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ABSTRACT

This work presents a model for optimizing shell-and-tube heat exchanger design using Q-learning,
a reinforcement learning technique. An agent is trained to interact with a simulated environment
of a heat exchange model, iteratively refining design configurations to maximize a reward function.
This reward function balances heat exchanger effectiveness and pressure drop, emphasizing de-
signs that minimize pressure drop. Results showed that simpler configurations consistently
achieved higher rewards, despite complex designs offering better heat transfer efficiency.
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INTRODUCTION

Heat exchangers are essential components
across industries, facilitating heat transfer between fluids
of differing temperatures [1]. Since their development in
the early 20th century for industrial steam generators
and power plant condensers, their applications have ex-
panded into refrigeration, automotive cooling, waste heat
recovery, and petrochemical processes [2]. The optimi-
zation of heat exchangers is directly connected to the
energy and operational costs [3]. Thus, linking this equip-
ment to important performance parameters. However,
traditional design methods often rely on iterative manual
processes that fail to guarantee optimal solutions due to
the complexity of influencing parameters [4].

Recent advancements in Scientific Machine
Learning (SciML) offer promising avenues for addressing
these challenges. By integrating scientific principles with
machine learning, SciML has shown potential in optimiz-
ing intricate systems like heat exchangers [5]. For in-
stance, reinforcement learning (RL), a branch of SciML,
can be utilized to identify optimal designs by exploring
vast solution spaces without manual intervention. For ex-
ample, a Scopus search using "heat exchanger" and "ma-
chine learning" revealed 259 studies, the narrower term
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"g-learning," an RL technique, yielded just five results.
Research highlights, such as Wang et al. (2023) [6],
demonstrate the potential of machine learning and com-
putational fluid dynamics to enhance heat transfer in
finned heat pipe radiators by optimizing parameters like
fluid flow and thermal efficiency. By leveraging machine
learning models trained on CFD simulation data, the au-
thors identified design configurations that significantly
enhanced thermal performance while maintaining manu-
facturability. This approach highlights the value of inte-
grating machine learning with traditional physics-based
methods to tackle the complexities of heat exchanger
optimization.

Studies leveraging machine learning for heat ex-
changer optimization have explored diverse methods.
For instance, Nevin et al. (2023) [7] employed Gaussian
Process Regression and Random Forest models to en-
hance performance with turbulator inserts. In contrast,
Keramati et al. (2022) [8] applied Deep Reinforcement
Learning to optimize heat exchanger geometry, balanc-
ing heat transfer efficiency with reduced pressure drop.
While these techniques have made notable advances,
commercial optimization tools like Aspen EDR and HTRI
Heat Exchanger Suite are still widely used in industry.
These tools typically rely on meta-heuristics to solve

1818


https://doi.org/10.69997/sct.192011

design problems, which, while effective, are often com-
putationally intensive and require significant time for de-
sign iteration [9, 10]. This work differentiates itself by ap-
plying Q-learning, a simpler yet efficient reinforcement
learning method, to optimize shell and tube heat ex-
changers, offering a potential for faster design evaluation
and reduced computational time compared to traditional
methods. The study focuses on maximizing a reward
function defined by heat exchanger effectiveness and
pressure drop. Despite limited precedent in applying Q-
learning to this field, the findings from this exploratory
work provide a foundation for further development.

BACKGROUND

Shell and Tube Heat Exchangers

Shell and tube heat exchangers are versatile and
widely used in industrial applications due to their scala-
bility, durability, and flexibility. In these exchangers, one
fluid flows through a bundle of tubes, while another fluid
circulates around the tubes within a shell. This arrange-
ment enables heat transfer, where the hotter fluid warms
the cooler one or vice versa. The efficiency of this pro-
cess depends on factors like the overall heat transfer co-
efficient, heat transfer surface area, and the temperature
gradient between fluids [1].

To optimize heat transfer, shell and tube exchang-
ers incorporate numerous small tubes within a single
shell. Baffles inside the shell direct the fluid in a serpen-
tine path, creating turbulence that enhances heat trans-
fer by breaking up thermal boundary layers on the tube
surfaces [1]. Figure 1 illustrates a typical shell and tube
heat exchanger with a one-shell pass and one-tube
pass configuration, showing the internal structure and
flow arrangement.
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Figure 1. Shell and tube heat exchanger with one-shell
pass and one-tube pass scheme.’

The flexibility of shell and tube heat exchangers
allows for various configurations tailored to specific op-
erational needs. These designs, combined with their abil-
ity to withstand high pressure and temperature, make
them ideal for chemical processing, power generation,
and petrochemical production [1]. This work employs the
effectiveness-NTU (e-NTU) method to evaluate the per-
formance and design of such heat exchangers.
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Performance-indicating Parameters

The heat transfer rate (q) in a shell and tube ex-
changer is often calculated using the rate equation:
q = UA; ATy, )
where U is the overall heat transfer coefficient, A, is
the total surface area for heat transfer, and 4T}, is the
log mean temperature difference (LMTD). However,
when only inlet temperatures are available, the effective-
ness-NTU method simplifies the process by introducing
dimensionless parameters like NTU (number of transfer
units) and heat capacity ratios to directly estimate the
exchanger’s effectiveness (g) [10].
The relationship for effectiveness in a single-shell
pass shell and tube exchanger is:
2 (2)

21+ exp (-1
1+ G+ /1+ C* T—exp (T
where C, is the heat capacity ratio C, = Cpin/Cnax, aNd T =

NTU /1 + C,2. For exchangers with multiple shell passes,
the generalized effectiveness equation is:
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High effectiveness values indicate efficient heat
transfer, making these parameters crucial for assessing
exchanger performance. Additional considerations, such
as temperature profiles and pressure drop, provide a
comprehensive evaluation.

The pressure drop (AP) is critical for evaluating
performance, calculated using the Darcy-Weisbach
equation [12]:

AP = fv—2£ (4)

Here, AP is the pressure drop across the tubes; f is
the friction factor; and L is the total length of the pipes,
calculated as the length of each pipe (I) multiplied by the
number of shell passes (n): L =1 - n. The friction factor
is determined using the Colebrook equation [12]:

e
4 251 (5)
= —2log d;

1
— —+
where e is the absolute roughness of the pipes, and Re is
the Reynolds number. The Reynolds number describes
the flow patterns of a fluid, indicating whether the flow is

laminar or turbulent. For fluid flow within a pipe, it is de-
fined as [13]:

vd;p
H (6)

Re =
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where u is the fluid viscosity.

These equations provide the foundation for evaluat-
ing heat exchanger performance by calculating key met-
rics such as effectiveness, temperature profiles, and
pressure drop. In this work, these parameters play a cen-
tral role in assessing and optimizing heat exchanger de-
signs through the application of Q-learning.

Reinforcement Learning

Reinforcement learning (RL) is a machine learning
technique where an agent interacts with an artificial en-
vironment to maximize cumulative rewards, based on the
Markov Decision Process (MDP) [14]. The MDP provides
a mathematical framework for decision-making, particu-
larly suited to dynamic programming and optimization
challenges [15].

In an MDP, the agent observes the current state S, ,
selects an action A, and receives a reward R.+1 along-
side a new state at each time step [16]. Transitions be-
tween states follow the Markov Property, where the next
state depends only on the current state and action. A vis-
ual representation of this process is illustrated in Figure
2.

[ e

Figure 2. A simplified representation of MDP.

The agent’s goal is to maximize total return over
time by optimizing its policy 7 (a|s), which determines the
probability of taking action a in state s. Value functions
are key to RL, estimating the expected return for a policy
T. Iterative evaluation and policy improvement enable the
agent to identify the optimal policy = *, maximizing re-
turns.

While models of the environment can simplify this
process, RL often relies on experience, where episodes
of states, actions, and rewards guide learning [16].

Q-Learning

Q-learning, introduced by Watkins (1989), is a rein-
forcement learning algorithm based on Temporal Differ-
ence (TD) learning. It estimates an optimal decision strat-
egy for infinite-horizon problems without requiring an en-
vironmental model [17, 18]. Q-learning adopts an off-pol-
icy approach within TD learning, meaning that the optimal
value function derives from actions chosen inde-
pendently of the current policy = (a|s) [16]. The updating
rule proposed by Watkins (1989) is [17]:

Q(Sp,A) « Q(Sp,A) + afTpyq +
Queiroz et al. / LAPSE:2025.0444

¥y maxqQ(Ser1, Arr1) — Q(Se, Ap)] (7)

Here, a is the learning rate, y is the discount factor,
and max,Q(S;+1,4:41) represents the estimated optimal
future reward. A Q-table, as shown in Table 1, stores
these values to guide the agent’s decisions.

Table 1: A simple schematic of a Q-table.

A, A, A,
S Q(51,4;) Q(S1,42) Q (51,4,
SZ Q (SllAl) Q (SIIAZ) Q (Sern)
Sm Q (SmlAl) Q (SmIAZ) Q (SmlAn)
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The agent balances exploration (trying new actions)
and exploitation (choosing the best-known actions) using
the e-greedy method. Exploration probability € decreases
over time, transitioning from exploration to exploitation.

Q-learning’s adaptability and effectiveness make it
a powerful tool for solving dynamic decision-making
problems, enabling agents to learn optimal strategies
through continuous experience.

METHODOLOGY

The development and execution of the Python pro-
gram for this work were conducted on the following com-
puter setup:

= Hardware:

0  Processor: 1.4 GHz quad-core Intel Core i5
Memory (RAM): 8 GB 2133 MHz LPDDR3
Storage: 256 GB

O

O

=  Operating System: macOS Sonoma V. 14.4.1
= Development Environment:

IDE/Editor: Virtual Studio Code V. 1.88.0
Python Version: Python 3.9.18

o

@)

0  Key Libraries and Frameworks: NumPy,
Matplotlib, SciPy, Gym, Pandas, Os

Database

To enable Q-learning and train the model, a data-
base containing the necessary input parameters for the
heat exchanger had to be provided. Since experimental
data was not available, this database was artificially cre-
ated using randomly selected values with reasonable in-
tervals. For simplicity, all fluids were assumed to be wa-
ter. The required input data included inlet mass flow (1),
overall heat transfer coefficient (U), heat capacities (Cp),
and inlet temperatures (T) for both the hot and cold flu-
ids. The intervals set for each parameter were chosen
based on plausible values, as shown in Table 2.
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Table 2: Model input parameters with corresponding in-
tervals.

Parameter Interval
U [W/m?3K] [400, 1500]
T [KQ/s] [0.2, 1.5]
Meora [KG/S] [0.2, 1.5]
Cp.not [KJ/kgK] [3.8, 4.5]
Cp.cota [KJ/kgK] [3.8, 4.5]
Thot [°C1 [70, 200]
Tcold [OC] [10, 30]

The database was created using a for-loop that
generated 100 examples, which were stored in a Data-
Framel. These data points were then randomly selected
by the program during each training step.

Heat Exchanger Calculations

A core component of the program calculates key
performance parameters:

Effectiveness (g): Calculated using the e-NTU
method, considering the number of shell and tube
passes. The program implements the necessary equa-
tions for single and multiple shell passes.

Pressure Drop (AP): Calculated using the Darcy-
Weisbach equation, with the friction factor determined
using the Colebrook equation and the Reynolds number.

Temperature Profiles: Calculated by solving discre-
tized versions of the energy balance PDEs for the tube
and shell sides, including a stabilizing thermal diffusion
term.

The calculate_performance() function takes input
parameters (from the database and chosen action) and
predefined fluid/tube properties (Table 3) to compute
these performance metrics. The hot fluid was consist-
ently assigned to the tube side and the cold fluid to the
shell side.

Table 3: Predefined parameters for the shell and tube
side.

Parameter Tube Shell side
side
Type of fluid Water Water
Density, p [kg/m3] 997 997
Dynamic viscosity, i [Pa - s] 10.52 - 10.52 -
1073 1073
Thermal conductivity, k [W /m 0.61 0.61
- K]
Internal diameter of tubes, d; [m] 20-1073
Outer diameter of tubes, d, [m] 22 -1073
Tube length, [ [n] 1
Q-Learning Implementation
The Q-learning algorithm was implemented

through a structured framework consisting of an environ-
ment, an agent class, and a systematic training process:

Environment Class The reward function combines
the effectiveness factor (€) and pressure drop (AP) to

Queiroz et al. / LAPSE:2025.0444

Syst Control Trans 4:1818-1823 (2025)

evaluate the performance of the heat exchanger. By ad-
justing the pressure drop to a scale of [0, 22] psi, the
model is incentivized to maximize € and minimize AP, pro-
moting optimal design outcomes with high efficiency and
low energy loss. The step() function calculates the next
state, reward, and a stop criterion based on maximum
steps per episode and steps since reward increase. The
reset() function initializes the environment for each new
data point.

reward = €+
APy (8)

Table 4: Total number of configurations based on the ac-
tion space.

Tube passes 2 n 4n 6“

Shell passes (n,

1

(1,4) (1,6)
(2,8) (2,12)
,6) (3,12) (3,18)

Agent Class Implements the Q-learning agent. It in-
itializes with a learning rate (0.1), discount factor (0.9),
and epsilon value (0.1). The choose_action() function
uses the e-greedy policy for action selection. The up-
date() function updates the Q-table based on the Q-
learning update rule.

Training Process (training.py): The training process fol-
lows these steps:
1. Read heat exchanger parameters from the data-
base.
2. Initialize the agent and environment.
3. lterate through episodes (50) and data points (10
per episode).
4. For each data point:
o Randomly select heat exchanger parameters.
o Reset the environment.
o While the stop criterion is not met:
= Agent chooses an action using e-greedy.
=  Environment performs the action and re-
turns the next state, reward, etc.
= Agent updates the Q-table.
5. Store best-performing data points, cumulative re-
wards, and trained agents.

RESULTS

The implementation of the program required ap-
proximately 48 hours on the specified computer, averag-
ing under one hour per episode. The average reward per
episode is shown in Figure 3.

Performance varied significantly across episodes
due to the reset of training for each new episode, which
provided insight into diverse configurations. The training
aimed to optimize performance for specific parameters,
achieving near-optimal designs through 5000 simulation
steps per episode.
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Figure 4. Temperature profile for the best performing
epoch within data point 10, episode 27.

Best and Worst Performing Episodes

Episode 27 achieved the highest reward, with an
average score of 4.549. Within this episode, data point
10 reached a peak reward of 10.450. The details are
presented in Table 5, and the corresponding temperature
profile is illustrated in Figure 4.

Table 5: Properties of the best performing epoch within
data point 10, episode 27.

Properties Hot fluid Cold fluid
Reward 10.450
Effectiveness factor, ¢ [-] 0.687
Pressure drop, AP [psi] 0.706
Overall heat transfer coeffi-
cient, U [W/m?K] 683
Inlet mass flow, m [kg/s] 0.218 0.358
Heat capacity, C, [kJ/kgK

pacity, ¢, [kJ/kgK] 4.392 3.891

: 0

Inlet temperature, T, [°C] 142 99
Action, (n° shell passes, n°®
tube passes) (1,2)

The heat exchanger achieved 69% effectiveness
with minimal pressure drop (0.7 psi), using a configura-
tion of one shell pass and two tube passes. Although
higher effectiveness might be expected for better per-
formance, the reward function heavily penalizes high-
pressure drops, making this configuration optimal. The
temperature profiles indicate consistent energy conser-
vation principles, with the hot stream cooling from 142°C
to 59°C and the cold stream heating from 22°C to 79°C.
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In contrast, episode 30 recorded the lowest re-
ward, averaging 1.450. Data point 2, with a reward of
0.780, stands out as the poorest performer due to a high-
pressure drop of 190 psi despite achieving 75% effective-
ness. This pressure drop renders the configuration im-
practical for real-world applications. The suboptimal re-
sults highlight the importance of balancing effectiveness
and pressure drop for optimal design.

Optimal Design Insights

Analysis of the top-performing epochs identified
the (1, 2) configuration as the most effective design. This
configuration consistently achieved superior rewards
due to a favorable balance between moderate effective-
ness (~69%) and minimal pressure drop (~0.7 psi). Alt-
hough designs with additional shell or tube passes of-
fered higher effectiveness, they incurred significantly
higher pressure drops, reducing their overall perfor-
mance scores.

Comparative Analysis

Simpler configurations like (1, 2) outperformed
more complex designs, demonstrating the trade-off be-
tween heat transfer efficiency and system practicality.
The reward system penalized configurations with exces-
sive pressure drops, reinforcing the preference for de-
signs that optimize both criteria.

CONCLUSION

This work proposed a novel framework for opti-
mizing heat exchanger design using Q-learning, show-
casing the integration of Scientific Machine Learning
(SciML) with heat exchanger optimization. The model
was built upon fundamental heat transfer principles and
the e-NTU method, enabling a thorough performance
evaluation based on effectiveness and pressure drop
across the heat exchanger.

Q-learning was chosen for its capability to oper-
ate without a precise system model, relying instead on
trial-and-error exploration to navigate the design space.
The model's training process incorporated an environ-
ment, an agent, and a structured training sequence, with
the agent iteratively maximizing the reward function by
exploring various design configurations.

The findings revealed that the simplest design
was identified as optimal within the model's constraints,
primarily due to the reward function's emphasis on mini-
mizing pressure drop over maximizing heat transfer ef-
fectiveness. This outcome underscores the critical role of
reward function design in guiding optimization priorities.
A comparative analysis demonstrated that while more in-
tricate designs improved heat transfer efficiency, they
yielded lower reward scores due to higher pressure
drops.

1822



Future improvements to the framework should
focus on enhancing its versatility and realism. These en-
hancements include incorporating a broader range of
fluid types, integrating more detailed and accurate heat
transfer equations, expanding the diversity of design
configurations, and refining the reward function to bal-
ance multiple performance parameters more effectively.
Additionally, leveraging real-world datasets for training
and validation will increase the model's reliability and ap-
plicability, paving the way for more robust and practical
optimization outcomes.
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