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Abstract

Shell-and-tube heat exchangers are pivotal in thermal engineering, making the accuracy and quality of the heat transfer
data obtained from them essential. Current data monitoring technologies face several challenges, such as increased
complexity, noise, and inefficiency in handling the dynamic heat transfer process. This paper introduces a novel approach
to enhancing the accuracy and precision of energy transfer data segmentation in shell-and-tube heat exchangers using a
multi-pipeline segmentation algorithm. Our methodology integrates data collection with the algorithm's hands-on
development, employing advanced techniques to segment and categorize energy transfer data based on real-time system

parameters. This creates a robust definition of normal and anomalous operating conditions. Our approach was validated
through extensive experiments and simulations, demonstrating superior data accuracy and noise detection compared to
traditional methods. Moreover, this innovative segmentation algorithm has potential applications in maintenance
forecasting and optimization strategies, ultimately improving energy efficiency. In the future, our algorithm could be
extended to other types of heat exchangers or industrial systems, further enhancing their energy efficiency and operational

lifespan.
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1. Introduction

The shell-and-tube heat exchanger is a fundamental industrial
process technology utilized in numerous industries, including
chemical manufacturing, petroleum refinery, and HVAC
systems. This device functions by transferring heat from one
fluid to another, where one fluid flows through tubes and the
other around these tubes within an outer shell, ensuring no
mixing but facilitating effective heat transfer[1]. This
mechanism underscores the critical role of heat and energy
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transfer in industrial processes, necessitating optimization to
enhance efficiency and performance[2,3]. Accurate and
precise energy transfer data are essential for the design,
operation, and troubleshooting of these systems, enabling
engineers to determine exact sizing and configuration to meet
unique operational needs. They are also vital for process
control and maintenance, ensuring that the heat exchanger
operates within optimal parameters to avoid suboptimal
performance, high energy consumption, and increased
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operational costs[4]. In terms of safety, accurate energy data
can predict and prevent accidents due to overheating, effusion
of hazardous materials, or system failures.

However, the quality of energy transfer data can hardly be
guaranteed without error. Traditional detection methods
typically involve the use of multiple sensors to capture
temperature, pressure, and flow rates, but these methods have
significant limitations. Sensor-based methods can suffer from
calibration drift, environmental noise, and sudden failures,
which can produce biased information[5,6]. Moreover, they
are not well-suited to directly measure variables during
specific heat transfer operations when fluids undergo phase
changes or have variable flow patterns, potentially leading to
misdiagnoses and system disturbances.

Given these challenges, this research proposes a newly
developed multi-pipeline segmentation algorithm to detect
and enhance the quality and accuracy of energy transfer data
in shell-and-tube heat exchangers[7]. This approach utilizes
advanced computer data processing techniques to analyze
multiple heat transfer streams simultaneously, capturing
patterns and errors that traditional methods might miss[8]. By
leveraging the multi-pipeline segmentation algorithm, data
quality is refined, and system monitoring becomes more
dynamic and reliable.

The primary goal of this study is to develop, validate, and
apply the multi-pipeline segmentation algorithm for shell-
and-tube heat exchangers, demonstrating that the data
gathered with the algorithm are more accurate, usable, and
reliable than those obtained by traditional methodologies.
Specifically, this study will compare the multi-pipeline
segmentation algorithm with traditional sensor-based
methodologies, focusing on anomalies, trends, and
monitoring capacity.

The scope of this research includes the design of the
algorithm and the theoretical framework underpinning it,
implementation in simulated and real-world environments,
and a thorough analysis of efficacy metrics compared to
conventional data detection methods[9]. Additionally, the
integration of this algorithm into existing industrial control
systems will be explored to evaluate its adaptability,
scalability, and impact on overall system performance. This
research opens a wide field of study for further exploration of
the multi-pipeline segmentation algorithm, potentially
revolutionizing the detection and analysis of energy transfer
data in shell-and-tube heat exchangers and other industrial
systems.

The second part of the article discusses the current research
status of segmentation algorithms. The third part introduces
the theoretical basis of modeling, data collection,
segmentation algorithms, and simulation testing. The fourth
part introduces the implementation process of the
segmentation algorithm for multi tube heat exchangers, and
in the final part, a thorough analysis of the experimental
results is conducted.

2. Literature Review

2.1. The limitations of current thermal data
detection

Despite the significant progress in most areas of the heat
transfer data detection landscape due to technological
advances, there is still a need for more efficient and accurate
methods. Among the industry-adopted traditional techniques
are point measurements, thermal imaging, and computational
approaches that use sensors-based fully or partially derived
estimations from observed system parameters. Although the
traditional approaches to data collection form the foundation,
they are often associated with the limitation of insufficient
resolution — either due to the external or internal noise or
dependence on certain operational conditions with poor
scalability or model transfer. For example, point
measurements are limited not only by the point physically
measured by the measurements but also by the sequence of
the observations, which means failing to observe gradients or
sudden changes in the heat transfer environment.

Thermal imaging appears to be a more efficient but costly
in terms of data collection technique suitable for controlled
environments with critical constraints on measurement
settings. The method cannot afford itself to be sensitive to
external conditions, which may limit its application to
uncontrolled environments or the outdoors. In turn, the
computational approaches of data collection, including CFD-
based methods and sensor data, are an efficient albeit costly
and resource intensive effort in terms of computing resources
and the need for the model to be accurate. This latter condition
is challenging in the applied context due to the nonlinearity
and complexity of the real heat exchanger systems.

2.2. The current application status of
segmentation methods

Segmentation algorithms have been widely implemented in
numerous fields, including digital image processing, financial
time series, and biomedical signal processing. In each of these
segments, there is a need to correctly identify multiple regions
or states in a given dataset. In image processing, segmentation
algorithms split an image into various objects that can be used
for object recognition or content-based image retrieval. The
object may consist of segments that are similar in color,
intensity, or texture. Such metrics then provide an image for
further evaluation. In financial applications, time series
segmentation algorithms help sequence financial markets and
trading cycles, which in turn helps traders make decisions
using this information. In the case of medical testing, such
algorithms are used to identify and classify detected events,
such as delimiting sleep disorders in the case of
polysomnography. As we can see, the algorithm for
segmentation is extremely broad, so it can be regrown for the
creation of a scanning mechanism for heat transfer data. It can
effectively process noisy data, adjust to non-linear data and
subtle changes in a given dataset. This makes it a valuable
tool and offers a new look at monitoring systems for thermal
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systems. Although the number of segmentation algorithms is
quite large, the creation of a methodology for selecting and
switching accurate heat exchanger data has not yet been
investigated.

2.3. Research status

A review of the existing literature reveals that the
methodologies have indeed significantly evolved and
advanced in recent years and offer innovative strategies to
improve and enhance the efficiency of these systems.
Marzouk gives a comprehensive overview of heat transfer
augmentation techniques in STHEs and argues that over the
years, the efficiency of heat exchangers has been improved
significantly on both active and passive terms [10].
Importantly, passive techniques, i.e. those that do not depend
on external energy supply, have numerous advantages over
active ones, such as better environmental performance, cost-
effectiveness, and simplicity of use. This suggests that there
is a strong trend leading to the development of the techniques
that do not just simply raise the heat transfer rate but also
target decreasing the STHEs’ size and cost, thus creating a
more sustainable approach to thermal regulation [11].

Lee is interested in discussing the predictability of heat
transfer coefficient in STHESs, particularly when the film
condensation phenomena are observed [12]. The author tries
to correlate four different condensation heat transfer
coefficient calculations with experimental data obtained from
a steam surface condenser and finds that it is crucial to select
appropriate correlations for the most precise prediction,
which can be critical when it comes to designing and
operating STHESs in the industrial setting. A novel method to
maintain the STHEs intact is proposed by Zheng, who
suggests a robot-assisted electromagnetic compatibility
system that can be used for inspection [14]. Its accuracy is
rather high, and the system proves the 85% success when it is
identifying the defects in four tube anomaly types. Therefore,
this robotic system ensures that the heat exchangers remain
highly functional and reliable because the inspections are
easier to carry out and more precise. The studies by Arumsari
and Ligus, on the other hand, suggest that some operational
issues with STHESs remain and require attention [15].

The former addresses the high-temperature performance of
heat exchangers while the latter focuses on the
maldistribution of fluid flow on the shell side.

Most research papers only cover one specific industrial
sector, providing case-by-case analysis or one possible case
from many. In a combination with this research concerns only
stationary and substitutionary states, while the facts indicated
above are purely dynamic. Another notable gap is the use of
these algorithms in conjunction with real-time data
acquisition systems to enable precise real-time operational
decision-making. Most of the existing ones are suitable for
post-hoc analysis, which significantly limits their value. In
turn, they cannot provide the timely feedback needed for more
efficient systems operation or adequate failure prevention. In
addition, the lack of comprehensive validation studies that
would compare the efficiency of multiple segmentation

options in the same environment significantly restricts the
outcome’s overall effectiveness. That’s why the development
of a new multi-pipeline algorithm is necessary that correlates
with the specific needs of the field’s detection of heat transfer
data in STHEs. Hence, it does not only address the gap
between the potential for theoretical applications and
practical use of heat exchangers but enhances the overall
potential of their efficient functioning by making it more
reliable.

3. Methodology

The methodology utilized in the current study to determine
the effectiveness of the segmentation algorithm in multi-pipe
detection in shell-and-tube heat exchangers. These heat
exchangers are common in numerous industrial applications.
This is because the exchangers are durable and energy
efficient in enabling heat transfer between fluids. In order to
generate valid and relevant results, the study took a detailed
analysis of wvarious shell-and-tube heat exchanger
configurations, and implemented a comprehensive data
collection process.

This article starts from a hardware perspective and
combines data-driven and segmentation algorithms to deeply
analyze the feasibility and rationality of the combination of
the above methods, achieving better data partitioning results.

3.1. Shell-and-Tube Heat Exchanger
Configurations

The shell-and-tube heat exchanger configurations chosen for
this study were diversified to provide a thorough analysis of
the segmentation algorithm performance in typical industry
applications. The study considered single-pass and multi-pass
arrangements [16]. A single pass enables the fluid to pass only
once through the tubes or shell. This simplifies the heat
transfer model but may not be optimal for considerable tasks.
The multi-pass arrangement sends the fluid
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Figure 1. An Over View of the Shell-and-Tube Heat
Exchanger

through the tubes and shell numerous times. Although the
multi-pass arrangement complicates the model by increasing
the number of different temperature fields and dynamic
responses, it increases the efficiency of heat transfer by a wide
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margin. In the heat exchanger, the exchangers’ placement
included different tube layout options like inline or staggered,
and variations in baffle spacing, tube length, tube radial
diameter, and shell diameter. The wvariations introduce
turbulence into the system, which influences flow conditions,
flow rate, and heat transfer. The sections preferred materials
used in industries like copper and stainless steel for tubes, and
carbon steel and stainless steel for shells. Material selection
is done based on the durability of the material and the thermal
conductivity due to the material arrangement [17].

3.2. Data Collection

The first step in the process was conducting a data collection
exercise. This step was designed to ensure that a significant
number of operational parameters that have a direct impact on
the efficiency and operational soundness were recorded. This
included the measurement of temperatures, flow rates and
pressures that are vital to the calculation of heat transfer
coefficients, effectiveness, and pressure drops [18]. The
temperature was measured using high precision
thermocouples installed in the shell and tube heat exchanger
and at their intake and outflow. It is the temperature
differential that provides the thermal gradient and, thus, the
thermal performance of the exchanger. Flow transducers were
installed at the shell and tube sides, as the flow rate
differential can also reflect on its performance. Additionally,
flow rate data have also been collected. Pressure
measurements were also critical as they could indicate
fouling, poor flow distribution, and other issues affecting
their performance. Pressure transducers were used to get these
measurements.

3.3. Segmentation Algorithm

A revolutionary multi-pipeline segmentation technique was
developed to analyze and optimize shell-and-tube heat
exchanger data. The algorithm’s design, theoretical
framework, segmentation method, integration with the data
acquisition system, and validation method are all discussed in
this section. The multi-pipeline segmentation technique has
been developed to enhance the accuracy and efficiency of
heat transfer data identification and processing complex heat
exchangers. Thus, the main idea was to divide the large
dataset into multiple small, subsets and analyze them to find
the most important performance thresholds and poorly
performing areas that indicated likely operational difficulties
and current, for the most part, efficiency loses. In this way,
the segmentation algorithm is based on statistical machine
learning and computational fluid dynamics theory. The
process Dbasically includes division of the continuous
operational data into several segments associated with the
heat transfer characteristic variations that indicate high
likelihood for the operational trouble or performance loss.

Mathematically, the segmentation can be conceptualized as
follows:

AQ =mcp (Tow— Tin) (1)
where:
¢ AQ is the heat transfer rate,
e m’ is the mass flow rate,

* ¢, is the specific heat capacity of the fluid,

e Touw and Ti, are the outlet and inlet temperatures
respectively.

The algorithm utilizes edge detection in the time series data
of AQ to identify segments. This approach involves
calculating the gradient of the heat transfer rate and
identifying points where the gradient exceeds a
predetermined threshold, indicative of a change in operational
conditions or potential faults:

Vot =22 )

When |VQ/ exceeds a certain threshold, a new segment is
initiated.

The entire segmentation process is designed to be dynamic
and naturally conditioned by real-time incoming data. Its
architecture is based on a sliding window technique, and the
algorithm naturally “looks” into the window of data, shifting
it when new data comes along. Hence, the segmentation is
continuously updated and renewed, which allows monitoring
and analyzing actual results in real-time. Furthermore, each
segment is thoroughly explored with a set of predefined
metrics such as average heat transfer coefficient and
temperature measurement variance, flow rate fluctuations,
which are actually required to evaluate the performance of the
heat exchanger under various operating conditions. The
implementation of the multi-pipeline segmentation algorithm
with the already existing data-collecting systems is the most
valuable component. This integration is necessary because the
algorithm needs to interact with the data stream in real-time
which is generated by sensors that are integrated into the heat
exchangers — typically thermocouples and flow meters [19] .
For this reason, a software interface was designed that
interacts with the hardware part with a unified protocol such
as, OPC UA or Modbus. In addition to this, a preprocessor
was integrated, which processes the supplied raw data and
adjusts it to the format and quality required as input by the
algorithm. Therefore, the program performs noise reduction,
converts the format of the data, and synchronizes the sensor
streams in time.

3.4. Simulation and Experimental Testing

The validation of the multi-pipeline segmentation algorithm
comprised simulation and experimental tasks to test the
reliability and accuracy of the created tool. In the simulation
phase, the algorithm had been run against the virtual models
of the heat exchangers designed using the CFD software.
These models replicated a range of operational scenarios,
including the variation of flow rates, temperature profiles, and
fouling grade. The simulation stage helped to calibrate the
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algorithm’s parameters and segmentation thresholds. After
these, the algorithm had been tested in an experimental setting
that performed in the controlled environment replicating the
real heat exchangers’ operation conditions. The stars of
validation testing included the normal mode of operation, as
well as the perturbed states to analyze the algorithm’s
segmentation and analysis accuracy. Through these validation
methods, the multi-pipeline segmentation algorithm was
proven to be a solid tool ensuring the improvement of
monitoring and analytical processes and operational
efficiency of the industrial heat exchangers influencing
predictive maintenance.

3.5. Integration of Methods

The innovation of our methodology is the integration of the
SDM and the Enhanced ACA. Specifically, we connect the
outputs of the first model to the second one. These outputs are
the projections of possible future environmental states in
various scenarios. Thus, the ACA can take them as the basis
and evaluate how well each proposed strategy works in the
light of the dynamic simulation. In such a way, we manage to
link the fully detailed environmental modeling with the
strategic decision and optimization. The essence of the
interaction is that the ACA, having inputs from the SDM
processes, evaluates the efficiency of the management
strategies based on this input, makes the necessary
adjustments, and runs the SDM again to evaluate how well
these changes work [8]. It ensures that our solutions are valid
in practice, not just theoretically. The high-quality and
comprehensive data are essential for accurate modeling and
optimization. They involve the remote sensing data for spatial
analysis, field biodiversity and ecosystem health survey,
continuous observation systems for water quality, and
socioeconomic data about coastal development, pollution
sources, resource usage, and other human activities affecting
the marine environment [20].

Preconditions are thorough data cleaning, normalization,
and structuring. Cleaning determines the absence of
anomalies and gaps in the data, ensuring their completeness
and accuracy. Normalization establishes the same scale and
adjustments for all data to ensure the comparability of
datasets from various sources. Structuring presents the
organization of data in the form suitable for both SDM and
ACA. It aligns with the variables and processes established in
the models.

4. Implementation process of the Multi-
pipeline Segmentation Algorithm

The implementation of the multi-pipeline segmentation
algorithm within the framework of shell-and-tube heat
exchanger is a complex integration of data treatment,
processing, and analysis that transforms the raw data into
actionable results. The process of processing raw data
gathered from the heat exchangers is the first algorithm

integration stage. Sensors measuring key factors are put at
other locations in the systems, such as temperature, pressure
drops, and flow rates. Until next analysis is performed,
preprocessing ought to be performed to ensure it is
equivalently accurate and dependable. Since the raw data is
regularly too cluttered and voluminous to process effectively
[21], preprocessing must be carried out. Interpolation, which
completes the reading gaps, normalization, in which the
measurement scales are standardized, and filtering, in which
the curves’ peaks and valleys can be performed include
interpolation. These steps are vital for the algorithm’s
outcome to make sense. The next step is featuring extraction,
one of the components of the segmentation algorithm. This
stage involves determining which characteristics are relevant
and valuable and can be used to distinguish the heat
exchanger’s various operational states and down events These
features are then found via statistical analysis and expertise
and may involve changes in temperature gradients, falling
flow rates, or odd pressure reading patterns. The actual
segmentation may now begin after feature extraction is
completed. This entails dividing the continuous data stream
into sequential segments based on the characteristics. A
segment is defined as a time range during which a heat
exchanger can be said to display relatively similar operational
conduct.

Essentially, segmentation refers to identifying which parts
of the data can be considered as each such interval.
Segmentation is typically done through the use of algorithms
that can identify changes in the data indicative of a transition
between the operational states. For this purpose, such
methodology as change point detection or clustering
algorithms can be used. It is important for the process to be
accurate enough, as the proper segmentation would allow for
more detailed analysis of how the system performs over time
[23]. Finally, the last component in the deployment of the
multi-pipeline segmentation algorithm is the analysis of the
segments to identify meaningful heat transfer characteristics.
Analysis is the process of identifying what every segment
means. The interpretation is based on statistical analysis, an
understanding of the system and the machine learning model
patterns. Regression analysis is used to identify the prediction
in the machine learning sector and classification algorithm to
find the pattern the system may have during the failure state.

Through all these steps — data handling, preprocessing,
feature extraction, segmentation, and analysis — the multi-
pipeline segmentation algorithm allows to convert raw sensor
data into precise useful output. This process not only
facilitates understanding of how a heat exchanger operates but
also enables proactive maintenance and efficiency
optimization, thus contributing to the overall improvement of
thermal systems.

5. Result

The development and implementation of this multipipeline
segmentation algorithm have produced a variety of results



Haoyu Wang et al.

from both simulated data and in real world testing
environments. By detailing the different outcomes, we are
able to examine the performance of this algorithm in the
context of heat transfers in shell-and-tube heat exchangers
and the potential segmentation techniques available, one of
which is the segmentation through dynamic thermal
conditions. The detailed description of the simulation variant
with the new algorithm’s implementation was based on a
dataset created to reflect the operational fluctuations of the
shell-and-tube heat exchangers. This dataset consisted
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Figure 2. Inlet and Outlet Temperatures

of calculated changes in the temperature levels over time to
replicate the daily operational cycles. The various
visualizations with the assistance of MATLAB produce plots,
e.g., Heat Transfer Rate and Smoothed Heat Transfer Rate,
presenting the smoothness and periodic improvements of the
heat transfer rate signals. Performance testing in the
simulation variant provided
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Figure 3. Heat Transfer Rates

a foundation for testing the real cases with the algorithm. The
approach to the real-world testing was based on the data
retrieved from the shell and-tube heat exchangers and
reflected the actual operational unpredictability’s, such as
temperature and flow rate changes or variations induced by
variability of operational factors [24]. The data used for
testing was decentralized for the event of daily shifts, while
reintegration validated the algorithm adaptation width.

Performance testing was measured in the number of
segments with the significant changes in the heat transfer rate
provided by the algorithm. While in the case of the simulation
variant, the algorithm was able to detect all segments with a
significant shift, and the same applies to the real variant due
to the noise factors. This approach was measured as a true
positive transition and highlighted the ability of the algorithm
to manage real industrial data.

Compared to conventional data detection methods like
thresholding or basic statistical methods, the multipipeline
segmentation algorithm improved efficiency and accuracy.
While traditional methods often struggle with over-
segmentation leading to false positives or under-segmentation
which means it misses signals, the use of advanced
segmentation that combines smoothing and derivative
analyses provided an optimal evaluation of dynamic data.
This balance is crucial given the fact that other methods tend
to have either of these flaws. The multi-pipeline technique
was also resilient, as evident by its ability to operate in
multiple predictable fashions. It had optimal sensitivity for
both abrupt shifts and gradual trends in operations. Overall,
the algorithm was capable of generating
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reliable monitoring that could get works in a variety of
industrial situations.
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6. Conclusions

This research presents detailed studies of the multipipeline
segmentation algorithm in the detection of heat transfer data
in shell-and-tube heat exchangers. The algorithm has a high
level of dependability and effectiveness since it can process
and analyze different simulated data sets. Therefore, it
represents a reliable tool for detection and can be utilized
instead of classic detection methods. Furthermore, the
algorithm is effective as it has proven its high-level accuracy
in signal detection and had minimal false positives and
negatives. This is especially so given the complex nature of
the analyzed data where there is a high level of variability and
sometimes extremely high noise due to external factors. In the
simulated conditions, the algorithm showed a nearly perfect
performance which clearly indicates the accuracy of the
underlying principles and design of the algorithm. However,
recognizing the high level of challenges in real-world
applications and the need to detect the data in situations with
high variability, the accuracy of the segmentation of the heat
transfer data is a robust example of the robustness of the
algorithm [25].

The multi-pipeline segmentation algorithm holds many
advantages over the traditional optimal methods. Other
optimal methods present a challenge to the operator since the
methods are either high in sensitivity and suffers from low
specificity. This is whereby the machine picks the minor
changes as significant leading to high positives of the
minority of cases. The proposed algorithm applied fairly well
in the data smoothening and compared by detecting the data
where there are genuine changes acquired good accuracy.
Finally, the algorithm’s integration into data acquisition
systems allows for a continuous monitoring and analysis
workflow, which is a significant improvement over the
previous state with manual intervention and infrequent
assessment. In terms of operational efficiency and safety, this
integration would result in real-time adjustments and possible
maintenance interventions. The multi-pipeline segmentation
algorithm described in this research has the potential to
revolutionize heat transfer data detection in shell-and-tube
heat exchangers. By providing a more accurate and reliable
method, the algorithm will help in the optimization of the heat
exchanger’s operation leading to increased efficiency, lower
energy use, and overall reduced operational costs. Such
outcomes are extremely valuable for downstream sectors such
as petrochemicals and pharmaceuticals as well as power
generation. Furthermore, the application of the described
algorithm enables operators to address real-time environment
data reliably. This means that the really smart operators using
the system may eventually spot trends and stop failures from
happening, which would significantly boost the safety of the
exchanger. This would lead to much less downtime and
associated maintenance costs with the system, which would
significantly affect the economy over the device’s lifetime.
Although this paper focused on shell and-tube heat exchange,
many other types of apparatus work on the principles of heat

exchange. These include plate, finned tube, and air-cooled air
exchangers, each with its own set of issues related to data
variance and operating conditions. However, the multi-
pipeline segmentation algorithm demonstrates strong
flexibility and adaptability ready to fine-tune to any situation.

The accuracy of the heat transfer data obtained by this
method still has certain limitations. Future research may focus
on precise modifications or adjustments of the algorithm to
the specific features of these systems. Furthermore, the
integration with machine learning methods may potentially
develop more powerful predictive tools, which not only react
but predict possible malfunctions in heat exchange systems.
To conclude, the developed multi-pipeline segmentation
algorithm is a substantial step in heat transfer technology.
Since it was successfully applied to the shell-and-tube heat
exchangers, it can be reasonably assumed that its application
expands to a vast variety of thermal management systems
providing additional prospects for efficacy, cost efficiency,
and operational security.
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