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A B S T R A C T

This software provides a Python-based workflow for agent-driven supervisory control in TRNSYS. It supports 
baseline data preparation from TRNSYS-exported datasets, control-environment construction, external agent 
training, and runtime inference through the TRNSYS Python interface. The framework is intended for researchers 
and engineers performing energy simulation and analysis in TRNSYS, enabling agent-based optimization in place 
of conventional rule-based supervisory logic while remaining configurable for project-specific states, actions, 
rewards, and operational constraints. Although the implementation demonstrates a Deep Q-Network (DQN) 
controller for building-scale photovoltaic-battery energy management, the workflow is not restricted to a single 
algorithm and can be extended to Python-based decision agents.

1. Motivation and significance

TRNSYS is widely used for transient simulation of building and en
ergy systems [1], but supervisory control in many TRNSYS applications 
still relies on rule-based logic, schedule-based operation, or external 
optimization environments. As a result, researchers and engineers 
working on energy simulation and analysis have faced practical limita
tions not only in optimizing supervisory decisions, but also, more 
recently, in implementing agent-based methods within a simulation 
environment that remains predominantly structured around rule-based 
operation. In earlier and more recent workflows, optimization has 
often depended on external tools and case-specific couplings, including 
MATLAB-based interfaces [2], GenOpt-assisted TRNSYS optimization 
studies [3], and TRNSYS couplings with external Python-based optimi
zation workflows [4], which can limit methodological flexibility and 
make the integration of newer Python-based optimization and control 
approaches less straightforward. At the same time, reinforcement 
learning and agent-based control have gained attention in energy system 
applications more broadly [5]. Related software tools and coupling 
approaches address parts of this problem and provide different func
tions, such as Python coupling with TRNSYS, TRNSYS workflow auto
mation, control benchmarking, and model exchange. For example, the 
TRNSYS Python CFFI interface, implemented through Type 3157 [6], 

enables Python code and Python libraries to be called from within 
TRNSYS simulations. The pytrnsys package supports Python-based 
building, execution, post-processing, plotting, and reporting of 
TRNSYS simulations [7]. BOPTEST [8] provides a framework for eval
uating and benchmarking building control strategies. CityLearn [9] of
fers a separate Gymnasium-based environment, independent of 
TRNSYS, for multi-agent reinforcement learning in building energy co
ordination and demand response. FMI-based workflows [10] support 
tool-independent model exchange and co-simulation across simulation 
tools. Some of these tools complement the proposed workflow, while 
others operate in distinct simulation or benchmarking environments. 
TRNSYS-AgentControl focuses on existing TRNSYS simulation models, 
where the physical and transient simulation environment remains in 
TRNSYS, while Python is used for control-environment construction, 
external agent training, saved-policy deployment, and runtime inference 
through the TRNSYS Python connector. Therefore, 
TRNSYS-AgentControl is positioned as a TRNSYS-oriented workflow 
layer around existing TRNSYS and Python capabilities. Its main signif
icance is not in introducing a new optimization algorithm, but in 
providing a structured software workflow that links existing TRNSYS 
models with Python-based agent control.

The intended use scenario is straightforward. A user first exports 
simulation outputs from a TRNSYS model, then prepares training-ready 
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data and defines project-specific states, actions, rewards, and opera
tional constraints in Python. After agent training, the trained model is 
manually reintegrated into the TRNSYS Python connector for runtime 
inference. The workflow keeps the TRNSYS model setup under user 
control, because users manually connect the Python-based agent to the 
required TRNSYS inputs and outputs according to the needs of the 
project and the target optimization problem. The practical motivation 
for this workflow is consistent with earlier TRNSYS-based energy man
agement and supervisory control studies, including prior application- 
oriented work by the authors [11].

To support this positioning, Table 1 summarizes the functional 
relationship between TRNSYS-AgentControl and related tools or 

workflows. The comparison is functional rather than performance- 
based, because the listed tools do not all address the same software task.

2. Software description

2.1. Software architecture

TRNSYS-AgentControl is a lightweight Python workflow for pre
paring, training, and redeploying supervisory agents for TRNSYS simu
lation models. The software architecture consists of four main layers: 
optional baseline data preparation, control-environment definition, 
agent training, and runtime inference. In the illustrative workflow 
provided in this repository, a training-ready dataset is used as the input 
for agent development in Python. An environment module constructs 
the state representation, action space, and reward logic required for 
agent training. A trainer module uses this environment to train and save 
a deployable control model. Finally, a runtime module loads the trained 
model. It performs inference through the TRNSYS Python connector, 
where selected state variables are passed from TRNSYS to Python, and 
the predicted control action is returned to the simulation. Fig. 1 sum
marizes the overall workflow of TRNSYS-AgentControl, from rule-based 
TRNSYS simulation and data export to Python-side agent training and 
reintegration into TRNSYS for agent-based closed-loop operation.

Fig. 2 shows the TRNSYS model used to demonstrate the software 
workflow, including the location of the Python-based runtime compo
nent within the simulation structure. In the illustrated setup, TRNSYS 
provides the selected state variables at runtime; the Python-side agent 
evaluates the current state and predicts the supervisory action; and the 
returned output is reintroduced into the same simulation loop for closed- 
loop control.

The architecture is intentionally modular and application- 
configurable. The workflow separates baseline preparation, environ
ment definition, training, and runtime deployment into distinct software 
components. Modular software organization has also been used in 
energy-system tools that provide separate computational modules and 
simulation-related components [12]. Control logic can also be organized 
outside the simulation model, an approach that has been used in soft
ware platforms for building control and co-simulation [13]. 
Project-specific variables such as states, actions, reward terms, and 
operational constraints are defined on the Python side, while the overall 
workflow remains unchanged. This design allows the same structure to 
be reused across different TRNSYS-based energy applications without 
requiring automatic modification of TRNSYS project files. In the present 
implementation, the software is demonstrated with a building-scale 
PV-battery case, but the architecture is not restricted to a single en
ergy system or agent type. Fig. 3 presents the repository structure of 
TRNSYS-AgentControl and the organization of its main source modules, 
example case files, trained model directory, and supporting project files.

2.2. Software functionalities

The first major functionality of TRNSYS-AgentControl is control- 
environment construction, where state variables, action definitions, 
and reward logic are assembled into a Python-based environment suit
able for agent training. The second functionality is external training of 
supervisory agents using the provided training-ready dataset and the 
defined environment. In the present implementation, this functionality 
is demonstrated with a DQN-based controller, but the workflow is not 
limited to a single algorithm and can be adapted to other Python-based 
decision agents.

The third functionality is runtime inference for closed-loop super
visory control in TRNSYS. After training, the saved model can be loaded 
through the TRNSYS Python connector, where the current simulation 
state is evaluated, and the returned action is mapped to a control signal 
for the next simulation step. This enables the comparison of agent-based 
supervisory control against conventional rule-based operation within 

Table 1 
Functional positioning of TRNSYS-AgentControl relative to related tools and 
workflows.

Tool or workflow Main scope Relation to TRNSYS- 
AgentControl

TRNSYS Python 
CFFI / Type 
3157

Provides a TRNSYS 
component/interface for 
calling Python code and 
Python libraries during 
TRNSYS simulation.

TRNSYS-AgentControl uses 
this connector as the runtime 
deployment interface, while 
adding the surrounding 
workflow for data 
preparation, Python-side 
control-environment 
definition, external agent 
training, saved-policy 
loading, and action/output 
mapping around existing 
TRNSYS models.

pytrnsys Supports Python-based tasks 
related to TRNSYS simulation 
workflows, including model 
building, execution, post- 
processing, plotting, and 
reporting.

TRNSYS-AgentControl is not 
focused on TRNSYS project 
generation or reporting; it 
focuses on agent-driven 
supervisory control and 
policy redeployment within 
an existing TRNSYS 
simulation workflow.

BOPTEST Provides standardized 
emulators, APIs, and 
performance indicators for 
evaluating and 
benchmarking control 
strategies in building and 
district-energy applications.

TRNSYS-AgentControl 
operates in a different 
setting: it targets project- 
specific supervisory-control 
workflows around user- 
defined TRNSYS models 
rather than a standardized 
benchmark platform.

CityLearn Provides a Gymnasium-based 
environment for 
reinforcement-learning 
research in building energy 
coordination and demand 
response.

CityLearn provides a 
standardized RL 
environment, whereas 
TRNSYS-AgentControl 
focuses on existing TRNSYS 
simulation models and 
supports Python-based agent 
training and redeployment 
through the TRNSYS Python 
connector.

FMI-based 
workflows

Support model exchange and 
co-simulation across tools 
through Functional Mock-up 
Units.

TRNSYS-AgentControl does 
not package the TRNSYS 
model as an FMU; the 
physical and transient 
simulations remain in 
TRNSYS, while Python is 
used for agent training and 
runtime inference via the 
TRNSYS Python connector.

Previous TRNSYS 
optimization 
couplings

Connect TRNSYS with 
external tools or case-specific 
optimization and control 
workflows.

TRNSYS-AgentControl 
provides a reusable agent- 
oriented workflow for data 
preparation, control- 
environment definition, 
external training, and 
redeployment of a saved 
policy into TRNSYS, rather 
than a single case-specific 
coupling.
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the same TRNSYS simulation context. A further practical functionality of 
the software is that it separates external training from in-simulator 

deployment, which makes the workflow easier to reproduce and adapt 
while avoiding dependence on direct manipulation of legacy TRNSYS 

Fig. 1. Overall workflow of TRNSYS-AgentControl, from TRNSYS simulation to Python-side training and reintegration into TRNSYS.

Fig. 2. TRNSYS model for the illustrative PV-battery case, showing the location of the Python-based runtime agent for closed-loop supervisory control.
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project structures. To support stable deployment, the workflow pre
serves consistent input-output mapping, time-step alignment, normali
zation consistency between training and runtime, action scaling within 
physical limits, and fallback to baseline control when needed. In addi
tion, the repository includes an optional preprocessing utility that can be 
used to generate a rule-based comparison dataset when such a step is 
needed in a project-specific workflow.

3. Illustrative examples

A representative illustrative example is provided for a building-scale 
PV-battery energy management problem modelled in TRNSYS. In this 
example, the input data consist of time-series outputs exported from the 
TRNSYS PV-battery simulation, including the variables selected for the 
control state and the baseline signals used for comparison. These 
exported data are converted in Python into a training-ready dataset, 
where the intermediate information used by the agent consists of aligned 
time-step records, selected state columns, action mapping, reward- 
related quantities, and baseline comparison outputs. The Python con
trol environment then represents the TRNSYS-derived PV-battery man
agement problem: at each time step, the agent observes the selected 
state variables, selects a discrete battery-use action, and receives a 
reward based on the engineering objective defined for the project. In the 
present implementation, a DQN-based controller is used to demonstrate 
the workflow, although the software architecture is not restricted to this 
algorithm. In TRNSYS-AgentControl, the state vector, action set, reward 
function, constraints, normalization, and fallback logic are defined on 
the Python side and are therefore project-specific rather than fixed by 
the software. For reproducibility, the illustrative PV-battery example 
uses the configuration summarized in Table 2. This example shows how 
these elements can be specified for a single TRNSYS model; users can 
modify the same definitions for other TRNSYS-based applications.

After training, the saved model is manually reintegrated into the 
TRNSYS Python connector for runtime inference using the Type 3157/ 
CFFI data-exchange structure. In practice, the user defines the required 
number and order of Python-component inputs and outputs in the 
TRNSYS connector, connects the Python inputs to the relevant TRNSYS 
output signals, and connects the Python outputs back to the required 
control inputs of the TRNSYS components. In the illustrative example, 
these connector inputs follow the same order as the 15-variable state 

vector defined above. The runtime script then reads the input array, 
converts it into the agent state, loads the trained DQN policy, predicts 
the supervisory action, and maps the selected action to the corre
sponding battery-use signal. The calculated outputs are then written 
back to the TRNSYS connector and can be connected to the same 
downstream control or equation-block locations that would otherwise 
receive rule-based control signals. In this example, the returned outputs 
are household grid use, battery use, and the selected action index, in this 
order. The initialization function prepares the runtime history variables, 
while the inference step follows the TRNSYS component call sequence so 
that the control decision remains synchronized with the hourly simu
lation time step. Together, these steps demonstrate the full workflow 
from data preparation and external training to in-simulator deployment. 
The resulting agent-based control can then be compared with a trans
parent rule-based baseline under the same TRNSYS simulation context. 
In the illustrative case, annual grid energy consumption was reduced 
from 473,512 kWh under the rule-based baseline to 385,500 kWh under 
agent-based control, corresponding to an 18.6% reduction under the 
tested conditions. The learned policy was evaluated by comparing 
annual grid energy use with the rule-based baseline within the same 
TRNSYS simulation context and by verifying that the runtime action 
mapping remained within the defined battery-use limits. For problem 
scale, the provided example represents a low-dimensional supervisory- 
control case with 15 state inputs, five discrete actions, hourly control 
decisions, and a one-year simulation horizon. Larger applications can be 
addressed by redefining the project-specific state, action, reward, and 
constraint settings and by selecting a training algorithm and network 
size appropriate to the resulting problem dimension. Table 3 summa
rizes the main example files included in the illustrative PV-battery case 
and their role in the workflow.

4. Impact

TRNSYS-AgentControl extends the practical use of TRNSYS from 
conventional rule-based supervisory operation to configurable agent- 
based control workflows implemented in Python. As a result, the soft
ware makes it possible to investigate research questions that are difficult 
to address with fixed supervisory logic alone, including how different 
state definitions, reward structures, action mappings, and learning- 
based or agent-based decision policies influence energy management 

Fig. 3. Repository structure of TRNSYS-AgentControl, showing the main source modules, example case files, trained model directory, and supporting project files.
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performance in the same simulation environment [5]. It also supports 
more flexible experimentation than earlier TRNSYS workflows that 
relied on external optimization couplings or case-specific optimization 
setups [2,4].

This structured path supports reproducible comparison of alternative 
supervisory policies within the same TRNSYS model, while the physical 
simulation remains in TRNSYS and the control logic is developed 

externally in Python. At the present stage, the software has been 
demonstrated through the illustrative PV-battery case included in this 
article and is aligned with TRNSYS-based energy management applica
tions explored in prior work. Its current impact is therefore methodo
logical and practical rather than widespread in terms of user adoption. 
No commercial deployment or spin-off activity is claimed in the present 
work. However, the software provides a reusable basis for future 
TRNSYS-based studies that require flexible supervisory control and 
integration of Python-based decision agents.

5. Conclusion

TRNSYS-AgentControl provides a practical Python-based workflow 
for agent-driven supervisory control studies in TRNSYS. The software 
supports baseline data preparation, control-environment definition, 
external agent training, and runtime inference through the TRNSYS 
Python interface. Its main contribution is not the introduction of a new 
optimization algorithm, but the provision of a reusable and configurable 
workflow that helps TRNSYS users move beyond conventional rule- 
based supervisory logic toward Python-based agent control.

The illustrative PV-battery case demonstrates that the workflow can 
be implemented from exported TRNSYS data to trained-model rede
ployment within the TRNSYS simulation loop. More generally, the 
software offers a structured basis for future energy simulation studies in 
which supervisory decisions are developed externally and then rein
troduced into TRNSYS for closed-loop evaluation.
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