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ARTICLE INFO ABSTRACT
Keywords: Future automotive powertrains become increasingly complex to achieve optimal and robust performance in real-
Self learning control world conditions. This is accompanied by rapidly escalating time and cost demands for calibrating powertrain

Reinforcement learning
Vehicle thermal management
Automotive control

control systems using existing map- and model-based methods. This challenge highlights the urgent need for self
learning control strategies, which autonomously learn optimal control settings on the road. This work demon-
strates the potential of Reinforcement Learning-based self learning control for a battery electric vehicle thermal
system with safety constraints. To realize Reinforcement Learning on the tested vehicle, a novel exploration
method is implemented, which explicitly deals with system safety and minimizes experiment time. By combin-
ing an online-learned Gaussian Progress Regression model and a reciprocal Control Barrier Function, the optimal
direction and step size for information-rich actions is determined during exploration. Validated on a vehicle
test-bench, the proposed method calibrates the reference generator to optimize steady-state operation of the
heat pump system. Safe and robust performance is demonstrated for varying ambient temperature and humidity,
achieving a relative error in heat pump efficiency within 2% of the true optimum across all validation points.
Compared to conventional map-based control, the Reinforcement Learning-based approach reduces calibration
time by 69%.

1. Introduction control methods that combine robust performance and acceptable cali-
bration time and costs, as illustrated in Fig. 1.
1.1. Powertrain control is facing a turning point.

1.2. Methods to reduce calibration effort
Strict regulations on greenhouse gas and real-world pollutant emis-

sions require future automotive powertrains to perform optimally and State-of-the-art model-based control (MBC) methods, such as model
achle.v.e rob.ust perforrr}ance in real-world operating Cond{tlons' Tbese predictive control (Karlsson et al., 2010) and model embedded con-
conditions include a wide range of external disturbances (i.e., ambient trol, reduce calibration effort and improve robustness compared to map-

and driving conditions) and system uncertainties (i.e., system aging and
manufacturing tolerances). To realize optimal and robust performance,

numerous hardware and software systems are being added to the ex- However, off-line model-assisted calibration offers limited robustness
isting powertrains, causing an increase in system complexity. Recent  against real-world disturbances and requires significant expert effort,
developments in automotive powertrains include advanced combustion while model-embedded control faces challenges from high computa-
concepts running on hydrogen and biofuels, increasing levels of electri- tional demands and modeling complexity, since systems grow more
fication, hydrogen fuel cells and waste heat recovery systems (Pereir- complex.

inha et al., 2018; Sanguesa et al., 2021). As a result, the control cali- Further reduction in calibration effort can be achieved by automat-
bration effort will become unacceptably large for increasingly complex ing the calibration process in the off-line environment, as illustrated in
systems with the application of the traditional map-based control ap- Fig. 1. This approach can significantly reduce the expert effort required
proach (Atkinson, 2014). Moreover, it is challenging to capture a wide in the calibration process. In our previous work (Garg et al., 2023), we

range of operating conditions to achieve robust performance with the achieved a significant reduction of 77% in the expert effort by using Re-
map-based approach (Willems, 2017). Consequently, there is a need for

based approaches. By enabling off-line calibration and model-embedded
control, these methods decrease the need for vehicle test experiments.

inforcement Learning to calibrate an automotive thermal system using
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Fig. 1. Illustration of robust performance and calibration effort with different
control calibration approaches. The green box highlights the focus of this work.
This figure is adapted from Garg et al. (2021).

a high-fidelity simulation model. The method could deal with an added
control complexity using deep neural networks, which offers improved
robustness to known disturbances. Nonetheless, a significant effort is
still required to generate a high-fidelity system model, and limited ro-
bustness can only be achieved against operating conditions outside the
tested operation envelope.

Self Learning control (SLC) has the potential to further reduce the
control calibration time and realize robust performance of future auto-
motive powertrains (Willems, 2017). SLC refers to the control method
that autonomously determines optimal control parameter values by in-
teracting with the system on-line (i.e., on a vehicle test-bench or during
on-road operation) and by using the available (virtual) sensor informa-
tion. Fig. 1 illustrates the potential benefits of SLC in reducing calibra-
tion effort and enhancing robust performance in real-world conditions.
SLC can significantly reduce the control calibration effort in two ways:
i) Minimizing modeling effort because the controller can directly learn
from the (virtual) sensor information, and ii) Reducing expert effort
due to the autonomy of the SLC method. To realize SLC, multiple stud-
ies have investigated Extremum-Seeking Control (ESC), see e.g. Ramos
et al. (2017), van der Weijst et al. (2019). ESC relies on data-driven and
model-free optimization to determine online optimal control settings.
Moreover, it can deal with constraints to guarantee safe system oper-
ation (van der Weijst et al., 2019). However, the assumption that the
inputs to the cost function should possess a quasi-convex mapping lim-
its its generalizability to cost functions with multiple maxima, which are
typically found in most powertrain optimization problems.

On-line Reinforcement Learning (RL) offers an effective way to re-
alize SLC on a vehicle test-bench (Garg et al., 2025). These algorithms
learn the action-values of different actions (i.e., control settings) from
a data sequence without requiring a parametric model of the system
(Sutton & Barto, 2018). This data sequence is generated by the agent-
environment interactions using exploration and exploitation strategies.
Using the information from this data sequence, the agent converges to
the optimal actions that maximize the reward function (i.e., minimize
the cost function). Having said that, exploring different actions in in-
teraction with the real vehicle is not straightforward due to hardware
limits. A growing body of literature has explored RL-based control for
engineering systems in the simulation environment, for example, engine
control development (Koch et al., 2023), robotics (Kormushev et al.,
2013), process control (Nian et al., 2020), automotive powertrain con-
trol (Norouzi et al., 2023), vehicle energy management systems (Lei
et al., 2025; Qi et al., 2019; Zhang et al., 2025) and autonomous vehi-
cles (Aradi, 2022). However, real-world applications of reinforcement
learning in these systems remain limited due to challenges in ensur-
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ing safety, minimizing exploration time and requiring significant a-prior
system knowledge in form of models. To overcome this challenge, we
developed a novel Safe and Information-seeking exploration (Safe-ISE)
method in previous work (Garg et al., 2025). This exploration method
can realize SLC by ensuring safe system operation while minimizing the
number of experiments required during the exploration. Moreover, the
proposed method improves robustness in real-world operations by learn-
ing directly from the measurement data.

1.3. Research objective and main contributions

The objective of this work is to experimentally demonstrate the po-
tential of the novel Safe-ISE method to drastically reduce calibration
effort and improve robust performance in real-world operating condi-
tions.

Compared to previous work (Garg et al., 2025), which introduced
the novel exploration method, the main contributions of this work are:

1. Detailed information about the successful implementation of the
novel Safe-ISE method on a vehicle;

2. Experimental results demonstrating the functionality of the novel
method for calibrating control settings in a vehicle thermal system
for different safety bounds;

3. Benchmarking the robust performance and calibration effort of the
novel method with a coventional map-based approach under varying
ambient temperature and humidity.

2. Heat pump control system

The thermal system of a battery electric vehicle is responsible for
ensuring thermal comfort of the passengers in the cabin and temper-
ature control of the powertrain components such as electric machines
and batteries. Within the scope of this work, we focus on a heat-pump-
based thermal system, which can operate in multiple modes, such as
cabin cooling, heating, and dehumidification mode, battery cooling, and
heating mode as a function of ambient conditions. Calibrating the cor-
responding control system across all operating modes of this complex
multi-variable system is challenging and requires substantial effort. De-
termining optimal control settings is key, since the thermal system can
consume up to 40% of the total battery energy depending on ambient
conditions, which can significantly impact the vehicle range (Lahlou
et al., 2020). Therefore, a time-efficient control calibration approach
that can optimize the heat pump system’s performance in all operation
modes is crucial. For the demonstration of the proposed control method,
we focus on the heat pump system’s cabin cooling mode, which is one
of its most used operation modes.

2.1. System description

The hardware schematic of the studied heat pump system in the
cabin cooling mode is shown in Fig. 2. The system consists of four actu-
ators (i.e., compressor u,,,,, expansion valve u,,,, blower u,,,. and fan
Usgay), an accumulator (acc) and two heat exchangers: the outer heat
exchanger (ohx) and the evaporator (eva).

The heat pump operation in the cooling mode can be explained from
the pressure-enthalpy diagram, also called the Mollier diagram, shown
in Fig. 3. In the cooling mode, the heat energy is extracted from the cabin
by the heat pump system, and it is released to the environment to meet
the demand of cabin air temperature. The air flowing over the outer
heat exchanger at the vehicle front extracts the heat from the refrigerant
flowing across it. This results in the condensation of the refrigerant,
where its phase changes to two-phase and then liquid. If the refrigerant
temperature is below its saturation temperature at a given pressure ps,
then the refrigerant is in a subcooled liquid state. The corresponding
subcool temperature T, at a given working fluid pressure is defined as
the temperature difference corresponding to hs (ps;) — hs(p3), where h is
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Fig. 2. Schematic of the studied heat pump system in the cabin cooling mode.
Symbols T, p represent the measured values for temperature and pressure sig-
nals, respectively, for both refrigerant and air. p, represents a virtual pressure
sensor. Subscripts amb represents the ambient air and a, eo represents the air at
evaporator outlet. Components marked in yellow are the actuators, and the heat
exchangers are marked in green. Blue arrows represent colder temperatures of
fluids (i.e., air, refrigerant), while red arrows represent warmer temperatures.
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Fig. 3. Mollier diagram for the studied heat pump system in cabin cooling
mode. Used refrigerant is R-1234yf. Grey lines represent isothermal conditions.

enthalpy, A3 (p;) is the enthalpy of the saturated working fluid in liquid
state.

At the expansion valve, a pressure drop occurs as the refrigerant
changes to a two-phase mixture from the liquid phase. At the evapo-
rator, the two-phase refrigerant extracts the heat energy from the hot
air flowing over it, and the refrigerant changes to the vapor phase. The
working fluid is in superheated vapor state if its temperature is above
the saturation temperature at given pressure p;. The superheat temper-
ature T, at a given working fluid pressure is defined as the temperature
difference corresponding to h;(p;) — hy/(p;), where h is enthalpy, hy/ (p;)
is the enthalpy of the saturated working fluid in a vapor state. It is ben-
eficial to keep the refrigerant in a saturated vapor state at the outlet of
the evaporator, as the presence of liquid droplets in the refrigerant go-
ing into the compressor can cause damage to its components. To ensure
the safety of the compressor, an accumulator is introduced before the
compressor, which extracts any remaining liquid droplets in the refrig-
erant. The refrigerant in a vapor state at low temperature and pressure
is then compressed to vapor at high temperature and pressure by the
compressor, closing the cycle. The refrigerant temperature at the com-
pressor outlet is constrained as high temperature can cause damage to
the compressor due to high frictional forces. Also, the refrigerant pres-
sure after the compressor is constrained by the operational guidelines
of the heat pump system.
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2.2. Control problem

The high-level control objective of the heat pump-based thermal sys-
tem in the cabin cooling mode is to ensure the thermal comfort of pas-
sengers by tracking the desired air temperature at the evaporator outlet,
i.e., T, ,, while maximizing the heat pump efficiency and satisfying the
safety constraints. The heat pump efficiency is defined by the Coeffi-
cient of Performance (COP), which is the ratio of useful thermal power
exchanged at the evaporator and the electrical power consumed by the

compressor and fan. It is defined as,
P evu(T' Lt

sc» cmp)

COP = m

Pcmp(ucmp) + Pfan(ufan)

where P;,,, P.,, are the required electrical power by the fan and com-
pressor, respectively. P, is the cooling power delivered at the evapo-

rator expressed as,

P,

eva

= ’hr(h1 - h4) 2)

where 1, is the refrigerant mass flow rate across the evaporator, and
h, and h, are the enthalpy of the working fluid at the inlet and outlet
of the evaporator, respectively. Larger values of T, increase condensa-
tion pressure and decrease enthalpy at the evaporator inlet. As a result,
the cooling performance of the evaporator increases with an increase in
the specific compression work. Due to these opposing effects with an in-
crease in T,,, a trade-off exists, leading to a maximum COP (Yamanaka
etal.,, 1997). Changing ,,,, can modify 1, and p,, thereby affecting P,,,,.
To maximize COP and ensure thermal comfort, the optimal value of T},
is determined by solving the following optimal control problem,

min — COP(x,u,w,d), (3a)
st x=f(x,u,w,d,1), (3b)
y=gxuwdi, (€]
Irr, ., = Taeol <€ (3d)
P2 =Dy 20, (3e)
T,-T, >0, (3f)
Tsh >0, (3g)
T 2T,. (3h)

where f is a n—dimensional system function vector, g is a p—dimensional

. - T
output function vector, x is a vector of system states, u = [u,y, Uy

is a vector of control actions, w = [T, RHm-,]T is the vector of exter-
nal inputs consisting of known disturbances, y = [Ta,eo T, p3]T are the
measured outputs, d represents unknown external disturbances such as
a change in blower speed, number of passengers. ¢ is allowable mis-
match in desired T, ,,, T, is the ambient air temperature and RH,,, is
the relative humidity of the ambient air. The subcool temperature T, is
required to satisfy T,, > T, to prevent frosting of the evaporator as it
increases the thermal resistance between refrigerant and air, which re-
duces the heat transfer across the evaporator (Hermes et al., 2021). The
safety constraints include mechanical constraints (Egs. (3e)-(3g)) and
preventation of evaporator frosting (Eq. (3g)). Thermal comfort con-
straint is represented by (3d).

2.3. Benchmark control approach

Fig. 4 shows the schematic of the benchmark control approach. It is
a classical feedback control system with two single-input-single-output
(SISO) PID-based feedback controllers Cy,, 1, Cy),». These two controllers
track the setpoints from the reference generators R, R,, which are 2-D
look-up maps as a function of ambient temperature T, and relative air
humidity RH,;,. R, outputs the setpoint r;, ~whereas R, outputs the
setpoint rr, . u,y, is manipulated to modify ‘the condensation pressure
and track the reference subcool temperature ry . The desired cooling
load defined by ry, is met by modulating the heat transfer capacity of
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the evaporator using u,,,,, which adjusts si7, and p,. The effect of u,,,,
on 1, and p, causes a strong coupling between these two SISO control
loops, which makes this a challenging control problem.

2.4. Vehicle test-bench specifications

The vehicle test bench is equipped with a chassis dynamometer in-
side a climatic chamber where ambient air temperature and ambient air
relative humidity can be controlled at stationary conditions. The vehi-
cle can be driven at varying speeds, which can simulate the effects of
air-flow across the outer heat exchanger. Moreover, varying windspeed
can be realized in the climatic chamber. The cooling power demand can
be varied by manipulating the desired cabin air temperature and the
blower speed from within the driver’s cabin.

The vehicle is equipped with the ETAS rapid prototype system (RPS)
module shown in Fig. 5 for control implementation and validation. The
ETAS RPS module consists of the benchmark (see Section 2.3) and the
RL-based softwares for the heat pump control. The sensor signals are
logged using the IPETRONIK data logger. The base software for heat-
ing, ventilation and air-conditioning (HVAC) control is implemented on
the Base HVAC ECU, which communicates with the heat pump control
via the LIN communication protocol. The Powertrain ECU contains the
software for the powertrain control, which uses ethernet and Vehicle
CAN communication protocols.

The RL-based control method is developed in the 2017b version of
MATLAB and Simulink on a laptop. This control software is then com-
piled using the ETAS Intecrio to generate the software for RPS imple-
mentation. The compiled software is uploaded on the RPS module using
the ETAS INCA software, which is also used for pre-calibration, mea-
surement data analysis and fine-tuning on the vehicle test-bench. The
compiled software is then run on the ETAS RPS module at an update
frequency of 1Hz by bypassing the benchmark control software.

2.5. Benchmark control calibration process

The process of determining the controller parameters to realize the
desired system performance is defined as control calibration. The heat
pump control system is a non-linear system for which the calibration
process is a complex task. This process requires large development times
and costs. The benchmark control development process follows a typical
V-development cycle (Liu et al., 2016), as shown in Fig. 6. The initial
step is the concept definition where the controller inputs and outputs,
controller type and the control system design are chosen. In the bench-
mark control system, the controller is map-based and is calibrated by an
expert (i.e., a system engineer).

As a first step, high-fidelity system models are generated that can
capture multiple known disturbances to the heat pump system, such as
varying ambient conditions and vehicle speed. Then, the map-based con-
trol blocks R, R,,Cpy1,Cpp, are calibrated in an off-line (i.e., desktop)
environment using the system model. This step is called control strat-
egy in model-in-the-loop (MIL) (Step d) in Fig. 6. The corresponding
tasks are performed by a system engineer, who possesses in-depth sys-
tem knowledge. These belong to the most time-consuming calibration
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tasks in the V-development cycle. In the benchmark approach, R, R,
maps are calibrated as a function of known disturbances to optimize
the steady-state operation of the heat pump system. For the studied
benchmark, the controller is calibrated for two known external dis-
turbances: T,,, and RH ;. Thereafter, the gains of the PID-based con-
trollers Cy, 1, Cp, are tuned off-line by the system engineer.

To prepare the control software for implementation on the vehi-
cle electronic control unit (ECU), the software is first validated in
the hardware-in-the-loop (HiL) (Step e) environment. Thereafter, maps
R, R, and PID-based controllers C, , Cy,, are fine-tuned on RPS (Step
f). In case of deviation in the control system performance on the test-
bench from the simulation results, the simulation models are fine-tuned
using the new experimental data. This process is repeated until the
desired system performance is achieved on the system test-bench. Al-
though this control development approach is commonly used in the au-
tomotive industry, it has a few limitations:

1. It requires system engineers/experts with in-depth system knowl-
edge for control calibration, for example, the impact of reference
setpoints r on performance outputs z;

2. Itrequires a large effort (i.e., experiment times, expert effort) in both
generating accurate system models and control calibration;

3. The control performance is sub-optimal due to challenges in opti-
mizing complex non-linear control problems using a map-based ap-
proach and introducing safety margins.

3. Reinforcement learning-based control method

We begin this section by presenting how we formulate the heat
pump control problem in a Reinforcement Learning framework. Then,
we briefly describe how we apply the Safe and Information-seeking ex-
ploration (Safe-ISE) method introduced in Garg et al. (2025), on the heat
pump control problem.

3.1. Contextual bandits problem

To optimize the steady-state operation of the heat pump, the control
problem stated in Eq. (3) is formulated as a Contextual Bandits RL prob-
lem. Fig. 7 shows the agent-environment interaction in the proposed RL
framework. The RL agent determines the optimal value of ry, , while
the control components designated by G are treated as a part of its en-
vironment (see Fig. 4). In the Contextual Bandits problem, the agent’s
action g; in a context s; is independent of past actions and contexts, nor
does it affect future actions and contexts, where i = 1,2, 3, ... represents
the instances of the agent-environment interactions. This characteristic
is consistent with the optimization of the heat pump performance for
steady-state operation. The objective of a Contextual Bandits RL prob-
lem is to determine the optimal actions a; for a given context s; such
that the average value of the reward R i.e., action-value ¢(s;, g;) is max-
imized. The key elements in formulating the Contextual RL problem are
reward R, action-values ¢(s, a), context s, action a and safety constraints,
which are defined for the heat pump control problem as follows,

1. Reward R: To maximize COP and meet the desired 7, ,,, R is defined

as a weighted function of these two terms. It is defined as,
- Ta,eol “

here, ¢, c, are scaling weights. The thermal comfort constraint de-
fined earlier in Eq. (3d) is treated as a soft constraint with this for-
mulation.

2. Action-value q(s;, a;): It is determined by taking an average of the re-
ward signal over a specified time duration of 1, seconds if the system
output y is within the desired tolerance of +¢ of the agent’s action
for the duration of 1, seconds as illustrated in Fig. 8. 4, serves as
an additional parameter to ensure whether the reward signal has
achieved steady-state. The main reason behind using 4, is to allow
the flexibility on number of reward samples to average to determine

R=¢;-COP—c, - |rp

a.eo
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the action-value. For example, if the reward signal has larger oscilla-
tions before it converges, a small value of 4, will only include recent
data samples, which increases the likelihood of better capturing the
average reward value. In practice, 4, can be chosen equivalent to 4;.
q(s;, a;) for taking a; in context s; is calculated as,

144
Zz 2 Rt : Ats

Ay lea
where At, is the sampling time and ¢ represents discrete time instant.
. Context s: The stationary operating point of the heat pump system
can be defined by stationary conditions of known external distur-
bances w (see Fig. 4), such as ambient air temperature 7,,,,, relative
humidity of the air RH,;,, cooling demand of the passenger and ve-
hicle speed. In this work, s is defined as a subset of w i.e., T, and
RH,;, expressed as,

]T

q(s;,a;) = %)

§= [Tamb RHair (6)

We assume a discrete context space based on general industry prac-
tice for optimizing steady-state operation.

. Action a: The agent’s action a is the T, setpoint i.e., ry_, which is
directly correlated with the reward (Eq. (4)). rr, can take real val-
ues, therefore, we consider a continuous action space, i.e., A € R*.

Fig. 6. V-development cycle used in benchmark approach for control development of the heat pump system. MiL is model-in-the-loop, HiL is hardware-in-the-loop
and RPS is rapid prototyping system.

Moreover, the action space is constrained by the lower bound on
T,. (Eq. (3h)). Also, it is assumed that a safe initial action g, for all
context values is known from the historical data of the existing heat
pump system. The optimal action of the agent al’.‘+1 in a context s; is
defined as the action with the highest action-value and is expressed
as,

a;‘+1 (s) = arg max ¢(s;, a;) 7)
a

5. Safety constraints: Out of the three safety constraints defined in
Eq. (3), this work focuses on one constraint, i.e., p, — p, >0 for
demonstration purpose. The other two constraints on system states
T, and T, are dealt with using the benchmark safety algorithm.

3.2. Exploration method

In this work, we use the Safe and Information-seeking exploration
(Safe-ISE) method introduced in our previous work (Garg et al., 2025).
The high-level schematic of the method is shown in Fig. 7. To deter-
mine the optimal action a; in a given context s;, the agent explores dif-
ferent actions g; € A for each agent-environment interaction instance
i=1,2,3,... and evaluates the corresponding action-value ¢(s;,q;) re-
ceived from the environment. For exploration, an off-policy learning
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in RL-based control method. Blocks highlighted in blue are focus of this work. t =
1,2,3,... are the discrete time instances and i = 1, 2, 3, ... represents the instances
of the agent-environment interaction.
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Fig. 8. Approach to determine the action-value g(s,a). The solid black line
shows the system output y, and the dotted black line shows the action a taken
by the agent.

approach is applied, which uses two policies: 1) Behavior policy and
2) Target policy. The behavior policy z,, also called logging policy, is
used to explore different actions and gather the information required
to determine a;. After the exploration process is completed, the behav-
ior policy converges to an optimal deterministic policy called the target
policy z_ ;.

To estimate the action-values 4(s;, ¢;) on-line, we use a Gaussian Pro-
cess Regression (GPR) model, which enables incremental learning from
data samples. The GPR model outputs mean predictions u(s;,a) and
variance o,(s, a) in action-values for all actions in the action-space. GPR
demonstrates satisfactory performance given the relatively small num-
ber of dimensions and data points in our setting. However, GPR suffers
from the computational complexity that scales cubically with the num-
ber of data points i.e., @(n?). To address scalability issues in very high
dimensional state space or larger datasets, sparse Gaussian Process Re-
gression techniques can be employed (Quinonero-Candela & Rasmussen,
2005).

To provide safety information to the agent during exploration, the
reciprocal Control Barrier Function (rCBF) is used in this work. It is a
modified form of Control Barrier Functions studied extensively in the
field of Control Theory for formal proofs of safety in dynamical systems
(Marvi & Kiumarsi, 2021; Prajna & Jadbabaie, 2004; Wieland & All-
gower, 2007). Its value is used to limit the step size of the agent’s action
if it approaches the boundary of the safe set of system states.
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Fig. 9. Illustration of the V-development cycle with the proposed calibration
process using RL-based control method for the heat pump system.

For a time-efficient exploration, we use the concept of information
gain (IG), which consists of two different metrics: 1) Uncertainty in the
action-values of the unexplored actions and 2) Proximity of other lo-
cal or global maximas with respect to the current maxima in action-
values called proximity to maxima (PM). PM is an adapted version of the
expected improvement acquisition function used in the Bayesian Opti-
mization (Pelikan et al., 1999), which determines the existence of other
maximas in the action space with respect to the current maxima.

3.3. Calibration process for proposed RL-based controller

Fig. 9 shows the adapted V-development cycle for the RL-based Self
Learning control method. It illustrates its potential to reduce the cali-
bration effort. The controller parameters are calibrated directly on the
vehicle test-bench in the RPS environment without using any prior sys-
tem model. This eliminates the requirement for accurate system models
used in the MiL calibration in the benchmark process (Fig. 6). The con-
trol development process begins with the concept definition (Step 1),
where the system engineer and the Machine Learning expert define the
RL-based control system design, controller inputs and outputs. The first
step in the calibration process is the control strategy in HiL (step II),
where the software is prepared for real-time implementation. The next
step in the calibration the application of the RL-based control method
on the vehicle test-bench using the RPS (Step III). The input to this cali-
bration step consists of the system knowledge from the calibration engi-
neer for defining the system constraints (Egs. (3e)-(3h)) and the context
space (see Section 3.1). The RL-based method can then autonomously
determine the optimal controller settings for the steady-state control of
the heat pump system.

With the proposed process, a significant reduction in the expert cal-
ibration effort is made by eliminating the steps c-e in the benchmark
process (Fig. 6). Moreover, the expert effort required to fine-tune the
controller parameters on the RPS in the benchmark process (Step f in
Fig. 6) is replaced by the effort from the ML expert for fine-tuning the
parameters of the SLC method (Step II in Fig. 9). This transition from
model-based control to Self Learning control reduces the amount of sys-
tem knowledge needed by the calibration engineer for the calibration
process.

4. Experimental results

In this section, we present the results of validating the RL-based con-
trol method on the vehicle RPS for varying ambient temperature and hu-
midity and for different safety constraints. For all the validation cases,
we analyze optimality, safety and calibration effort for the proposed
control method and the benchmark controller.
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4.1. Selected operating conditions
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The proposed control method is validated at three different steady-
state operating points (OPs) listed in Table 1. For all OPs, a safe initial
action a, = 15K is assumed to be known a-priori from the system knowl-
edge. To study varying ambient conditions i.e., s = w = [T, RH,;,17,
the vehicle is mounted in the climatic chamber. OP1 and OP2 are nom-
inal operating points with similar values for ambient conditions. To
evaluate the method’s flexibility to a change in functional requirement,
the safety-related constraint in OP2 is changed from p, = 1900kPa to
P> = 2100kPa. The true optimum ¢* is similar for OP1 and OP2 due to
similar ambient conditions. However, different critical actions a py=p5 €X-
ist for different values of p,. To demonstrate the robustness of the con-
trol method for varying operating conditions, the method is validated
at OP3, where both 7,,, and RH,;, are set to values larger than OP1
and OP2. In OP3, the compressor speed was set to a higher value of
2500 rpm to meet the increased cooling load caused due to larger 7,,,,
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To find the true a* and a,,_- for comparison, a steady-state T,

sweep is made. Herein, T, is varied in the range [3,30]K, and the
measurement data on ¢(s,a) (Eq. (5)) and p, is collected. The steady-
state data points ¢(s, a) are fitted using the Gaussian Process Regression
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Table 2
List of hyperparameters for RL-based control method method.

Parameter Description Category Value

li ight for effici
) Sca ing we¥g t for efficiency Reward function
¢ Scaling weight for thermal comfort
Aa, Step-size in action for start-up Initialization 3K
A Window length to detect stationary condition 120 s
Ay Window length for averaging R Averaging reward 60 s
I3 Allowable deviation from setpoint 1K
P Number of iterations to check for optimality 3
3 Small constant for change in optimal action . . 0.5K
= - Stopping criteria
B Maximum allowable value of rCBF B 190
N Maximum number of experiments 50
———————— True function
e Training data
pi(s,a) 1200
[ 11.96-04(s,a)
........... @ geny =14.8K
® [ measured 1150
S Xy, a5, 19 = 21.2K, B = 190 s
N . =
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Fig. 11. Comparison of exploration results for OP1 with respect to the true
action-value function.

value of 4, is chosen to account for the large time constant in the heat
pump system. & = 1K is chosen to account for feedback controller’s lim-
ited sensitivity and minimize the time required to complete one iteration
of agent-environment interaction i.e., t.,, (see Fig. 8) at the cost of op-
timality. Reducing ¢ can result in longer ., before a value of ¢(s,a)
is sampled. The hyperparameters for the GPR model are similar to the
values used in our previous work (Garg et al., 2025).

The hyperparameters for the GPR model are not optimized during
the learning on the vehicle test-bench and they are kept constant due
to challenges in implementing the MATLAB GPR toolbox on the RPS.
Therefore, the GPR model with constant hyperparameter values is im-
plemented on the RPS. The hyperparameter values shown in Table 2 are
the values obtained by fitting the stationary data points collected from
the steady-state sweep using the MATLAB GPR toolbox as discussed in
Section 4.1. A squared-exponential kernel function is used due to its
suitability for handling smooth functions.

4.3. Validation of optimal and robust performance

4.3.1. Nominal optimal performance:

Fig. 11 shows the result of applying the RL-based control method at
OP1. Results show that the agent explores 7 different actions before con-
verging to the action a* ot = 148 K, which is close to the true optimal
a* = 14.4 K. At all times during the exploration, the agent maintains the
safe operation of the heat pump system by not exploring unsafe actions.

The exploration process is further studied by analyzing the incre-
mental learning process shown in Fig. 12. The agent begins the explo-
ration process by taking the safe initial a, = 15 K. Thereafter, it explores
the action around the safe action, i.e., a =15+ 3 K to determine the
actions that approach the safe boundary. For a = 18 K, an increase in
B is observed compared with a; = 15 K. Therefore, the agent updates
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its estimate of the current safe action space as A;_3 = [3, 18] K. u4(s, a)
of the GPR model at i = 3 implies that actions outside [12, 18] K have
a smaller ¢(s, a). Based on this information, the agent’s current optimal
action is “Zg = 14.5 K and assumes that there exist no other maxima
in ¢(s, a).

After the initial exploration, the agent determines the action that
ensures safety and maximizes the information gain metrics. For i =4,
it takes the action a = 10.9 K in the vicinity of [12,18] K that has the
maximum o,(s, a) from the range of actions that maximize information
gain. Here again, the GPR model is updated with the sampled {a, q(s, a)}
values. Based on the updated u,(s, a), a(’;gem’i: ,=3K however, there
exists large uncertainty in its ¢(s,a) at a =3 K. Therefore, the agent
chooses a = 3 K as its next action for i = 5. After exploring a = 3 K, the
agent discovers that the optimal action lies close to its earlier estimate,
ie, a:gen s = 144K Hereafter, the agent continues to explore the ac-
tion space until it meets the stopping criteria. The agent converges to
a* = 14.8 K after 7 iterations, which is within 2% relative error from

agent
the true action-values ¢*(s, a) (Table 1), and then it ends the exploration.

ent,i=3

4.3.2. performance for different safety constraint bounds:

Fig. 13 shows the result of the agent’s exploration for OP2. In OP2,
D, is relaxed from 1900 to 2100 kPa. This resulted in a different criti-
cal action, i.e., a, _»gokpa = 25.3 K. On the other hand, this also widens
the action-space available for exploration. After the initial exploration
similar to OP1, the agent explores an additional action a = 18.7 K for
iteration i = 4 approaching the safe boundary as compared to OP1.

However, based on u(s, a), there is an absence of maxima for a >
18.7 K; therefore, the agent does not explore actions in this direction
in the next iterations. The exploration stopped after the agent met the
stopping criteria (see Garg et al., 2025 for details on stopping criteria).
The agent converges to a* = 15.3 K, which is within 2% relative error

agent
from the true action-values ¢*(s, a) after 8 iterations (See Table 1).

4.3.3. Performance for changing ambient temperature and humidity:

Fig. 14 shows the results of the learning process by the agent in OP3,
where both T,,, and RH,, are set to higher values compared to OP1
and OP2 implying a larger cooling load on the heat pump system. Here
again, the agent stops exploration as it meets the stopping criteria SC1. It
is seen that after 7 iterations, the agent converges to a’ gent = 15.15K and
q(s, a) with a 2% relative error from the true action-values ¢*(s, a). This
result demonstrates that despite the change in the ambient conditions,
the agent can converge to close-to-optimum while requiring a similar
number of experiments compared to OP1 and OP2.

Table 3 shows the comparison results between the RL-based con-
trol method and the benchmark map-based controller. The three perfor-
mance metrics are safety and deviations with respect to the true a* and
action-values ¢*(s, a) for the validation OPs. For all OPs, the agent sat-
isfies the safety constraints during exploration. Moreover, it is seen that
the RL-based control method outperforms the benchmark controller in
convergence to true a*, and converges to within +2% of the true opti-
mum g*.

4.3.4. Impact on calibration effort:

Following the method described in Garg (2024), the calibration ef-
fort is calculated considering the entire development cycle from concept
definition towards vehicle validation. The calibration process with the
proposed RL-based control method results in a significant 69% reduc-
tion in total calibration time compared to the benchmark process. This
significant reduction is achieved by minimizing the experiment and sim-
ulation times while requiring minimal system knowledge.

5. Conclusions and future work
In this work, we present the successful experimental demonstration

of a Reinforcement Learning-based Self Learning control method that
can automatically optimize control settings on the vehicle test bench



P. Gargetal

i =1, af . =15.00
3

agen;

C o ok
1 =2, Qugen,

. =15.00

200 200
25 /T 150 150
=
/ \
100 100
21/ \
L2 B T 1) 50
/ \
15 . 0
VOO P PSP VRO P P

i =5, gy =14.70 i =6, a,,,, =14.80
3 3

Control Engineering Practice 172 (2026) 106944

i =3, alye, =14.50 i =4, afyey =3.00
3
200 200
150 150 5
Y
100 100,35
50 50
0 0
N B

200 —
”s e Training data
: 150 ’g — — —pi(s,a)
£ |16 oyls,a)
100 0y 2
2 .o . B(Sﬁ)
o * 50 X,, B =190
1.5

Fig. 12. Incremental learning of the agent in OP1.
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Comparison of the map-based benchmark and RL-based control method.

op Safe operation (B < B)  Deviation from a* % x 100[%]  Deviation from ¢* q"“‘“;‘x S 100[%]
Benchmark  RL Benchmark  RL Benchmark  RL
OP1 Yes Yes -10.42% —-2.78 % —2% 0.4 %
OP2 Yes Yes —-10.42% —6.25 % —2% 2%
OP3 Yes Yes 4.37% -1.87 % -0.44% -1.3%
; : ; ; : 3.2 : i i i
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Fig. 13. Comparison of exploration results for OP2 with respect to the true
action-value function.

without a prior system model. The proposed control method uses a
Safe and Information-seeking exploration method to maintain safe op-
eration and minimizes the number of experiments during exploration.
The method is applied for calibrating the reference generator to op-
timize the steady-state operation of the vehicle heat pump system in
the cabin cooling mode. The proposed control method outperforms the
benchmark map-based control and achieves convergence with an accu-
racy of +2% relative error from the true optimum in the action-values
across all the validation operating points. The ease of calibration and
autonomy of the proposed method is demonstrated experimentally by
varying a functional requirement. Moreover, the robustness of the pro-
posed method to adapt to changing operating conditions is showcased
for varying ambient temperature and relative humidity in the vehicle

a =T [K]

Fig. 14. Comparison of exploration results for OP3 with respect to the true
action-value function.

climatic chamber. The proposed RL-based control method significantly
reduces the calibration time by 69% in comparison to the benchmark
approach by circumventing the generation of system models and model-
in-the-loop control development.

Future work will focus on applying RL to a multi-input-multi-output
(MIMO) problem, i.e., calibration of R, and R, to deal with the input-
output coupling in the heat pump control system and deal with multiple
system constraints. Additionally, the method’s robustness will be evalu-
ated further by examining the impact of different refrigerant types and
hyperparameters settings. Further research will also investigate the Re-
inforcement Learning-based control for learning of R, and R, on the
road.
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