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ABSTRACT

Artificial neural networks (ANNs) have gained popularity in the last years as tools to develop data-
driven models of chemical process units. However, representing a system only with such artificial
intelligence models may lead to a loss in the comprehension of the occurring phenomena. Hybrid
models allow combining the predictive capabilities of ANNs with the foundational knowledge of
rigorous models. This study explores the impact of hybridization in designing and optimizing shell-
and-tube heat exchangers, comparing a full ANN-based model with a hybrid model. The hybrid
model incorporates ANN predictions for highly nonlinear components, such as heat transfer coef-
ficients, while other calculations are performed using the rigorous Bell-Delaware model. To gen-
erate the necessary data, the rigorous model is solved under randomly selected conditions. Using
Python, one ANN predicts the exchanger's cost, while another predicts the heat transfer coeffi-
cients. Both models are optimized using the differential evolution algorithm. The results indicate
that the hybrid model produces designs with an approximately 67% lower standard deviation com-
pared to the full ANN-based model when compared to the rigorous model's cost predictions. This
highlights the hybrid model’s ability to balance computational efficiency and accuracy, offering a

promising approach for process design applications.
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INTRODUCTION

Heat exchangers are essential components in the
chemical industry. Among the various types of exchang-
ers, shell-and-tube heat exchangers stand out for their
broad acceptance due to their balance between volume
and heat transfer area, as well as their ability to operate
over a wide range of pressures and temperatures [1]. The
design of these exchangers is typically performed using
the Bell-Delaware method, a methodology based on
highly nonlinear mathematical relationships that involves
managing both discrete and continuous variables [2].
Due to the nature of equations that compose Bell-Dela-
ware method, it represents a non-trivial optimization
problem [3].

In recent years, artificial intelligence, particularly ar-
tificial neural networks (ANNs), has gained relevance in
modeling and analyzing industrial process units. Artificial
neural networks are data-driven structures widely used
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to model chemical process units, such as reactors [4] and
separation units [5]. These tools allow the prediction of
system behavior from data, analyzing how input variables
affect system responses. Nevertheless, developing
ANN-based models requires training data, which poses
challenges in process design where the equipment does
not yet exist and real-world data is unavailable. On the
other hand, it is crucial to emphasize the importance of
avoiding reliance solely on data-based models, as this
might overlook the fundamental principles governing
system behavior [6]. Hybrid models address this issue by
combining the predictive capabilities of ANNs for com-
plex interactions with the foundational knowledge of
mechanistic models.

In this context, this work develops an ANN model to
predict the cost of a shell-and-tube heat exchanger. Fur-
thermore, a hybrid ANN model (ANN-H) is implemented,
combining predictions of heat transfer coefficient
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generated by an artificial neural network with the remain-
ing design calculations, represented with the rigorous
Bell-Delaware model.

This work focuses on the development and imple-
mentation of ANN and ANN-H models for the design and
optimization of shell-and-tube heat exchangers. The goal
is to explore methodologies for accurately predicting key
parameters such as heat transfer coefficients and equip-
ment costs based on design variables. To achieve this,
ANN models are trained to analyze and predict complex
relationships within the heat exchanger design, while a
ANN-H model is developed to integrates the strengths of
ANNs with traditional rigorous calculation techniques,
such as the Bell-Delaware method. This hybrid approach
leverages the ability of ANNs to predict highly nonlinear
behaviors while maintaining the fundamental principles
provided by mechanistic models, improving the overall
accuracy of predictions.

Moreover, the study employs Bayesian optimization
algorithms to determine the optimal architecture of the
ANN models, ensuring accurate and reliable predictions.
Subsequently, metaheuristic optimization algorithms are
applied to identify the optimal values of design variables
that minimize the heat exchanger cost, providing a com-
prehensive approach for cost-efficient design.

The results obtained from the ANN and ANN-H
models are compared with the outputs of rigorous mod-
els to validate the effectiveness and reliability of the pro-
posed methodologies. By integrating advanced machine
learning techniques with traditional engineering ap-
proaches, this work seeks to bridge the gap between
computational efficiency and the accuracy in heat ex-
changer design, offering an innovative path for process
optimization in the chemical industry.

METHODOLOGY

The study focuses on a heat exchanger with meth-
anol in the shell and seawater in the tubes [5]. Methanol
flows with inlet/outlet temperatures of 95 °C and 40 °C,
respectively, and a mass flow rate of 27.8 kg/s. Seawater
flows through the tubes with inlet/outlet temperatures of
25 °C and 40 °C, and a mass flow rate of 68.9 kg/s. The
shell and tubes are made of carbon steel.

The methodology is developed in three main stages:
data generation, model development, and optimization.

Data Generation

To generate the necessary data for the artificial
neural network, a shell-and-tube heat exchanger model
was developed with 11 decision variables, each bounded
by specific lower and upper limits. Among these, four var-
iables are discrete, with their allowable values listed in
Table 1, and seven are continuous, as detailed in Table 2.
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Table 1. Allowed values for discrete design variables.

Design variable Allowed value

Tube pitch P, [1.25d,,1.5d,]
Tube layout angle TL [30°,45°,90°]
Baffle cut B.  [25%,30%,40%, 45%)]

Number of tube passes N,

Table 2. Upper and lower limits for continuous variables.

Design variable Lower limit  Upper limit
Shell diameter Dy 0.3m 1.5m
Spacing in central Ly 0.2 Ds 0.55 Ds
baffle

Initial and final LpisLpo 1 Lbe 1.6 Lo
baffle spacing

Diametrical dis- Ospy 0.01 do 0.1 do
tance of the hole

between the shell

and baffles

Diametrical dis- Sep 0.01 Ds 0.1 Ds
tance between

tubes and baffles

Beam tubes dia- D,y 0.8 (Ds- 8s) 0.95 (Ds - 6sp)
meter

The design process incorporated five constraints,
including operational limits such as maximum pressure
drops on both the tube and shell sides, maximum and
minimum fluid velocities on the tube side, and a geomet-
ric constraint, as outlined in Table 3.

Table 3. Constraints used for the STHE design.

Variables Constraint
Pressure drop in tubes Pa < 70,000
Pressure drop in shell Pa < 70,000
Flow rate in tubes m/s <05

=3
L/D Ratio <15
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A total of 50,000 designs were generated randomly
by assigning values to the decision variables within their
defined ranges for continuous variables and selecting
from the permissible values for discrete variables. Of
these, only 11,643 designs satisfied the operational and
geometric constraints established for the heat exchanger
model. The remaining designs, which failed to meet these
constraints, were discarded during the data cleaning to
ensure the dataset's reliability.

ANN Model Development and Implementation

The valid dataset comprising 11,643 designs was
utilized to train and validate the ANN. In this context, con-
straint variables served as input features, while the total
equipment cost, calculated based on the methodology
outlined in [3], was the output target.

The development of the hybrid model involved
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replacing the three traditional equations used to calculate
the heat transfer coefficient on the tube side with a neu-
ral network model. Specifically:

= Equation 1 applies to the laminar flow regime
(Re, < 2300).

= Equation 2 is used for the transitional regime
(2300 < Re, < 10,000).

= Equation 3 corresponds to the turbulent regime
(Re, > 10,000).
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These traditional equations introduce discontinui-
ties at the transitions between Reynolds number do-
mains. To address this, an ANN was employed to provide
a smooth and continuous approximation of the overall
heat transfer coefficient on the tube side.

Data for training the ANN were generated by ran-
domly sampling values for tube length and diameter, re-
sulting in 13,127 data points. These variables are funda-
mental inputs to the traditional correlations, ensuring
comprehensive coverage of the Reynolds number ranges
and enabling the ANN to capture system behavior across
all operational domains.

ANN Architecture Optimization

The optimal ANN architecture was determined using
Bayesian optimization, exploring a predefined search
space based on the parameters listed in Table 4. This op-
timization aimed to identify the configuration that max-
imizes the ANN’s performance in terms of accuracy. The
same optimization approach was applied to both the tra-
ditional and hybrid models to ensure consistency.

Table 4. Selection Parameters for ANN Architecture

Parameter Values

Number of Layers Tto 4

Number of Neurons per Layer 1to 16

Activation Function RelLU, ELU, Leaky RelLU
Optimizer Adam, SGD

Once the optimal architecture was established, the
ANN model was implemented in Python, leveraging ma-
chine learning libraries to construct and train the net-
work. The model was designed to process the filtered
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dataset and predict the total equipment cost based on
specific input variables for each design scenario.

Training and Validation

The dataset was partitioned into training and valida-
tion sets, with 80% allocated for training and 20% for val-
idation. This split ensured that the ANN could generalize
effectively to unseen data. The training-validation pro-
cess was conducted independently for each modeling
approach, reinforcing robust performance and adequate
generalization capability.

In the hybrid model, the ANN replaced the segment
of the Bell-Delaware model responsible for calculating
convective heat transfer coefficients. The ANN'’s predic-
tions were seamlessly integrated into the overall cost es-
timation of the heat exchanger, enhancing the model’s
continuity and accuracy.

Metaheuristic Optimization of Design
Variables

Metaheuristic algorithms were employed through
the MEALPHY library to identify the optimal values of the
11 design variables that minimize the heat exchanger
cost. These algorithms iteratively explored the design
space to converge on the most cost-effective configura-
tions. The optimized design variable values were subse-
quently utilized in both the traditional and hybrid models
to compute and compare heat exchanger costs, facilitat-
ing an evaluation of each methodology’s predictive capa-
bilities.

Analysis and Validation

The performance of the ANN and hybrid ANN-H
models was assessed by analyzing the accuracy and
standard deviation of their predictions. Additionally, the
costs calculated for the optimal design variables were
compared between both models and validated against
the rigorous Bell-Delaware model. This validation en-
sured that the proposed methodologies are applicable
under real-world conditions, demonstrating their reliabil-
ity and effectiveness in optimizing heat exchanger de-
sign.

RESULTS

This section presents a comparative analysis of the
outcomes derived from the two models developed in this
study: the Artificial Neural Network (ANN) model and the
Hybrid ANN-H model, which integrates the ANN with the
rigorous Bell-Delaware model.

Performance of the ANN Model

The ANN model was trained using a filtered dataset
comprising 11,643 entries. The optimal architecture iden-
tified consists of an input layer with 16 neurons, followed
by two hidden layers containing 10 and 16 neurons,

1640



respectively, and an output layer.

Table 5 illustrates selected cost predictions from
the ANN model alongside the corresponding values ob-
tained from the rigorous Bell-Delaware model.

Table 5. Heat Exchanger Cost Comparison: Rigorous
Model vs. ANN Predictions.

Rigorous Model Cost ANN Predicted Cost

[USD/year] [USD/year]
22,973.88 24,521.90
29,617.20 33,566.61
20,656.89 18,239.29
17,710.37 17,322.07
23,430.10 24,415.09
24,726.01 23,447.56
27,128.27 26,297.71
31,251.74 31,865.45
21,422.44 23,961.10
37,979.40 38,219.78

Figure 1 presents a scatter plot comparing the rigor-
ous model costs against the ANN-predicted costs. The
average standard deviation between the ANN predic-
tions and the rigorous model costs is 1,079.591 USD/year,
indicating a notable variability in the ANN's cost estima-
tions relative to the rigorous model.

ANN Model

50000

40000

Predicted Costs

30000

20000

T T T T
20000 30000 40000 50000
Rigorous Model Costs

Figure 1. Comparison of rigorous model costs and ANN-
predicted costs.

Prediction of Convective Heat Transfer
Coefficient

A separate ANN was trained to predict the convec-
tive heat transfer coefficient in the tubes using a dataset
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of 13,125 entries. The optimal architecture for this ANN
comprises an input layer with 8 neurons, followed by
three hidden layers with 14, 7, and 16 neurons, respec-
tively, and an output layer.

Table 8 provides representative data used for train-
ing the ANN predicting the convective heat transfer co-
efficient.

Table 6. Sample Data for ANN Predicting Convective
Heat Transfer Coefficient

L: [m] di [m] Flow rateintubes h[W/m?]
[m/s]

1.00 0.19 0.51 1662.47

2.12 0.40 0.92 2304.77

4.75 0.62 1.75 3519.76

7.37 0.92 2.57 4430.22

9.62 1.83 2.98 4346.38

Table 7 compares the convective heat transfer co-
efficients predicted by the ANN-H model with those cal-
culated using the rigorous model. Figure 2 illustrates the
relationship between the rigorous model's convective co-
efficients and those predicted by the ANN-H model. The
average standard deviation between the two sets of val-
ues is 5.942 W/m2K, suggesting a closer alignment be-
tween the ANN-H predictions and the rigorous model
compared to the ANN model's performance in cost pre-
dictions.

Table 7. Convective Heat Transfer Coefficient Compari-
son: Rigorous Model vs. ANN-H Predictions

Predicted convective
coefficient [W/m?]

Rigorous model convec-
tive coefficient [W/m?]

335.99 334.28
1662.47 1667.45
13 044.61 13 033.72
10 297.55 10 290.20
10 726.66 10 720.97
2652.72 2648.79
335.99 329.62

10 199.32 10 196.65
8 840.98 8 836.88
9 709.29 9 695.50

Syst Control Trans 4:1638-1643 (2025)
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Figure 2. Comparison of rigorous model convective
coefficients and ANN-H predicted coefficients.

Performance of the Hybrid ANN-H Model

The Hybrid ANN-H model integrates the ANN to
predict the convective heat transfer coefficients, thereby
replacing the traditional equations in the rigorous Bell-
Delaware model. The cost predictions from the ANN-H
model are presented alongside the rigorous model costs
in Table 8.

The ANN-H model exhibits an average standard de-
viation of 348.55 USD/year when compared to the rigor-
ous model, which is significantly lower than the 1,079.59
USD/year observed in the ANN model. This reduction in
variability indicates improved consistency and accuracy
in cost predictions when utilizing the hybrid approach.

Table 8. Heat Exchanger Cost Comparison: Rigorous
Model vs. ANN-H Predictions

Rigorous model cost ANN- H predicted cost

[USD/year] [USD/year]
29,617.20 30,038.76
20,656.88 21,333.41
17,710.36 18,678.41
23,430.09 23,815.72
24,726.01 25,351.33
27,128.27 27,346.88
31,251.73 31,655.29
21,422.44 21,903.92
37,979.39 38,235.07

Optimization of Design Variables

Table 9 summarizes the optimal values of the design
variables obtained through metaheuristic optimization for
both the ANN and ANN-H models, along with the
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corresponding total costs.

Table 9. Optimal Design Variables and Costs: ANN vs.
ANN-H Models

Design variable Optimal value = Optimal value

(ANN) (ANN-H)
Shell diameter 0.3m 0.3m
Tube diameter do-0.25in, do-0.25in,

di-0.194in di-0.194in
Tube pitch 1.25 do 1.25 do
Tube arrange- 45° 90°
ment
Number of 1 4
passes in the
tubes
Baffle cut per- 25% 45%
centage
Spacing in central 0.2 Ds 0.2 Ds
baffle
Initial and final 1 Lo, 1.036 Loc
baffle spacing
Diametrical dis- 0.01 do 0.1 do
tance of the hole
between the shell
and baffles
Diametrical dis- 0.01 Ds 0.09 Ds
tance between
tubes and baffles
Beam tubes dia- 0.948 (Ds- 8sp)  0.95 (Ds - 6sb)
meter
Cost (USD/year) 13437.20 13 404.28

Syst Control Trans 4:1638-1643 (2025)

Both models suggest similar optimal values for most
design variables, with notable differences in the tube ar-
rangement angle and the number of tube passes. Specif-
ically, the ANN model favors a 45° tube arrangement with
a single tube pass, whereas the ANN-H model recom-
mends a 90° arrangement with four tube passes. These
variations reflect how the ANN-H model's integration of
convective coefficient predictions influences the optimi-
zation process to achieve lower cost outcomes.

The comparative analysis indicates that the Hybrid
ANN-H model consistently demonstrates lower variability
in cost predictions compared to the standalone ANN
model. The reduced standard deviation in the ANN-H
model suggests a closer alignment with the rigorous Bell-
Delaware model, thereby enhancing prediction reliability.

Furthermore, the optimization results reveal that
while both models converge towards similar solutions for
most design variables, the ANN-H model achieves mar-
ginally lower total costs. This outcome underscores the
potential benefits of integrating ANN with traditional
modeling approaches, particularly in achieving more ac-
curate and reliable cost estimations.
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CONCLUSIONS

This study compared an Artificial Neural Network
(ANN) model with a Hybrid ANN-H model for the design
and cost optimization of shell-and-tube heat exchangers.
The results indicate that the Hybrid ANN-H model
achieves more accurate cost predictions, evidenced by
lower average standard deviations than the standalone
ANN model. This improvement is attributed to effectively
integrating the rigorous Bell-Delaware model with the
ANN, balancing accuracy and computational efficiency.

Despite these advantages, the Hybrid ANN-H model
does not consistently match the computational efficiency
of the rigorous model across all scenarios. In some cases,
it may require additional computational resources, limit-
ing its applicability where rapid calculations are neces-
sary. Nevertheless, the Hybrid ANN-H model remains a
viable alternative for scenarios where both predictive ac-
curacy and computational efficiency are critical.

Overall, the findings demonstrate the potential of
combining artificial neural networks with traditional engi-
neering methodologies to enhance the design and anal-
ysis of industrial process units. This integration offers a
balanced approach to managing computational costs
while improving prediction accuracy, paving the way for
more effective optimization in thermal system design.

ACKNOWLEDGEMENTS

The authors acknowledge the financial support from
Universidad de Guanajuato, Mexico, through project
189/2024. Additionally, CONAHCYT provided financial
support through a postdoctoral fellowship granted to Os-
car Daniel Lara Montafio (application number 4861420).
The resources and academic environment provided by
these institutions were fundamental to the successful
completion of this research.

REFERENCES

1. Sinnott RK. Chemical Engineering Design.
Butterworth-Heinemann (2005).

2. Shah RK, Sekulic DP. Fundamentals of Heat
Exchanger Design. John Wiley & Sons (2003).

3. Lara Montafio OD, Gémez Castro Fl, Gutiérrez
Antonio C. Comparison of the performance of
different metaheuristic methods for the
optimization of shell-and-tube heat exchangers.
Comput Chem Eng 152: 107403 (2021).
https://doi.org/10.1016/j.compchemeng.2021.10740
3

4. [Cerinski D, Baleta J, Mikul¢i¢ H, Mikulandri¢ R,
Wang J. Dynamic modelling of the biomass

Mosqueda-Huerta et al. / LAPSE:2025.0415

gasification process in a fixed bed reactor by using
the artificial neural network. Clean Eng Technol
1:100029 (2020).
https://doi.org/10.1016/j.clet.2020.100029

5. Jawad J, Hawari AH, Zaidi S. Modeling of forward
osmosis process using artificial neural networks
(ANN) to predict the permeate flux. Desalination
484:114427 (2020).
https://doi.org/10.1016/j.desal.2020.114427

6. Sansana J, Joswiak MN, Castillo |, Wang Z, Rendall
R, Chiang LH, Reis MS. Recent trends on hybrid
modeling for Industry 4.0. Comput Chem Eng 151:
107365 (2021)
https://doi.org/10.1016/j.compchemeng.2021.10736
5

Syst Control Trans 4:1638-1643 (2025)

© 2025 by the authors. Licensed to PSEcommunity.org and PSE
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator
and adaptations must be shared under the same terms. See
https://creativecommons.org/licenses/by-sa/4.0/

1643


https://doi.org/10.1016/j.compchemeng.2021.107403
https://doi.org/10.1016/j.compchemeng.2021.107403
https://doi.org/10.1016/j.clet.2020.100029
https://doi.org/10.1016/j.desal.2020.114427
https://doi.org/10.1016/j.compchemeng.2021.107365
https://doi.org/10.1016/j.compchemeng.2021.107365

