 595.6K; (2) 

coal = 918.8K; (3) nuclear = 20.9K; (4) solar PV = 12.3K; (5) wind = 8.3K

•	 Emission factors by source from construction (in g CO
2
/MWh): (1) traditional power plants (averaged) = 3.1K; (2) renew-

ables (averaged) = 31.1K; (3) batteries = 61.0M.

The accumulated CO
2
 emissions stock serves as a significant measure and variable of interest in subsequent analyses.

The fourth component of the diagram focuses on the economic and financial aspects of the system (Fig 4E). It 
utilizes “Free cash” (measured in $) as the main stock, representing the accumulated cash generated by a com-
pany over time after accounting for operational and capital expenditures. The inflow of free cash is determined by 
the profit from sales, calculated by multiplying the annual electricity sales volume by the wholesale electricity price 
for residential customers in the corresponding year to capture the financial dynamics and revenue generation within 
the system, providing insights into the economic viability and performance of the company. In the real market, the 
wholesale price of electricity for residential consumers exhibits fluctuations over time due to various factors influenc-
ing the energy market [80], and these fluctuations occur due to changes in supply and demand dynamics, fuel costs, 
generation capacity, weather conditions, market regulations, and other variables. These price changes can occur on 
different timescales, ranging from intra-day fluctuations to seasonal or longer-term variations. To model these fluc-
tuations for analytical purposes, fixed thresholds of 20, 40, 50, 60, 80, and 120 $ per MWh of electricity were used, 
representing the real prices in Illinois [81]. However, to account for the inherent randomness in the market, a random 
fluctuation of +/- $5 was introduced by drawing random samples from a normal (Gaussian) distribution to add a more 
realistic representation of market conditions in the modeling process. To accurately model the capital expenditure 
(CAPEX, $) flow, the construction amounts were derived from the supply component of the diagram, ensuring a real-
istic representation of infrastructure development. The prices used in the model are sourced from utilities’ reports, 
reflecting actual market prices.

In the final component of the model, the focus is on customers’ intentions to transition toward decentralized solutions, 
measuring the behavioral response to policies, which is explored through a separate scenario (Fig 4D). As discussed 
in [56] and [82], the decision to adopt distributed generation with community or individual-based solutions is influenced 
by various factors, with monetary considerations and environmental awareness identified as critical drivers. In this 
part, the interest in decentralized community energy systems is driven by three main components: prosumer potential, 
determined by the ability to sell surplus electricity; electricity prices; and accumulated CO

2
 emissions, which are consid-

ered to become a visible factor due to climate change events. These factors are assumed to have equal weight in the 
decision-making process and are treated as such in the model. Once the switch to decentralized solutions occurs, cus-
tomers begin generating electricity, resulting in decreased demand for conventional generation due to the independence 
of these systems from the main grid.
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2.3.  Model validation

The presented model was tested with several validation tests described in system dynamics literature [35,57,83–85]. As 
commonly emphasized in SD literature, such models prioritize understanding system behavior and dynamics over point 
predictions [83]. While SD models can provide insights into possible future trends or outcomes, the goal is more about 
understanding system behavior and testing “what-if” scenarios rather than making deterministic predictions. Therefore, the 
tests described later provide usefulness, are convincing, and inspire confidence in the model [86]. Historical data for elec-
tricity is available, dating back to the model’s inception in 2017. Real data is available until 2025 (the last input available 
from ComEd reports is from June 30, 2025); historical tests were utilized in addition to operational and sensitivity tests to 
validate the model and achieve an acceptable level of simulation accuracy in the scenarios. Given the limited availabil-
ity of data for statistical validation of other variables (emission and financial data are not disclosed by the utilities at the 
granular level needed for tests), our primary focus lies in conceptually validating the mechanisms within our model before 
projecting into the future and anticipating potential trajectories with cautious confidence. So, the model validation includes:

•	 operational and structural tests, including face validity and extreme condition testing

•	 historical behavior tests using real-world data (generation statistics from ComEd reports from 2017 to mid-2025)

•	 sensitivity analysis to test model robustness.

(a)  Operational test.  The operational test included the verification and analysis of the appropriateness of using 
the Silico software for this type of analysis, as well as general model verification and face validity. Variable units were 
checked to verify the equations, and this verification was performed to demonstrate that the scenario behaves as defined 
by the experiment. The approach of “face validity,” originally defined by [84], was used to evaluate if all parameters 
and model structure make sense. For example, in our model, a hidden control variable (supply/demand equilibrium) is 
used to measure and ensure that fluctuations do not exceed a certain threshold [87]. Electricity demand is constantly 
changing, requiring suppliers to generate more energy during periods of high demand and less during periods of low 
demand. In the real environment, suppliers typically measure demand in 15-minute periods to effectively respond to 
changing electricity consumption patterns. During periods of low demand, such as during mild weather conditions, 
the supply of electricity can exceed demand, resulting in a surplus that can range from a few percentage points to 
a significant excess, potentially reaching double-digit percentages. Conversely, during periods of high demand or 
unexpected outages, the demand for electricity can exceed the available supply, resulting in a shortfall that can range 
from a minor shortage to a substantial gap, potentially reaching double-digit percentages. Managing the balance 
between supply and demand is crucial to avoid undersupply, which can lead to blackouts and brownouts, as well as 
oversupply, where excess energy may go to waste or be stored in batteries if certain technologies are available. As 
shown in Fig 5, the undersupply or oversupply is within the range between -300 GWh and 300 GWh (which is less 
than 1% of the total supply) with a few exceptions in the last years in one of the scenarios, where the fluctuations are 
within 5% of the total supply, which is also within the allowable threshold. That scenario, characterized by a high rate 
of decentralized energy and the highest oversupply (pink line in Fig 5), highlights a critical challenge where the rapid 
shutdown of power generators relying on traditional sources, such as nuclear power stations, is not immediately feasible, 
resulting in a time delay in the process.

The graph demonstrates that the model maintains dynamic stability across most scenarios, with deviations emerg-
ing only under extreme decentralization conditions, indicating sensitivity to structural and policy-driven feedbacks. This 
outcome aligns with established SD validation principles, which emphasize behavioral and structural validation over exact 
numerical replication when empirical data are limited [83,85]. From a validation perspective, this behavior suggests that 
the model’s structural integrity and feedback mechanisms are consistent with real-world system behavior, supporting its 
credibility for scenario-based policy exploration.
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(b)  Historical behavior tests.  As mentioned earlier, due to the model’s nature, it is challenging to conduct tests of 
multiple parameters and compare them with real historical data. However, to validate the model, we were able to compare 
generation patterns, which is one of the most important variables in the system, for the first nine years of the simulation 
with real-world data from the utility (Fig 6). We first identified a trendline formula from the observed utility data for 2017–
2020 and used it to train the model. The model does not simply replicate that formula; instead, it learns the underlying 
patterns it represents and then generates its own simulated series. For this reason, we evaluate two cases: (i) in-sample 
backcasts for 2017–2020, where the simulated values need not exactly match the raw observations, but be able to be 
generalized from the trained model, and (ii) out-of-sample forecasts for 2021–2025. Therefore, the gaps in 2017–2020 
arise because the learned simulation is based on a smoothed trend with modeling constraints (rather than point-by-point 
replication of noisy observations). In Fig 6, the numbers label the percent difference between the simulated series (green 
line) and the utility’s reported values (orange points). Results show that the model can be considered robust, as the error 
between real and simulated data is small and falls within the 15% range (most of the simulated years within the 10% 
range, sometimes closer to 0% – exact alignment).

(c)  Sensitivity analysis.  In SD research, sensitivity analysis is not a substitute for model validation but rather a 
complementary step to assess model robustness and behavioral stability under uncertainty [83,85]. Following this 
principle, our sensitivity analysis was conducted after confirming face validity, operational integrity, and historical pattern 
replication, making sure that the model is both conceptually and empirically sound before testing its sensitivity boundaries 
and examining extreme situations. This type of analysis is typically understood as a method to alter the values of at 
least one factor, calculate and observe its impact on the results, and estimate the sensitivity of the results to that factor 
[83,88]. The sensitivity of tipping points to model parameters provides valuable insights into the factors that influence 
ripple effects and deadline stress. This information is particularly relevant for policymakers involved in managing large-
scale projects, where rapid ripple effects and schedule pressures can emerge, to understand the critical parameters that 
should be considered when formulating policies to effectively manage large projects and mitigate the risks associated 
with ripple effects and schedule stress [89]. In this model, numerical sensitivity is employed to examine how changes in 
assumptions impact the mathematical values of the results [83]. As discussed earlier, the price of electricity is considered 
a critical component in the transition to decentralized systems at both individual and community levels [50,89–91]. The 
fluctuations in electricity prices depend on several key parameters, including market dynamics, prevailing fuel prices, 
generation capacity, available infrastructure, and weather conditions. In our model, based on historical data, the minimum 
price for electricity varies from $20 per MWh to $120 per MWh, using a random variable with a standard deviation of 
$5, and is designed to primarily reflect market dynamics. In the sensitivity testing, we change the minimum price ($20) 

Fig 5.  Electricity supply-demand equilibrium variable over the simulation timeframe.

https://doi.org/10.1371/journal.pcsy.0000083.g005

https://doi.org/10.1371/journal.pcsy.0000083.g005
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within the range [-95%; -75%; 50%; 150%; 175%; 195%] to see how two variables of interest (CO
2
 emissions and 

switch to decentralized solutions) change over time with new inputs. The results presented in Fig 7 clearly show that the 
fluctuations of the minimum price for electricity affect the decision made to switch to a decentralized solution, even if it 
is only one component of the decision-making process, and, therefore, the overall CO

2
 emissions due to a considerable 

change into more renewable solutions and less consumption of electricity from utility-based fossil fuel sources.
The results of the sensitivity analysis are consistent with the real-life findings from the literature. The fluctuations in 

electricity prices are influenced by various parameters, including market dynamics, fuel prices, generation capacity, infra-
structure availability, and weather conditions. In the model, the minimum price for electricity is initially set within a certain 
range based on historical data, reflecting market dynamics. The overall model is sensitive to price fluctuations in certain 
time periods within the simulation; however, it does not change significantly at the beginning of the modeling and at the 
very end of the simulation, when the variables of interest stabilize. The model’s sensitivity to price fluctuations and its 
impact on the decision-making process can be explained by the economic dynamics at play: as electricity prices rise, the 
cost-effectiveness and competitiveness of decentralized solutions, such as solar or wind power, also increase. Addition-
ally, the percentage of the increase (or decrease) of variables in the tested scenarios is not particularly high compared to 
the dramatic change in input, so the model can produce a tolerable output behavior. The relatively moderate percentage 
changes in the variables of interest compared to the dramatic changes in input indicate that the model produces output 

Fig 6.  Historical test results for generation patterns in 2017-2025. The green color (lines and markers) represents simulated data, and the orange 
markers show real data. Numbers on the graph represent the difference (in %) between simulation and actual data.

https://doi.org/10.1371/journal.pcsy.0000083.g006

https://doi.org/10.1371/journal.pcsy.0000083.g006
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that aligns with expected behavior. This suggests that the model captures some of the complexity of the relationship 
between price fluctuations, the adoption of decentralized solutions, and resulting CO

2
 emissions.

2.4.  Scenario simulation

In this article, six scenarios were designed to test based on the literature and current energy market trends in Illinois. All 
scenarios were planned using real data inputs described earlier in their initial stages; however, the policies and strategies 
are unique to every single scenario. The modeling horizon spans 50 years, from 2017 to 2067, with each tick representing 
one year. The scenarios are presented in Table 3.

The selected scenarios were chosen to address the most pressing challenges and opportunities in urban energy 
markets by considering a mix of current utility strategies [56], policy-driven transitions [64], technological advancements 
[97,24], and consumer-driven changes. The BAU scenario serves as a benchmark, reflecting real utility data and pro-
jected trends, ensuring that all comparisons are grounded in actual market dynamics. The DENS scenario tests the well-
documented correlation between urban densification and energy consumption patterns [92–95], which is the only urban 
planning-focused solution, and which has been shown to reduce per capita energy use through more efficient land use 
and infrastructure. This is illustrated by real-life examples, such as in Tokyo, Japan. Tokyo’s high urban density has led 
to more energy-efficient buildings and infrastructure, resulting in reduced per capita electricity consumption. The city has 
implemented compact urban planning, which has improved public transport and energy efficiency, aligning with the DENS 
scenario’s concept of increased population density and reduced household energy use. Policy-driven scenarios, such as 
CEJA and REN, enable the evaluation of regulatory impacts, particularly the feasibility and consequences of ambitious 
decarbonization goals, aligning with ongoing legislative efforts in Illinois and similar policies worldwide. Examples of simi-
lar strategies could be European policies [7], such as in Denmark (strategic planning), Germany (Energiewende strategy), 
or France’s transition from nuclear power generation. The RENBS scenario is crucial for assessing the role of energy stor-
age in mitigating the intermittency of renewables, a key technological challenge in transitioning to a low-carbon grid. This 
scenario takes into consideration the successful story of Moss Landing Energy Storage Facility in California, USA, which 
is one of the world’s biggest storage projects. Finally, the DEC scenario acknowledges the growing interest in decentral-
ized energy solutions, as identified in previous research, and explores the potential for prosumer participation to reshape 
electricity markets (for instance, Brooklyn Microgrid in New York, USA). Together, these scenarios provide a well-rounded 
analysis that accounts for both near-term transitions and long-term structural shifts in energy systems, informed by urban 
planning, energy engineering, and concrete policy strategies based on examples from around the world.

3.  Results

A goal of this modeling process is to understand the complexity of the transition to the new electrical system through 
different scenarios and evaluate the environmental, economic, and technological sustainability of the designed 
system over the timeframe. This section provides the results from the simulations for all six scenarios described in 
the previous section. It is worth noting again that these SD simulations are not used to predict or forecast concrete 
numerical data, but rather to understand trends, patterns, and relative differences between scenarios, which can be 
used as input for assessing future policymaking processes. All simulations were made for an imaginary area with 
100,000 residents located in northern Illinois. The results of the scenario simulations presented in this section can be 
combined into three broad categories of impact: electricity consumption and generation, finance, and environmental 
perspectives.

Fig 7.  Results of the sensitivity analysis for accumulated CO
2
 emissions (a) and switch to decentralized solutions (b). The base case rep-

resents a modeled electricity price of $20/MWh; 50% – $10; 25% – $5; 5% – $1; 150% – $30; 175% – $35; 195% – $39.

https://doi.org/10.1371/journal.pcsy.0000083.g007

https://doi.org/10.1371/journal.pcsy.0000083.g007
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3.1.  Electricity consumption and generation

Fig 8 shows results for all six scenarios from both the supply and demand sides of the electricity profile. Fig 8A illustrates 
the total generation managed by the centralized utility. Fig 8B shows the total electricity demand from the population that 
needs to be provided by the centralized utility. Fig 8C displays the pattern of switching to decentralized, individual, and/
or community-based solutions. Fig 8D–8F show the electricity generation for three major types of centralized electricity 
generation sources: thermal-power capacities (combining natural gas and coal-based technologies), nuclear-powered 
generation, and renewable-based technologies (combining wind and solar). The distinction between cumulative (stock; Fig 

Table 3.  Scenarios used in the model.

Scenario name Description Visualization

Business-as-usual scenario 
(BAU)

This scenario is based on the real ComEd data regarding shares of each source of energy in 
the total electricity generation profile and projected trends for the following years. This scenario 
includes a slow reduction of the share of coal-based power plants that mainly are changed to 
natural gas-based power plants following the current strategies of the utility.

The scenario uses 
blue color on graphs.

Densification scenario 
(DENS)

The densification scenario works under the concept of how electricity will be consumed based on 
the fact that the number of households in the region will increase, but the average consumption 
of the household will decrease because of the more compact urban form. The term “urban form” 
includes many characteristics of the built environment, such as density, orientation of the struc-
tures and streets, compactness, concentration, etc. It is based on the findings from [56], where 
the densification pattern is positively linked to the electricity demand. In the literature, a positive 
relationship between an increase in population density and a decrease in energy consumption 
have found [92–95]. The idea of this scenario is to represent the demand control using the tools 
and methods available to urban planners leading to denser neighborhoods. This scenario has 
the same generation patterns as BAU, with only changes in the consumption profile.

The scenario uses red 
color on graphs.

Illinois Climate and Equi-
table Jobs Act scenario 
(CEJA)

This scenario is based on a signed into law 2021 Illinois Climate and Equitable Jobs Act [61] 
which includes strategies of using about 90% of carbon-free sources by 2050 that will be 
achieved by having 50% of renewables by 2040 and keeping nuclear resources for the rest of 
the energy profile.

The scenario uses 
purple color on 
graphs.

Mostly renewables scenario 
(REN)

This scenario is similar to the previous scenario, but without using nuclear as a source of 
electricity generation and shutting down all nuclear stations over time. This scenario is based on 
renewables (both solar and wind) in addition to about 10% of other generation (such as natural 
gas) by 2035. As was discussed in [7], the nuclear lobby is significant in Illinois, and it is going to 
stay a vital part of the generation profile. However, taking into account nuclear disaster events 
that took place in several places, for example, Chernobyl or Fukushima, there is a strong need 
to test policies without high dependency on this source of power, following guidelines of many 
countries, such as Germany, shutting down the old nuclear reactors [96].

The scenario uses 
green color on graphs.

Mostly renewables and 
large battery storage sce-
nario (RENBS)

This scenario is based on avoiding fossil fuels after 2040 and leaving only renewable sources 
and large batteries (storage) as a backup by 2040. The CLD analysis in [56] reveals the pivotal 
role of technological progress in the energy industry as both an initiator and disseminator of 
change. Notably, this progress has led to the cost reduction of batteries and improved customer 
accessibility for their installation. While the decreased prices of batteries have positive implica-
tions for their installation, it is essential to address the environmental drawbacks and upfront 
costs that remain significant concerns in the adoption of these technologies. This scenario will 
test a significant production of battery storage in several years with their further use in a genera-
tion profile.

The scenario uses 
orange color on 
graphs.

Individual and 
community-based decen-
tralized solutions scenario 
(DEC)

This scenario is based on the assumption that consumers, if seeing clear benefits and opportu-
nities to be involved in the electricity market (with primarily monetary potential, either in getting 
independence from the central utility and getting electricity with lower prices, or even becoming 
prosumers and selling a surplus of electricity back to the grid), consumers may decide to create 
an individual or community-based decentralized solution. This scenario tests the findings from 
the graph analysis from [56], which found the interest in decentralized solutions as a significant 
disseminator of change, directly connected with environmental concerns, electricity prices, 
opportunity for energy independence, and prosumer potential. All other parts of the model stay 
similar to the BAU scenario.

The scenario uses 
pink color on graphs.

https://doi.org/10.1371/journal.pcsy.0000083.t003

https://doi.org/10.1371/journal.pcsy.0000083.t003
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8A, 8B) and annual (flow; Fig 8C–8F) variables in this study follows established practices in SD modeling of energy tran-
sitions. Stock variables, such as cumulative centralized electricity generation and total demand, represent the aggregated 
state of the system over time, reflecting the long-term buildup of capacity and energy use. In contrast, flow variables, 
such as annual generation by source or yearly adoption of decentralized solutions, describe the rates of change and 
short-term dynamics that drive system evolution. Displaying both stock and flow perspectives allows for a more compre-
hensive understanding of the interrelations between accumulation, policy interventions, and transitional feedback effects 
[82,98,99]. This approach aligns with recent system dynamics and stock-flow consistent energy modeling literature, which 
emphasizes the importance of capturing both aggregated and rate-based system behaviors for realistic scenario analysis 
[82,100,–102].

The DEC scenario demonstrates a pronounced structural shift in the energy system, where decentralized adoption 
substantially modifies the supply-demand dynamics by reducing dependency on centralized generation and reshaping 
operational roles of utilities. As decentralized systems expand, centralized utilities increasingly function as backup capac-
ity providers, supplying energy mainly during peak demand or unfavorable weather conditions. (i.e., windless day for the 
wind turbines-based systems). As decentralized systems expand, centralized utilities increasingly function as backup 
capacity providers, supplying energy mainly during peak demand or unfavorable weather conditions. This evolution also 
suggests a gradual realignment of utility operations, where retiring older, high-emission power stations becomes both eco-
nomically viable and strategically beneficial. The model indicates that the most effective window for beginning large-scale 

Fig 8.  Comparison of simulation results for electricity supply and demand. The figures distinguish between stock variables (cumulative electricity 
generation and demand) and flow variables (annual generation and decentralized adoption).

https://doi.org/10.1371/journal.pcsy.0000083.g008

https://doi.org/10.1371/journal.pcsy.0000083.g008
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decommissioning of centralized generation lies between 2045 and 2050, when decentralized capacity stabilizes, and 
investment returns for consumers improve (Fig 8D, 8E). The analysis revealed that this strategy provided a total reduc-
tion in generation at the end of the simulation of 28.9% compared to the BAU scenario (Table 4). Beyond the 50-year 
horizon, the trend becomes self-reinforcing – wider adoption of decentralized systems accelerates further investment 
through social and market feedbacks. This could be explained by the reinforcing nature of this process: results reveal a 
reinforcing feedback loop typical for socio-technical transitions. As decentralized adoption grows, centralized revenues 
decline, prompting tariff adjustments that, in turn, stimulate additional decentralized uptake. Such a behavioral-economic 
loop reflects the core feedback structure of the model and aligns with recent studies describing feedback-driven diffusion 
in distributed energy systems [82,101]. In the DEC scenario, over the last few years, there is no room for any other types 
of centralized generation; however, by 2062, some electricity will still be generated from centralized sources (mainly from 
natural gas- and nuclear-based stations).

The DENS scenario also provides a slight reduction in both consumption and production patterns. In this case, the 
total generation decreases moderately (-14.1% from BAU) (Table 4), but the benefits of compact urban form are partially 
offset by reduced potential for on-site renewable generation due to building height, shadowing, and limited rooftop space 
[94,103]. This indicates that densification alone cannot ensure sustainability unless supported by integrated spatial-energy 
planning strategies. In dense urban settings, maximizing renewable generation potential requires joint consideration of 
architectural form, solar access, and urban energy infrastructure, a finding that links energy modeling with spatial planning 
and policy design. Scenarios CEJA, REN, and RENBS exhibit similar trends to BAU over time, allowing for reductions of 
1.3%, 5.4%, and 3.3% of the total generation, respectively (Table 4). Their trajectories demonstrate that renewable growth 
alone, without active demand-side measures or decentralized governance, is insufficient for achieving long-term decar-
bonization. This reinforces the study’s main argument that transformative energy transitions depend on policy integration, 
behavioral feedbacks, and urban planning coordination rather than isolated technological interventions.

3.2.  Finance

In Fig 9, five financial variables simulated in the model are presented. Fig 9A represents the total sales of electricity in 
MWh. Fig 9B shows the wholesale electricity prices in $/MWh based on historical data with artificially created random 
fluctuations, and Fig 9C therefore shows the total profit from sales based on sales and the average electricity price. Fig 
9D represents CAPEX, which refers to “capital expenditure” and represents the funds invested in acquiring, upgrading, or 
expanding fixed assets or infrastructure (in our model, this includes capital construction of new power generation plants or 
energy storage systems). The price for capital construction varies throughout the entire simulation period and takes into 
account predictions regarding fluctuations in the market price for different types of renewable infrastructure and batteries 

Table 4.  Electricity consumption and generation for the different scenarios at the end of the simulation (year = 2067) and a comparison with a 
BAU scenario (change in % to the base run).

Centralized
electricity generation

Electricity demand
from centralized 
generation

Electricity generation
from coal and natural 
gas

Electricity generation
from nuclear

Electricity generation
from renewables 
(solar and wind)

MWh Change (%) MWh Change (%) MWh Change (%) MWh Change (%) MWh Change (%)

BAU 44,771,576 – 44,464,356 – 635,170 – 271,625 – 50,477 –

DENS 38,461,175 -14.1 38,329,563 -13.8 327,743 -48.4 140,157 -48.4 26,046 -48.4

CEJA 44,210,127 -1.3 44,138,040 -0.7 0 -100 265,825 -2.1 607,588 1,103.7

REN 42,338,314 -5.4 43,716,887 -1.7 10,879 -98.3 0 -100 839,866 1,563.9

RENBS 43,292,019 -3.3 44,382,601 -0.2 10,207 -98.4 0 -100 856,269 1,596.4

DEC 31,820,998 -28.9 25,598,894 -42.4 0 -100 0 -100 0 -100

https://doi.org/10.1371/journal.pcsy.0000083.t004

https://doi.org/10.1371/journal.pcsy.0000083.t004
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[68,104,105]. Finally, Fig 9E illustrates the free cash measure, which represents the amount of cash generated by a utility 
from its operations after accounting for capital expenditures and working capital requirements. Free cash flow is generally 
considered a valuable measure for all finance because it provides insights into the financial sustainability of strategies and 
allows us to see potential scenario profitability.

The sales of electricity graph shown in Fig 9A is almost identical to the plot shown in Fig 8A, representing a centralized 
electricity generation pattern. Usually, all produced electricity goes to the grid and is sold; however, since sometimes there 
is a surplus of electricity, utilities have to manage it with different scenarios such as selling to other utilities, saving it to the 
storage if available, incentivizing consumption through demand response mechanisms or time-of-use pricing, or use cur-
tailment as a last option when surplus generation exceeds storage and demand capacity. However, profit from sales (Fig 
9C) varies a lot since it is highly linked with wholesale electricity prices (Fig 9B). In BAU and DENS scenarios, electricity 
prices remain relatively stable due to the absence of new construction, low capital expenditure, and steady consumption 
trends, resulting in minimal tariff pressure. In contrast, REN and RENBS scenarios show gradual price increases (to $83 
and $78/MWh by 2067), primarily reflecting cost recovery mechanisms for renewable infrastructure investments. The DEC 
scenario exhibits an inverse market response: as customer migration toward decentralized systems accelerates, utilities 
reduce output and operational costs, thereby lowering prices to remain competitive. This reflects a balancing feedback 
between market share loss and cost reduction, where price adaptation acts as a temporary stabilizing mechanism within a 
declining utility revenue base. Consequently, the end price in 2067 for the DEC scenario is $23/MWh. As seen in Table 5 
and Fig 9C, REN and RENBS scenarios yield the highest nominal revenues in terms of revenue generated from electricity 
sales; however, the CAPEX for those scenarios is very high, too (Fig 9D). The higher CAPEX is only in the DEC scenario 

Fig 9.  Comparison of simulation results for economic factors.

https://doi.org/10.1371/journal.pcsy.0000083.g009
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with a significant construction of individual or community-based solutions. In the DEC scenario, however, investment 
responsibilities are distributed among actors (municipalities, cooperatives, and public–private or citizen–private partner-
ships [97,106]), indicating a systemic redistribution of financial risk and ownership. This structure may improve long-term 
resilience, even if short-term profitability declines. BAU and DENS have almost no CAPEX due to the minimal construction 
and improvements.

Free cash used in the model allows one to measure how efficiently utilities generate operational liquidity after deduct-
ing all expenses related to CAPEX. In our model, as shown in Fig 9E, we clearly observe that the BAU and DENS sce-
narios are the most profitable because they maintain stable operations and low reinvestment needs. Since utilities are 
well-regulated and their business structure has remained largely unchanged for decades, the safer option is to stick with 
existing mechanisms and infrastructure, renewing only the basic poles and wires. It is important to note that in some U.S. 
states, such as Illinois, generation and transmission are legally unbundled but often corporately integrated, allowing finan-
cial outcomes to remain aligned between production and distribution arms. This vertical alignment partially explains why 
the BAU and DENS scenarios sustain high free cash flow despite limited innovation.

3.3.  Environmental metrics

In Fig 10, major environmental metrics are shown. Fig 10A represents the total accumulated CO
2
 emissions over 50 years 

of the simulation coming from two sources: operations (Fig 10B) and new construction (Fig 10C).
The BAU scenario has the most considerable environmental impact due to the monotonously increasing amount of 

CO
2
, which aligns with real-world emission trajectories for fossil-fuel-dependent systems reported in both empirical and 

modeling studies [107–109]. DENS exhibits a similar behavior; however, since the overall amount of electricity produced 
is lower, the total amount of emissions is also lower. A pronounced reduction in operational emissions is observed in 
scenarios where coal and natural gas generation are progressively replaced by renewable sources, confirming the direct 
sensitivity of total CO

2
 emissions output to the system’s generation mix. Among all cases, REN achieves the most sub-

stantial cumulative emission reduction (-78.9% vs. BAU; Table 6), reflecting an aggressive renewable expansion strategy 
with limited thermal back-up. CEJA performs comparably well but shows residual emissions from ongoing infrastructure 
construction, indicating that policy-driven transitions, while impactful, may still involve embedded carbon costs in new 
investments. The RENBS scenario exhibits a distinctive construction-phase emission spike (Fig 10C) primarily driven by 
battery manufacturing, which is known for high embodied carbon intensity. This short-term increase, however, is followed 
by long-term operational benefits once storage assets reduce curtailment and reliance on fossil sources. Emission factors 
applied in the model reflect lifecycle assessments: traditional thermal power plants (averaged for natural gas and coal) 
– 3.1 Kg CO

2
/ MWh; renewables (averaged for wind and solar) – 31.2 Kg CO

2
/ MWh; and batteries – 61 Kg CO

2
/ MWh. 

DEC scenario performs favorably in operational emissions due to the gradual phase-out of centralized fossil genera-
tion, while construction-related emissions remain moderate given the distributed nature of investments. Although total 

Table 5.  Economics for the different scenarios at the end of the simulation (year = 2067) and a comparison with a BAU scenario (change in % 
to the base run).

Sales of electricity Profit from sales CAPEX Free cash

MWh Change (%) $ Change (%) $ Change (%) $ Change (%)

BAU 44,462,233 – 2,274,812,166 – 190,589,062 – 58,652,521,327 –

DENS 38,329,110 -13.8 1,988,132,518 -12.6 98,369,974 -48.4 55,978,774,846 -4.6

CEJA 44,137,922 -0.7 2,053,779,770 -9.7 456,832,448 139.7 21,853,517,805 -62.7

REN 42,338,313 -4.8 3,521,654,910 54.8 638,874,341 235.2 39,157,495,804 -33.2

RENBS 43,292,019 -2.6 3,360,497,537 47.7 641,991,028 236.8 27,661,301,256 -52.8

DEC 0 -100 0 -100 1,059,166,015 455.7 18,312,826,962 -68.8

https://doi.org/10.1371/journal.pcsy.0000083.t005

https://doi.org/10.1371/journal.pcsy.0000083.t005
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cumulative emissions (-26.2% vs. BAU) are higher than in centralized renewable cases, the trend stabilizes and begins 
to decline in later simulation years, suggesting that decentralized systems may achieve deeper reductions over extended 
horizons once infrastructure turnover stabilizes. This trajectory reflects a structural lag common in socio-technical transi-
tions, where emission reductions accelerate only after cumulative system restructuring reaches maturity.

Fig 10.  Comparison of simulation results for environmental factors.

https://doi.org/10.1371/journal.pcsy.0000083.g010

Table 6.  Total CO2 emissions for the different scenarios at the end of the simulation (year = 2067) 
and a comparison with a BAU scenario (change in % to the base run).

Accumulated CO2 emissions

t CO2 Change (%)

BAU 18,923,049 –

DENS 16,792,876 -11.3

CEJA 6,794,217 -64.1

REN 4,001,477 -78.9

RENBS 9,750,673 -48.5

DEC 13,961,390 -26.2

https://doi.org/10.1371/journal.pcsy.0000083.t006

https://doi.org/10.1371/journal.pcsy.0000083.g010
https://doi.org/10.1371/journal.pcsy.0000083.t006
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4.  Discussion

The simulation reveals both similarities and differences among the scenarios in various metrics. For example, the BAU 
and DENS scenarios, based on actual ComEd data, exhibit similarities in certain parameters, such as free cash, although 
they differ in terms of demand formation principles. Similarly, the CEJA, REN, and RENBS scenarios share similarities in 
generation patterns due to their significant reliance on renewable energy. On the other hand, the DEC scenario exhibits 
behavior that varies across the relevant metrics, as it is the only scenario that focuses on independently produced energy 
outside of central power providers.

Under the BAU scenario, the system exhibited a well-balanced equilibrium between electricity supply and demand, 
with slight fluctuations in price, relatively stable profits from sales, and growing free cash. These results support the cur-
rent electricity market in northern Illinois, which has a low penetration of renewable energy resources, a high dependence 
on nuclear power, and thermal-powered capacities (coal and natural gas). However, this scenario has the highest CO

2
 

emissions throughout the entire simulation period, reflecting the structural inertia of centralized, fossil-based systems. 
This persistence is not only due to limited utility action but also the absence of strategic integrative regulatory planning 
between market and policy actors [7,110,111]. Also, although in today’s circumstances, natural gas is commonly viewed as 
a “bridge fuel,” the BAU scenario highlights that even transitional reliance on it locks the system into sustained emission 
trajectories, an insight that aligns with current empirical evidence.

The DENS scenario shows similar trends over time; however, with lower produced electricity and, therefore, lower 
CO

2
 emissions from operations, as well as total emissions at the end of the simulation. The DENS case differs funda-

mentally from BAU by focusing solely on urban design interventions that indirectly influence energy demand. Essentially, 
this scenario operates under the theory that the average household consumption decreases due to the densification of 
neighborhoods. Densification (sometimes called urban infill) leads not only to some benefits in the electricity sector but 
was demonstrated to improve land use to a more efficient [112], increase social interaction [113], promote affordable hous-
ing [114], and provide cost savings to other public infrastructure such as roads, public transportation, etc. [115] if ade-
quately monitored and regulated. There are many potential strategies that could be employed in the process, for instance, 
changes in zoning regulations and designating zones for more mixed-use purposes, implementation of transit-oriented 
developments (TODs), urban redevelopment targeting underutilized or vacant areas within cities (infill development), or 
providing incentives, such as tax breaks or expedited permitting processes, to developers who build higher-density and 
energy efficient projects with incorporating affordable housing units. Following the principles discussed in [7], a new strate-
gic municipal planning framework with connections between municipalities and energy planning entities, involving stake-
holders at various levels, from local communities to national entities, has become a crucial basis. This scenario highlights 
a key gap: urban planning and design can significantly reduce consumption, but cannot alone transform the energy supply 
structure, underscoring the need for integrated urban-energy planning.

REN and RENBS scenarios have relatively similar patterns in most of the metrics and represent technologically driven 
decarbonization pathways. Those scenarios play a significant part in reaching the goal of decreasing carbon emissions 
and are a good possibility for utilities to convert their business toward a more sustainable way. Both scenarios achieve 
major CO

2
 reductions through rapid renewable expansion, replacing nearly all thermal generation. The REN scenario is 

the best case in terms of CO
2
 emissions (~4x lower than BAU), while RENBS introduces short-term emission spikes due 

to the carbon intensity of large-scale battery production. This trade-off illustrates a classic rebound in life-cycle emissions, 
where construction-phase impacts temporarily offset operational gains. Electricity prices in these cases follow investment 
cycles: rising during infrastructure build-out (2030–2035) and stabilizing afterward (~$80/MWh) with some fluctuations 
to $40–60/MWh. However, with very high CAPEX, some years are not profitable, and free cash shows negative values 
mid-simulation. This gap might be covered by long-term strategic government or state initiatives and programs (such as 
tax credits, financing programs, and state partnerships), which were found to be an important lever in the CLD in [56], 
and it is clearly not possible to fill with only tariff mechanisms or utilities-centered initiatives and could be solved only with 
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significant collaboration between levels of governance. Utilities in Illinois are required to provide a “reliable, environmen-
tally safe and least-cost” delivery of electricity [116]; however, without proper planning and control, they can fit within the 
law without spending at all, just providing “demand response” programs, for example, rewarding customers who use do 
not use energy when there is a high demand [117]. However, there is an interest in utilities being involved in less cost-
effective projects, as they can collect an additional percentage as a profit. Moreover, more costly solutions (even if not 
very environmentally friendly) can potentially generate more revenue as a result. It supports the fact that even though 
REN and RENBS solutions are outstanding in terms of CO

2
 emissions, they might not be as desirable by utilities’ stake-

holders who are incentivized to make more expensive investments (such as physical infrastructure and costly thermal 
power generators) due its higher potential to generate revenue if not properly controlled by regulators (who may target 
cheaper solutions, e.g., energy efficiency programs). It is worth noting that in the modeling, we did not distinguish between 
decentralized and centralized renewable solutions in these scenarios, so both are possible. The decision will be based on 
the particular needs of the municipality, the geographical uniqueness of the area, and overall strategic goals. For example, 
on-site generation or community solar subscription solutions are successful examples of decentralized options managed 
by utilities or other power providers.

The CEJA scenario, which reflects real legislative action as a test case, yields robust results, situating itself between 
the radical and conservative scenarios. It achieves meaningful emission reduction and cost stability with limited CAPEX, 
confirming the practical viability of gradual, policy-driven transitions. It also maintains competitive prices ($18–50/MWh 
range) without profitability losses, illustrating that moderate decarbonization can align with economic resilience. More-
over, CEJA demonstrates how regulatory alignment, rather than a technological leap, can drive significant change, a 
key insight for policymakers. Beyond CEJA, further integration with federal incentives, carbon pricing, and decentralized 
support schemes (e.g., feed-in tariffs, net metering) would likely amplify its outcomes, especially when coordinated with 
municipal-scale planning (while not simulated in this model). For example, the Investment/Residential Tax Credit has 
played a crucial role in driving solar energy adoption, and similar financial incentives could further advance these strate-
gies by increasing the economic feasibility of decentralized energy solutions. Additionally, net metering policies, like those 
implemented in many states, have encouraged prosumers to invest in rooftop solar by allowing them to sell excess energy 
back to the grid at competitive rates. However, regulatory barriers, such as interconnection challenges, permitting delays, 
and utility resistance to distributed generation, remain significant hurdles. Addressing these barriers through streamlined 
permitting processes and standardized interconnection regulations, as seen in Germany’s approach to integrating decen-
tralized renewable energy sources, is crucial. Furthermore, policies promoting demand-side management, such as time-
of-use pricing and demand response programs, could complement CEJA by optimizing electricity consumption patterns 
and reducing peak loads, ultimately leading to a more resilient and cost-effective energy system. In this work, these initia-
tives and motivations are captured in the “Interest in distributed solutions” variable, but they should be explored further in 
future studies. Additionally, even though it was not designed as a separate scenario, combining the DENS solution with it 
yields an even higher drop in CO

2
 emissions and electricity prices; however, this requires a comprehensive framework of 

collaboration between the energy market and urban planners.
Finally, while the previously discussed solutions partly have common trends over time, the DEC scenario demon-

strates a unique pattern in comparison to all other scenarios. Here, individual and community actors emerge as key 
energy producers, leading to a redistribution of market power and a shift in utility functions. DEC shows high CAPEX, low 
sales, and, therefore, low free cash, yet it achieves the lowest end-user prices ($15–20/MWh) and a structural decline in 
emissions due to distributed renewables. The scenario reveals and confirms a paradox: what is least profitable for utilities 
may be most beneficial for consumers and the environment. Successful decentralization thus depends on active utility 
participation in distributed networks through new business models, such as shared storage services, microgrid operation, 
and energy-as-a-service. The DEC case uniquely demonstrates how decentralization can become a systemic stabilizer 
rather than a disruptive threat when properly integrated into policy frameworks. As discussed earlier, the increased interest 
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in these solutions is based on the benefits each customer sees in this transition, so there might be various strategies to 
increase the willingness of utilities to switch from the centralized solutions to become a significant part of the decentral-
ized transition, for instance, those that we already discussed earlier. Interestingly, at the end of the simulation, there is a 
complete shift to decentralized solutions from central utilities, assuming sufficient funding is available to implement these 
strategies. Thus, it might seem beneficial for utilities, in order to stay in the market and not lose customers, to become a 
part of that decentralized community micro- or nano-grids transition by providing, first of all, funding, as well as solutions, 
such as energy storage services, smart controllers, or enabling bidirectional energy flow. In addition, if the goal is to make 
BAU and DENS scenarios more profitable and sustainable, utilities and municipalities can participate in their development, 
ultimately achieving better outcomes.

Comparing across all scenarios reveals complementary strengths rather than isolated solutions. BAU represents the 
persistence of legacy infrastructure; DENS adds spatial efficiency but limited decarbonization; REN and RENBS demon-
strate technical feasibility with short-term cost volatility; CEJA bridges policy and economics; and DEC redefines the 
system boundary by introducing consumer-driven feedbacks, but poses financial and operational challenges for traditional 
utilities (which have significant inertia, as discussed in [40]), requiring strong policy interventions to facilitate integration. 
Together, they illustrate that the transition toward a sustainable energy system is not linear but multi-path, dependent on 
how governance, technology, and social behavior interact. Overall, this research provides an integrated perspective link-
ing urban form, energy systems, and policy feedbacks within a single modeling framework – a unique contribution rarely 
explored in urban energy transition literature. Following insights from scenario simulations, as electricity consumption 
continues to outpace decarbonization efforts, it becomes crucial to transition from centralized, capital-intensive projects to 
decentralized and intelligent small-scale energy production initiatives, as seen from the simulations. Additionally, the rec-
ognition that the aging state of centralized energy infrastructures, often poorly maintained by power providers, which come 
with high environmental costs, further necessitates this shift. Grid stability becomes a major concern as decentralized 
generation introduces variability in supply, which can potentially lead to frequency and voltage fluctuations. Power quality 
issues, such as harmonics and voltage sags, can arise due to the intermittent nature of renewable energy sources and 
bidirectional energy flows. Additionally, effective storage solutions are crucial for balancing supply and demand; however, 
they come with constraints related to efficiency, cost, and lifespan. Given the rapid pace of advancements in renewable 
energy and battery storage technologies, the model incorporates mechanisms to adapt to emerging trends, particularly in 
source efficiency, enabling regular updates to key assumptions based on new data and technological breakthroughs. By 
adjusting parameters and conducting new scenario analyses, the model can account for varying technological trajecto-
ries, making sure that it remains relevant and accurately reflects the dynamic nature of the energy sector over time. This 
approach enables continuous refinement as new advancements emerge. Advanced grid management strategies, includ-
ing smart inverters, demand response mechanisms, and improved forecasting techniques, can help mitigate challenges 
over time. Incorporating a more detailed discussion of these technical aspects in future research would provide a more 
comprehensive understanding of the feasibility and scalability of decentralized energy transitions.

In this model, we diligently assess our energy consumption patterns. From the simulations and historical data, it is 
clear that the overall electricity demand is not decreasing now, and it will not in the following decades, so moving away 
from careless energy consumption and acknowledging the substantial costs of energy production, we can embrace a 
mindset that treats energy as a product, every customer should care about. Understanding the factors that influence 
consumer behavior, such as economic incentives, environmental concerns, and social norms, can provide additional 
insights into how communities may respond to renewable energy solutions. In our model, we have employed a gen-
eralized index, “Interest in distributed solutions,” to capture this consumer behavior, building on previous insights [56]. 
However, a more detailed exploration of public acceptance could help refine this index and improve the accuracy of our 
assumptions in future work. Those factors might include financial incentives such as tax credits or subsidies, perceived 
environmental benefits, the reliability and affordability of renewable energy sources, local community engagement, peer 
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recommendations, and concerns about the aesthetics or disruption caused by renewable energy infrastructure. Those 
factors play an important role in various pilot programs worldwide. Future research will incorporate these case studies and 
technological advancements to enhance the model’s predictive capabilities and better reflect the complexities of real-world 
energy transitions. Finally, the very cost-intensive REN and RENBS solutions demonstrate their clear benefits in terms of 
CO

2
 emission reduction and meeting the region’s environmental targets. On this basis, we conclude that these solutions, 

with more renewables in energy systems than in any other scenario, demonstrate reasonable security of electricity gen-
eration, even at lower costs than some thermoelectricity-based scenarios. By capturing the interactions between decen-
tralized adoption, policy design, and urban densification, the model offers new insights into how cities and utilities can 
co-evolve toward low-carbon, resilient energy futures.

5.  Conclusions

In summary, this article provides insights into the potential of utilizing decentralized renewable energy in northern Illinois 
and beyond, contributing to the practice by increasing understanding of regional decentralization and decarbonization 
dynamics. The model examines the current scenario utilities have today (BAU), as well as the CEJA strategy – a recently 
signed into law Illinois Climate and Equitable Jobs Act [61], and several imaginary scenarios with more deep-seated solu-
tions. Rather than restating that BAU is economically stable yet environmentally unsustainable, a widely recognized trade-
off, the model here quantifies the magnitude of that imbalance and frames it against dynamic policy and consumer-driven 
alternatives. This allows a deeper understanding of why systemic inertia persists and how policy design can accelerate 
transformation. On the other hand, the CEJA scenario appears sustainable and desirable for Illinois in the long term: it is 
well-balanced in terms of free cash, CAPEX, and environmental benefits. Unlike BAU, it demonstrates the potential for a 
self-sustaining, policy-driven transition that preserves financial stability while sharply reducing emissions. Based on the 
simulations, it is evident that the best smaller solutions can be applied to existing strategies and scenarios. For example, 
densification from the DENS scenario can clearly bring some reduction in electricity demand, which, in addition to decar-
bonization, is an important issue. However, the integration of such urban design measures with decentralized energy 
policies is what creates a novel insight of this study; the spatial dimension of decarbonization is rarely modeled within SD 
frameworks and can substantially amplify emission reductions when aligned with energy transition planning.

During the modeling process, several limitations were identified and might be addressed in further research. In addition 
to some factors discussed in earlier sections, the scarcity of available data at a higher level to conduct a complete model 
validation is another factor, with future work focusing on developing a more comprehensive validation method. It was 
possible to partially complete this article with the available data; however, having it for a longer perspective and evaluat-
ing it over time would be beneficial. Secondly, the competitive behavior between various stakeholders was not taken into 
account in this model, implying that we assumed this model reflects equitable access to information and a broader goal 
of developing the grid from its current state. Additionally, the geography was considered in isolation from other intercon-
nections, so any electricity exports or imports were excluded. As a general limitation for many models, not all relation-
ships between variables can be fully recreated, so some degree of subjectivity is inherent to this model. Additionally, 
only a simplified version of urban planning policies (densification) was considered. The further development of the model 
may include specific actions or strategies that planners and policymakers, legislators, and utilities may want to address 
together. In particular, incorporating competition and cooperation among stakeholders could provide a more realistic rep-
resentation of the governance dynamics influencing grid evolution. However, these actions require more in-depth model-
ing, potentially using other methods that can consider the spatial component in the simulation. Also, in future analyses, the 
inclusion of demand control scenarios will broaden the scope of the analysis. These scenarios will encompass options for 
beneficial electrification (replacing direct fossil fuel use such as propane, heating oil, and gasoline with electricity), energy 
efficiency programs (e.g., demand response during peak periods), leveraging technological advancements available to 
consumers (e.g., energy efficiency rebate programs or smart grid technologies like real-time monitoring), and behavioral 
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simulations (e.g., educational campaigns and outreach program) to further expand the densification scenario. By incor-
porating these aspects, a more comprehensive understanding of the potential energy efficiency gains and the impact 
of consumer behavior on the system can be attained. We recognize the crucial role of emerging technologies, such as 
smart grids, advanced energy storage systems, and AI-driven grid management, in facilitating the successful integration of 
decentralized energy systems. These technologies are particularly relevant for our study, as they can enhance grid stabil-
ity, improve power quality, and enable real-time optimization of energy distribution, which is crucial for scaling up decen-
tralized solutions. However, due to the limitations in available data, particularly from the region analyzed, we were unable 
to incorporate these technologies with detail into our current model, as they were not the main focus of this study (while 
on a more general level, they are included in the “Community Decentralized Energy” and “Electricity demand” parts of the 
model). While these technologies are critical for overcoming many of the challenges associated with decentralized energy 
systems, the nature of the SD model we used focuses more on high-level policy scenarios and broader energy transi-
tion pathways. We plan to explore these technologies in greater detail in future research based on more comprehensive 
data and advanced data analysis techniques. Moreover, further analysis with more in-depth examination of the electricity 
consumption and generation data can create additional criteria for model evaluation, as well as a more detailed simulation 
of the microgrids compared to the current overly aggregated scenario, to determine their role in the overall transition. Also, 
for future research, the created SD model could be tested in other geographies (states, regions, or countries) where the 
electricity profile is different from Illinois to understand strategies regarding the electricity market development. Finally, 
as was discussed in [7], the strategic regulatory incentives and multilevel connections in the energy planning process in 
the transitional period may be considered a promising aspect of future model development. This multi-scalar adaptability 
(allowing the model to be applied across different jurisdictions) underscores its contribution as a transferable framework 
for exploring decentralized transition dynamics under varying policy and infrastructural conditions.

In conclusion, this work advances current understanding by integrating urban form, policy design, and decentral-
ized energy adoption within a unified systems framework. Rather than prescribing a single optimal pathway, it provides 
a decision-support perspective for policymakers, revealing the structural and behavioral feedbacks shaping long-term 
energy transitions. The model demonstrates that meaningful decarbonization depends not only on technological adoption 
but also on aligning spatial planning, stakeholder incentives, and policy frameworks, a contribution that distinguishes this 
study from existing SD models and supports its practical value for decision-makers.
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