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Abstract
As societies worldwide strive to reduce carbon foot-
prints and transition toward cleaner energy sources, grid-
integrated district energy systems (DES) emerge as a piv-
otal player. Meanwhile, the escalating complexity of
DES necessitates adaptive, synergistic, and hierarchical
control of heterogeneous systems to achieve common en-
ergy and cost conservation goals. Prior research high-
lights several challenges of model-based control tech-
niques for DES, such as limited access to computational
tools, prolonged durations to digital twin development,
and the complexities associated with control design. In
contrast, model-free control methodologies may be a vi-
able alternative. As a response, this study explores a
reinforcement learning-based (RL) supervisory control
to minimize the operational costs in a university cam-
pus DES. To enhance overall system efficiency, we uti-
lize resource flexibility to improve DES operations by
responding to fluctuations in utility prices. In this pa-
per, we demonstrate the toolchain, develop the virtual
testbed, engineer a suitable RL reward, and learn from
challenges. From the case study, the RL agent showcases
a significant 32% net operational cost savings and a 13%
peak demand reduction compared to the conventional
thermal load following control. This research signifies
the potential of RL-based control systems in optimizing
the performance of complex DES and multi-energy sys-
tems.

Introduction
The global imperative to address climate change has led
to a significant rise in the adoption of district energy sys-
tems (DES), which improved grid interactivity further.
These centralized systems typically operate by generat-
ing steam, hot water, chilled water, and electricity in a
central plant. These utilities are then distributed through
an insulated network of pipes and electric cables to meet
the thermal and electrical needs of interconnected build-

ings. Particularly in densely populated urban areas, these
systems play a crucial role in enhancing sustainability
and providing cost-effective solutions to achieve decar-
bonization goals (Allegrini et al. 2015; Lund, Ilic, and
Trygg 2016; Bataille et al. 2016). Modern DES integrate
more energy-efficient technologies, including advanced
heat pump systems, ambient loop heating and cooling
mechanisms, waste heat recovery initiatives, combined
heat and power systems, and various renewable energy
sources and storage options (Revesz et al. 2020). Ad-
ditionally, these systems contribute to the resilience and
adaptability of the grid by offering essential support ser-
vices such as demand response, frequency regulations,
and other ancillary functions.
Despite the recognized benefits of DES, a significant
portion of studies in this domain remain predominantly
theoretical, lacking comprehensive modeling platforms
(Allegrini et al. 2015; Klemm and Vennemann 2021),
thermodynamic validation, and tangible real-world ap-
plications (Heendeniya, Sumper, and Eicker 2020).
While the industry benefits from steady-state calculators
and spreadsheets for techno-economic and environmen-
tal projections, there is a noticeable gap in tools capa-
ble of dynamically predicting and controlling the per-
formance of DES under various scenarios including un-
certainties (Allegrini et al. 2015). There are a vari-
ety of control methods that have been used extensively
in the past, ranging from manual operator-driven deci-
sions, rule-based controls (RBC), to advanced model-
predictive controls (MPC) integrated into SCADA sys-
tems. However, the field of model-free controls is emerg-
ing as a promising option that addresses the limitations
of previous methods. RBCs face challenges in defining
rules for new system additions, lacking anticipation and
optimization capabilities over specific time horizons (Sa-
loux and Candanedo 2020). While, MPCs require high
fidelity calibrated models (Verrilli et al. 2016), fast com-
putational simulation speed, susceptible to demand fore-
cast errors (Verrilli et al. 2016), and results in system



safety violations in real-world applications (Hermansen
et al. 2022).
Unlike MPC, RL is a model-free machine learning tech-
nique that does not require high-fidelity models for con-
trol decisions and can learn directly from the environ-
ment (Sutton and Barto 2018). RL algorithms, such
as deep Q learning, improve thermal energy efficiency
in district heating consumer facilities (Testasecca et al.
2023). Integration of optimization and deep learning
RL modules shows promise for the fast online optimiza-
tion of district heating systems (Lee et al. 2020). RL
applied to large-scale multi-source looped district cool-
ing systems can save up to 12.99% of annual distribu-
tion energy consumption through Modelica-python co-
simulation (Wang et al. 2023). Comparing MPC and
RL, for a hydronic heat pump system integrated with
BOPTEST emulators for building models (Blum et al.
2021), reveals that RL controllers using the deep deter-
ministic policy gradient algorithm outperform the base-
line controller in both typical and peak heating scenar-
ios, while outperforming MPC under uncertainties. On-
and off-policy multi-objective RL agents can even out-
perform perfect foresight Linear MPC in multi-energy
system configurations while achieving stabilization in
the reward after 5.7 years (200,000 training time-steps)
(Ceusters et al. 2021). Therefore, drawing on past expe-
riences, RL agents fine-tunes control actions and proves
adept at managing complex energy systems. However,
trade-offs such as extended training periods, imbalances
from random explorations, and the delicate balance be-
tween swift responses and system safety exist (Wang
et al. 2023).
Responding to model-based control challenges and the
need for new toolchains, we explore minimum opera-
tional cost optimization using RL-based control with a
Modelica virtual DES testbed. By doing so, this work
addresses three critical gaps in the literature. First, we
address time and computational constrain by leveraging
the model-free control method for complex system con-
trol application. Second, we demonstrate the use of the
dynamic Modelica virtual DES testbed for training the
RL agent, which is less explored. Specifically, the use of
dynamic models ensures system stability, which are the
limitations of linear models as they cannot predict crit-
ical system process outputs (eg., steam outlet pressure
and steam drum void fractions in steam boilers, conden-
sation in boiler economizers which can derate the com-
ponent, etc). Third, we reduce the extended training pe-
riod in the dynamic environment through control disin-
tegration and RL reward engineering, and our learning

have been reported in the discussion section.
In the subsequent sections, we begin by outlining the
methodology, followed by the discussion of dynamic
system models and the integrated virtual testbed. Sub-
sequently, we describe the problem formulation, simula-
tions, and results discussions.

Methodology
This paper demonstrates and evaluates RL-based DES
controls for a university campus DES. The following sec-
tions outline the steps to accomplish this, from under-
standing the system and establishing the calibrated vir-
tual testbed, to coupling the RL-Modelica tool and run-
ning the simulations.

Understanding The System

The case study site for this work is the district heat-
ing and power systems at the University of Colorado
Boulder campus. Our initial step involves understand-
ing the campus DES and baseline controls by collecting
system descriptions, sizing information, and operational
data from campus monitoring systems. Figure 1 illus-

Figure 1: Schematic of the district energy system

trates the schematic of the university campus DES, lo-
cated in ASHRAE Climate Zone 5b. The system com-
prises two central plants. The first houses a district heat-
ing system equipped with 22,679 kg/hr and 45,359 kg/hr
dual fuel boilers. These boilers are equipped with flue
gas to feed water economizers and an associated feed wa-
ter pumping and condensate return system. The second
plant accommodates two 15MW Combined Heat and
Power (CHP) systems with additional firing capabilities,
incorporating duct burners into the Heat Recovery Steam
Generator (HRSG). Both plants supply saturated steam
at 9.0 bar to campus buildings through underground in-
sulated pipelines within distribution tunnels. Due to the
unavailability of heating and electricity demand time se-



ries profiles of individual buildings and to avoid compu-
tational stress of intricate distribution network configu-
rations, the steam and electricity demands of the build-
ings are aggregated. Further, the buildings are grid-tied,
enabling the utilization of power beyond that generated
by the CHP systems. Regarding controls, the university
campus DES follows boiler auto control and manual bi-
asing override by operators. Lastly, because the CHP
system currently serves as a peaker plant to the utility,
this case study considers a thermal load following con-
trol (TLF) strategy as baseline.

Modelica Testbed Implementation

We use Modelica, an equation-based object-oriented lan-
guage, to develop the high-fidelity virtual testbed model
of the campus DES. Moreover, Modelica has been in-
creasingly used for building and district energy simula-
tion, mainly due to the capabilities of flexible and hierar-
chical modeling of systems, and controls, integrated with
its thermodynamic and hydraulic performances (Wetter
and van Treeck 2017; Hinkelman et al. 2022c; Müller
et al. 2016). Based on the acquired system informa-
tion, we develop an integrated virtual testbed, leverag-
ing component models from the Modelica Buildings Li-
brary (MBL) (Wetter et al. 2014), specifically MBL
v10.0.0. The MBL includes a wide range of fluid and
electric component models, control blocks, and an ex-
clusive package featuring models for DES. Additionally,
we implement specific system models, including a per-
formance curve-based CHP model and baseline control
modules developed for this case study. Detailed Mod-
elica model descriptions can be found in the successive
section: DES Testbed.
For this study, we first hierarchically calibrate and val-
idate individual sub-systems. Then, we integrate the
subsystems into a comprehensive virtual testbed of the
campus. Given our emphasis on facilitating multiple
simulation iterations to train the RL agent, we strategi-
cally simplify the system by removing certain compo-
nents with large non-linear functions (such as control
valves, dynamic switches, etc). This simplification is
carefully executed to balance the need for computation
speed without sacrificing model accuracy and system dy-
namics. The results of virtual testbed calibration and val-
idation agreed with ASHRAE Guideline 14 standards,
with CVRMSE ≤ 11% and MBE ≤ 6.8% for evaluated
parameters, such as the natural gas consumption, power
generated by CHP, boiler exhaust temperature, boiler
outlet steam pressure, and economizer inlet/outlet feed
water temperatures.

FMU Export

The functional Mock-up Unit (FMU) standard enables
the tool-independent exchange of dynamic models in bi-
nary format (Blockwitz et al. 2012). In the context of
a Modelica model, an FMU refers to a file that encapsu-
lates the dynamic system model, allowing it to be eas-
ily shared and integrated into various simulation envi-
ronments that support FMUs. To facilitate control of
the DES by the RL agent, we exposed the supervisory
control parameters in the Modelica model. The FMU is
exported using the Optimica Toolkit Compiler (Åkesson
et al. 2010), which is built using pyFMI, enabling exter-
nal interactions with FMUs through Python.

Reinforcement Learning

The RL agent, represented by a machine learning al-
gorithm, takes actions in the environment (DES virtual
testbed), and receives rewards or penalties as feedback.
The objective of the agent is to continuously revise its
strategy over time to maximize cumulative rewards.

Figure 2: Modelica-RL toolchain and methodology

In brief, RL is broadly categorized into value-based
methods (e.g., Q-learning, Deep Q Network), estimat-
ing expected rewards for actions, and policy-based meth-
ods (e.g., deep deterministic policy gradient, actor-critic,
proximal policy optimization), directly determining op-
timal decision-making policies. For this work, we use
proximal policy optimization (PPO), a modification of
the actor-critic framework that addresses challenges re-
lated to stability and sample efficiency in training poli-
cies using Kullback-Leibler divergence (Schulman et al.
2017). The actor-critic paradigm merges aspects of both
value-based and policy-based methods, leveraging the



strengths of each. The objective function of PPO is

L(θ) = Et

[
min
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πθ (at | st)

πθold (at | st)
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clip
(
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)
At

)]
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where L(θ) is the surrogate objective; πθ (at | st) is the
probability of taking action at in state st under the cur-
rent policy; πθold (at | st) is the probability of taking ac-
tion at in state st under the previous policy; At is the ad-
vantage function representing the difference between the
estimated value of the state st and the sum of rewards;
and ε is a hyperparameter controlling the size of the trust
region. The value function of the PPO is updated using
the mean squared error loss to minimize the difference
between the predicted and the actual values, given as

LVF(φ) = Et

[(
Vφ (st)−V̂t

)2
]
, (2)

where LVF(φ) is the value function loss; Vφ (st) is the pre-
dicted value of the state st ; and V̂t is the estimated value
of the state st , which is usually the sum of the rewards.

Problem Formulation

The RL objective is to minimize the operational costs
of the DES by responding to various grid signals, such
as natural gas prices (Cg), Time-of-Use (TOU) electric-
ity prices (Ci), and Feed-In Tariff (FIT) (Ce) for sell-
ing excess electric power back to the grid. In this work,
the agent dynamically adjusts the firing bias ratio of the
boiler, CHP, and HRSG duct burners to minimize the
overall operational cost, while ensuring high operational
efficiency. The bias or capacity ratios are the supervisory
control parameters, which are used to shift load between
multiple boilers/CHP systems. For example, 15% neg-
ative bias ensures the boiler firing capacity is limited to
85%. Constraints include thermal and electricity demand
balance, the threshold of firing signals (ymax and ymin),
and output steam pressure setpoint pset . The implemen-
tation involves finite-dimensional state and action spaces
denoted as S ⊂ R and A ⊂ R, respectively. The action
space of the agent includes the control signal sent to the
environment, which includes the bias ratios, represented
as

A ⊂ {yBb1,yBb2,yBctg1,yBctg2,yBhrsg1,yBhrsg2} ∈ {0,1},
(3)

where yBn are the system bias ratios, with subscripts
defining each DES subsystem. The state space is de-
fined as a combination of controllable, uncontrollable,

and temporal components. The controllable is the ob-
servable state of the model that has a direct relationship
with the actions, given as

S ⊂ {pb1, pb2, phrsg1, phrsg2,Ectg1,Ectg2,Egrid ,∑ ṁg,n},
(4)

where pb and phrsg are the boiler and HRSG steam
header pressures (Pa); Ectg is the electricity generated
by the CHP (kWh); and ∑ ṁg,n is the total fuel consump-
tion of the gas turbine, HRSG, and boilers (kg). The
uncontrollable state spaces consist of states that are in-
dependent of the agent’s actions, given as

S ⊂ {Ci,Ce,Cg,TdryBul , Q̇dem,Edem} (5)

where Q̇dem and Edem are the steam (kg/s) and elec-
tricity demand signals (kWh) from aggregated buildings
and TdryBul is the outdoor drybulb temperature (K). The
temporal aspect is encapsulated within the state space as
S ⊂ {t}, which represents the simulation time informa-
tion. In RL problems, constraints are incorporated along
with the reward function, and emphasis is given through
the inclusion of weightage or scaling factors. The reward
function in any RL algorithm is inherently a maximiza-
tion function. However, our goal is to minimize costs.
As a solution, we indirectly formulated the reward func-
tions by utilizing the complement of normalized values
for net energy cost and steam header pressure. To as-
sign significance to each reward component, linear and
quadratic functions were incorporated, defined as

rt = S1

pressure reward︷ ︸︸ ︷
1

(1− pnorm,n,t)
+

energy cost reward︷ ︸︸ ︷
S2(1− (EiCi −EeCe)norm,t)

2

+S3
1

(∑ ṁg,nCg)norm,t︸ ︷︷ ︸
gas cost reward

, (6)

where E and ṁg are the electricity (kWh) and natural gas
consumption (kg/s); C is cost/unit; n denotes the DES
subsystems; subscripts i and e are the electricity import
and export; dem is the building demand; and ctg, hrsg,
and boi represent the combustion gas turbine, HRSG,
and boiler, respectively; S1,S2andS3 represent weightage
factors. To note, this study does not currently factor in
demand charges for RL reward estimation, which are as-
sociated with peak power consumption.

Co-simulation Toolchain

Utilizing the Python package stable-baselines
2.10.2 (Raffin et al. 2019), we implement the RL



agent. Figure 2 illustrates the RL process that integrates
the FMU of the DES environment with the agent.
The FMU is simulated with CVode solver (Cohen,
Hindmarsh, and Dubois 1996), and external integration
handles additional required data for simulating the
environment, such as weather profiles, utility rates,
aggregated demand signals, and other information
provided to the agent. At each time iteration t, the states
st and the reward rt from the environment are communi-
cated to the agent. Using PPO, the agent determines the
action at which is returned to the environment. Initially,
the agent takes random exploration, and the policy is
eventually refined after undergoing extensive training.

Simulation Settings

We trained the RL agent to suggest actions within 6 ac-
tion spaces (A) based on 22 observational spaces (S)
over 31 days (January 2022), utilizing campus demand
signals, electric utility prices, and the weather data for
Broomfield, CO, USA. The agent interacts with the en-
vironment every t = 900s. Since the annual DES demand
fluctuates with large variance, we considered training the
RL with a month of data for this initial exploratory work.
Limiting the variance of demand profile enables us to
understand the toolchain challenges, reward engineering
process, and the benefits of various training periods. In
the future, we plan to train the agent for multiple years
of utility prices, demands, and weather profiles. The set-
tings used for training the RL agent are shown in Table 1.

Table 1: RL agent settings
Parameter Value
RL policy PPO-Mlp policy
n steps 64
n epochs 30
learning rate 0.00005
Time steps trained 105

For every iteration t, all At ⊂ R are used as inputs by
the FMU (environment) to simulate the model. After
training 105 steps, we tested the RL agent-based control
and compared the performance with the baseline control.
The parameters considered for this comparison include
the system pressures (pb1, pb2, phrsg1, and phrsg2), fuel
consumption (∑ ṁg,n), electricity generation (Edem), and
net operational cost (EiCi −EeCe).

DES Testbed
We implement the virtual testbed as integrated sub-
systems, including the district heating plant, the CHP

powerhouse, aggregated building heating and electrical
loads, and the corresponding controls. The building heat-
ing loads are measured at the energy transfer stations, the
electric loads are modeled using a resistance-capacitance
model. To develop the virtual testbed we leverage Mod-
elica models from MBL v10.0.0 (Wetter et al. 2014)
and incorporate models from our previous DES research
(Hinkelman et al. 2022a; Hinkelman et al. 2022b).
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Figure 3: Modelica diagram of the district heating plant

District Heating Plant Model

In Figure 3, the Modelica model illustrates the district
heating plant with two boilers integrated with feed-
water pumps, an expansion tank, check valves, and
associated control systems. The port a represented
the feedwater inlet and port b represents the steam
outlet from the plant. An improved steam medium
model, specifically Buildings.Media.Steam, is used
for its computational efficiency and accuracy (Hinkel-
man et al. 2022b). The boiler uses a split-medium
approach that efficiently models the water/steam
phase change and the two-phase region separately
(Buildings.Experimental.DHC.Plants.Steam.Base
Classes.BoilerPolynomial). This approach serves
to decouple the non-linearities associated with phase
change states, resulting in an overall improvement of
simulation speed. The boiler model incurs radiation
and convection losses based on the boiler’s room tem-
perature (T boiRoo). Pressure sensors are positioned at
the boiler outlet port, which monitors the boiler header
pressure; the boiler firing rates are adjusted through a PI
controller to maintain the steam pressure setpoint of 9
bar. Correspondingly, the steam drum level is measured
using the volume of water within the control volume
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of the boiler model. To maintain the drum level at
0.5 of the drum volume, a PI controller modulates the
feed water pump. The heating plant model outputs the
auxiliary power consumption of the feed water pumps
(P) and the mass flow rate of fuel (mFue flow).

CHP Powerhouse Model

The CHP power house consits of two CHP systems inte-
grated with TLF controls, as represented in Figure 4. We
implement a new performance curve-based CHP model
to support quick simulations when integrated with the
RL agent (see Figure 5). The efficiencies of CTG ηctg
and the HRSG with/without auxiliary duct burner firing
ηhrsg are estimated using the performance curves. The
ηctg and ηhrsg vary for different part load conditions yctg
and yhrsg, inlet air temperature TdryBul , and the exhaust
temperature at the outlet of CTG Texh, formulated as

ηctg = f (yctg,TdryBul) and (7)

ηhrsg = f (yhrsg,Texh), (8)

where the performance curves are given as quadratic
splines with 50 data points. The ηctg is larger at lower
TdryBul , as the usable torque increases with a higher den-
sity of inlet air. The fuel consumed by the CTG and
HRSG are

ṁ f ue,ctg =
yctgPnom

ηctg LHV f ue
and (9)

ṁ f ue,hrsg =
yctg(Q̇nom + Q̇exh)

ηctg LHV f ue
i f yhrsg > 0

yctgQ̇exh

ηctg LHV f ue
i f yhrsg = 0.

(10)

The usable heat Q̇wat that is transferred to the
feed water is modeled as a control volume
(Buildings.Experimental.DHC.Plants.Steam.Base-
Classes.ControlVolumeEvaporation) from MBL,
and the heat loss from the HRSG shell Q̇loss is modeled
as a heat capacitance ( Modelica.Thermal.Heat-
Transfer.Components.HeatCapacitor) and conduc-
tion component (Modelica.Thermal.HeatTransfer.
Components.ThermalConductor) from the Mod-
elica standard library, as represented in Figure 5.
Mathematically this is

Q̇wat = ηhrsg(yhrsgQ̇nom + Q̇exh) i f yhrsg > 0

Q̇wat = ηhrsgQ̇exh i f yhrsg = 0,
(11)

where Q̇nom and Q̇exh denote the nominal heating capac-
ity of the duct burners and recoverable heat in exhaust
from the CTG in kWh, respectively; and LHV f ue denotes
the low heating value of the fuel in kJ/kg.

Thermal Load Following Control (TLF)

Common control strategies employed in CHP systems
include Thermal Load Following (TLF) and Electrical
Load Following (EFL). In this investigation, TLF is im-
plemented to dynamically match the campus steam de-
mands in real-time by staging the CTG and HRSG duct
burners in the CHP power house. The electrical power
generated in this process is considered an additional ben-
efit. Figure 4(b) represents the Modelica model of TLF
control state graph along with PI controllers that first
govern the staging of CHP and HRSG, and then deter-
mines the firing rates. The state transitions are fired
based on the threshold of the maximum steam genera-
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tion capacity of each component.

Thermal and Electrical Demand Model

The building steam and electrical demands are ag-
gregated due to a lack of individual building demand
profiles and a focus on plant-level controls. The
aggregated building load in ETS is modeled using
components from MBL that function as a condenser
volume, steam trap, and condensate return pump (see
Figure 6). The PI controller modulates the condensate
pump based on the steam demand input of the model.
Similarly, the building electrical loads are aggregated,
which includes the power consumption of buildings,
chillers, cooling towers, combustion control fans, and
pumps in the district plant (see Figure 6). The electric
load is modeled as a resistance-capacitance load with
a static power factor of 0.8. This load is connected to
the CHP and the power grid (3-phase balanced, 480V,
Buildings.Electrical.AC.ThreePhasesBalanced.
Sources.Grid).
We calibrate and validate each of the discussed system
models for optimal performance in comparison to the
measured data from the university campus DES. The
virtual testbed model in Figure 6 integrates the base-
line controls, distribution pipes, campus steam, and elec-
tricity demand. For the RL environment, we revise the
testbed model to include the bias factors as input sig-
nals. These supervisory control parameters are modified
by the agent during simulation in response to rewards.
At local levels, each of the components and subsystems

has individual firing and feed water controllers.

Results
After the successful training period of the RL agent, we
executed the simulation and compared the RL agent’s
performance to the baseline control. In this section, we
first discuss and visualize the control policy. Then, we
present the operational cost-saving potential of RL rela-
tive to the baseline case.

Control Policy Visualization

Steam Header Pressure
The primary constraint of the optimization problem is to
maintain the steam pressure setpoint in the model. The
steam header pressure drops when the demand increases
and the local PI controllers fire the boiler and HRSG sys-
tems to modulate the pressure back to the set point. Fig-
ure 7 presents the steam header pressure measured at the
outlet of boilers and HRSGs. Both the baseline and RL
control maintain the operating pressure of the steam sys-
tems (9 bar). This indicates that the supervisory control
parameters (i.e., the bias ratios output by the RL agent)
are ensuring system safety and stability.
Operational Efficiency
Figure 8 presents the operational efficiencies of the
boiler, CHP, and HRSG for a 7-day period. The boiler ef-
ficiencies are consistently 70-78% for both baseline and
RL cases. The operational efficiencies of the CHP and
HRSG are highly dynamic due to the outdoor air tem-
perature and part-load factors. Since the RL case main-
tains consistent firing unlike the baseline case, the elec-
trical efficiency ηchp is stable at 30%, while the baseline
case has a lower ηchp under low load conditions (60-72
hours). The incremental firing of duct burners in HRSG
results in a higher thermal efficiency ηhrsg ≈ 90%, which
is utilized by the RL agent to save energy cost (also re-
flected in Figure 10).
Electricity Imports, Exports, and Generation
Figure 9 illustrates the outcomes of electricity genera-
tion by the CHPs and the imports/exports of electric-
ity from/to the grid. We observe that the RL case gen-
erates higher electricity compared to the baseline case
for all hours, yet there is a further difference during the
high TOU periods (see Figure 9(a)). The RL agent in-
creases the firing bias factors of CHP and HRSG dur-
ing high TOU periods, ensuring lower import from the
grid. This for example is observed between 60-72 hours
and is characterized as a load-shedding demand response
action. During low TOU periods (e.g., 24-36 hours),
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Figure 7: Steam header pressure comparison between
baseline controls and RL agent-based controls

the RL agent performance closely aligns with the base-
line control, yet exhibits a slight increase in generation
and export to the grid (see Figure 9(b)). The prices of
natural gas and the FIT remain constant over time, re-
sulting in no variation in RL decisions in response to
these prices. Although we observe load shedding, there
is no significant load shifting observed in either case,
since the system’s thermal generation is constrained by
the campus steam demand and the unavailability of ther-
mal/electrical storage.
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Figure 8: Operational efficiency of boilers and CHP

Cost-Saving Potential

The net electricity cost is calculated based on the elec-
tricity imports and exports from the grid based on the
TOU and FIT utility rates. The natural gas and FIT
prices are constant at $0.050/kg/s and $0.045/kWh, re-
spectively, while the TOU electricity buying price varies
as represented in Figure 9(d). The operational costs
for electricity and natural gas, with low and high TOU
periods highlighted in Figure 10. The cost of electric-
ity for the baseline is higher than the RL case, which
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Figure 9: Comparison of electricity imported and
generated in response to utility pricing

peaks due to excess imports during high TOU periods
(60-72h). This agrees with the energy from grid trend
in Figure 9(b). It is interesting to note that the magni-
tude of energy peaks and cost peaks are different due
to TOU. However, the exported electricity (observed as
negative energy costs) has a similar profile for baseline
and RL cases. On the other hand, the natural gas cost of
the RL case is higher than the baseline case, reflecting
the excess energy generation beyond the campus elec-
tric demand. This is primarily attributed to the increased
part-load operation of the CHP, which meets both ther-
mal and electrical demands while keeping the boilers on
baseload. (refer to Figure 9(c)). Since the price of natural
gas is lower than electricity (Figure 9(d)), excess onsite

generation in the RL case at higher operational efficien-
cies is more feasible.

Low TOU High TOU

Figure 10: Comparison of electricity and natural gas
consumption cost for one week

Table 2 presents the summary of results for the 31-day
simulation period in January 2022. We observe the to-
tal electricity generation of RL case to be 15.99% higher
than the baseline, while the imported electricity from the
grid is -123% lower, reflecting the RL’s decision to sell
excess generation back to the grid. This is also reflected
in the electricity cost, where the RL case is in credit,
demonstrating a net-positive electricity case. However,
the natural gas fuel cost is 30.47% higher for the RL case,
reflecting the excess onsite electricity generation. More-
over, the net energy cost including both natural gas and
electricity is found to be 32.30% lower for the RL case
compared to the baseline. In addition, beyond the energy
consumption, the peak load of the campus (import max-
imum) is reduced by 13.20% for the RL case, which can
have cost savings in electricity demand charges.

Discussion
Through this work, we demonstrate the application of
RL-based integrated system control for grid-integrated
DES. The results show promising energy cost and peak



Table 2: Summary of results for 31 days of testing
Parameter Unit Baseline RL case Difference
Energy generated kWh 3,975,070 4,610,661 15.99%
Energy from the grid kWh 190,964 -44,621 -123.37%
Peak power kWh 10,995 9,544 -13.20%
Gas consumed kg 6,242 8,144 30.47%
Electricity cost $ 202,575 -3,907 -101.93%
Gas cost $ 224,736 293,197 30.39%
Net cost $ 427,311 289,290 -32.30%

demand savings of 32.3% and 13.2% respectively. By
interacting with the virtual testbed environment, the RL
agent determines optimal control actions corresponding
to six different systems, highlighting its feasibility of
handling complex systems with multiple control points.
Moreover, unlike the model-based controls (i.e., MPC),
this model-free approach could save time in develop-
ing high-fidelity MPCs via data-driven or reduced-order
models. With a dynamic Modelica model that reflects
the real environment, this work precisely observed the
system’s thermodynamic and engineering violations due
to agent actions. While this work is under exploratory
stages, progressive training of the agent for various cam-
pus demands and weather conditions can exhibit the
adaptiveness of this method.
This work illuminated important challenges and insights
for RL-based control of grid-integrated DES. Regard-
ing the dynamics of the environment, managing complex
thermodynamic processes embedded in the deeper lay-
ers of Modelica models becomes particularly challeng-
ing when these models interact with dynamic fluid media
such as steam. The sensitivity of these models to inputs
is heightened, leading to potential model failures when
the agent tests random values. For example, the firing
rates controlled by the agent directly influence the steam
outlet pressure of the plants. Hence, we disintegrated the
controls hierarchically based on the control time scales
and included supervisory control parameters that were
determined by the RL agent. This disintegration resulted
in a series of local controls that dynamically control the
processes, ensuring system stability, yet supervised by
bias factors to shift/modulate the steam and electricity
generation. Unlike linear or reduced-order models, inte-
grating a high-fidelity model with RL agents can provide
better insights into system failures and threshold viola-
tions.
Further, insights were also gained regarding the reward
function formulation. The trajectory of RL learning is
determined by the reward function, action, and observa-

tional spaces. As such, it is crucial to carefully select ob-
servational variables that effectively characterize the en-
tire system. For example, we found that minimizing the
observation space by removing a few (un)controllable
states such as feedwater pump speed, duct burner status,
and boiler room temperature did not support RL learn-
ing rate. The agent is primarily a neural network model,
where the addition of unnecessary variable increases the
complexity of the network, yet does not not contribute
to enhanced learning. In addition, the inclusion of ex-
cessively high negative rewards can distort the learning
curve of the RL agent. Therefore, the design of the re-
ward function should ensure that the obtained values at
each time step are not excessively large to avoid intro-
ducing training bias.

Conclusion
This study highlights the application and importance of
RL optimization in efficiently managing complex DES.
By comparing with conventional boiler firing, feedwater
controls, and thermal load-following CHP control, we
assessed the potential savings achievable through an RL-
based optimizer. RL-based control exhibits 15.99% in-
creased electricity generation along with 35% increased
fuel cost, yet the net energy cost savings achievable is
32.30% in comparison to the baseline case. While in its
early stages, this investigation shows promise in enhanc-
ing the performance of the RL agent through additional
training and refinement of reward functions. Moreover,
this work had limited demonstration of demand response
actions, while the integration of thermal and electric stor-
age and renewable generation could highlight the RL’s
capabilities of handling multi-state multi-action control
problems. Furthermore, the Modelica models developed
in this research are currently proposed for open-source
release in the MBL. This release will facilitate the adop-
tion of model-based design and optimization, as well as
act as virtual environments for model-free optimization
strategies for grid-integrated DES.
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