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PERSPECTIVE ARTICLE

Utilizing artificial intelligence for National
Transportation Safety Board unmanned aerial
vehicle accident analysis and categorization

Eugene Pik'*(® and Joao S. D. Garcia?

"Mevocopter Aerospace, Vaughan, Ontario, Canada

2DB-School of Graduate Studies, Embry-Riddle Aeronautical University, Daytona Beach, Florida,
United States of America

Abstract

The rapid increase in unmanned aerial vehicle (UAV) usage has introduced significant
safety challenges, including issues such as system failure, loss of control, transmission
failures, and collisions. Analyzing these incidents has been challenging due to the
absence of a dedicated category field in the National Transportation Safety Board
(NTSB) data. This research tackles this problem by utilizing artificial intelligence (Al)
to automate the classification of UAV accident reports collected between 2006 and
2023. Using natural language processing techniques, we categorize NTSB reports to
improve the analysis and interpretation of incident data. We also employ advanced
data visualization tools to reveal geographic and temporal patterns, offering a
detailed view of UAV accident trends. The results indicate that system and component
failures unrelated to propulsion systems (system/component failure or malfunction
[non-powerplant]) and abnormal contact upon landing (abnormal runway contact)
are predicted as the primary categories (37%) of UAV accidents for the period. These
insights suggest the potential value of Al-driven categorization and visualization
techniques in enhancing UAV safety standards and supporting policy development.
Initial results provide promising insight into the use of language models for text
classification in aviation safety problems.

Keywords: UAV accident analysis; Al categorization; GPT-4 analysis; Data visualization in
safety; NTSB accident data; Accident trend analysis

1. Introduction

The use of unmanned aerial vehicles (UAV's) has seen a dramatic increase in recent years.
The commercial UAV fleet in the United States expanded from 42,000 in 2016 to 349,000
in 2023, representing a staggering 731% increase.! This surge in UAV usage brings with it
some safety concerns, including loss of control, transmission failures, navigation system
malfunctions, and collisions with aircraft, buildings, and power lines.? In addition,
severe weather events, take-off and landing incidents, and rotor failures have also been
mentioned as relevant to safety in UAV operations.

With the increase in operations, UAV-related accidents have also escalated, creating
the need for improved categorization and understanding of these incidents to support
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decision-making and risk management.” The textual
nature of traditional accident reports can often hamper
more automated structured categorization efforts,
making it challenging to analyze and interpret the data
efficiently. Advanced methods are gaining prominence in
aviation research and practical industry application. They
can contribute to the need to process large volumes of
unstructured data and extract meaningful insights.* The
National Transportation Safety Board (NTSB) investigates
UAV-related accidents and makes detailed reports openly
available to support safety analysis. Still, at times, some
of these reports may have missing fields, inconsistent
taxonomies and data formats, and can require natural
language processing (NLP) to extract critical information
and support statistical analysis.®

Artificial intelligence (AI), specifically NLP and
machine learning approaches, can enhance the analysis
of UAV accident reports and support the identification
of safety improvements. By leveraging OpenAl's GPT-4,
this study aims to evaluate the feasibility of automating
the categorization of UAV accident reports and the
identification of probable causes and patterns in the data.
Al-driven categorization coupled with data visualization
techniques can provide a deeper understanding of
UAV accidents, enabling proactive measures to address
safety issues and inform policy decisions. Given proper
consideration of accuracy challenges that could be explored
in further studies, the approach can also complement the
resource-intensive manual categorization tasks or serve
as a capability augmentation tool for such activities. This
research highlights the potential of AI to revolutionize
the way UAV accident data are processed and analyzed,
ultimately contributing to improved safety standards and
practices in the UAV industry.

2. Literature review

The exponential increase in UAV usage has led to a
corresponding rise in safety challenges, necessitating
comprehensive studies to mitigate associated risks. Key
safety concerns include loss of control, navigation failures,
and collisions with other aircraft or infrastructure. These
issues often stem from operator error, mechanical failure,
and adverse environmental conditions.>* Regulatory and
technical challenges further complicate the safe integration
of UAVs into national airspace systems. Nguyen et al.®
highlight difficulties in establishing consistent regulatory
frameworks and the technical limitations of current UAV
systems, which contribute to navigation and control
issues. Synthesizing these studies, it becomes evident that
addressing UAV safety requires a multifaceted approach
involving enhanced risk assessments, robust regulatory
measures, and technological advancements.

Al, particularly machine learning and deep learning,
has shown significant promise in UAV data analysis.
Nguyen et al.® demonstrated the effectiveness of multitask
deep learning in analyzing UAV multisensory data,
enhancing crop productivity and safety by accurately
predicting equipment malfunctions and environmental
conditions. Similarly, the application of large language
models (LLM), particularly GPT-4, for categorizing UAV
accident reports, as proposed in this study, leverages the
technology to systematically classify incident causes. This
structured approach offers a more nuanced understanding
of UAV-related risks. Other researchers have also employed
Al models to parse and interpret large datasets of
accident reports, achieving higher accuracy in identifying
patterns and probable causes than manual methods.**”
For instance, Al categorization techniques have been
applied in manned aviation and automotive industries,
demonstrating the versatility and robustness of AI-driven
analysis.'

Effective data visualization can also be crucial for
interpreting complex UAV data and communicating
findings. Techniques such as cluster maps and interactive
charts are employed to identify geographic and temporal
patterns in UAV accidents. These visualization methods
facilitate a better understanding of spatial distributions
and trends, aiding in the development of targeted safety
measures.'"'? Research underscores the importance
of visualization in making complex data accessible
and actionable, particularly for policymakers and
regulatory bodies aiming to implement data-driven safety
interventions.****

The integration of Al and advanced data visualization
techniques offers a powerful framework for enhancing
UAV safety research. Al-driven categorization streamlines
data analysis while visualization tools make the data more
accessible and interpretable. Studies have shown that this
integrated approach not only improves the accuracy of UAV
data analysis but also supports the development of proactive
safety policies. For instance, combining Al categorization
with visual analytics has been used to identify critical
safety issues and inform regulatory measures in aviation
and other high-risk industries.* This synergy is essential
for addressing the evolving challenges in UAV operations
and ensuring robust safety standards. By leveraging the
strengths of both Al and data visualization, researchers can
provide deeper insights into accident data, enabling more
effective and timely interventions to enhance UAV safety.

3. Methods

The UAV accident reports (n = 34) were sourced from
the NTSB database, which provides detailed records of
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aviation incidents. These reports, covering accidents
from April 2006 to August 2023, were obtained through
the NTSB Aviation Investigation Search platform.” The
dataset includes various fields such as event dates, probable
causes, and geographic coordinates, which are crucial for
analyzing and categorizing the accidents.

The collected data underwent several preprocessing
steps to ensure its quality and wusability. Dynamic
encoding detection was employed to accurately read files
with different encodings, preventing data corruption.'
Text sanitization was performed using the Python and
Unidecode library, which converts text to ASCII, making
it uniform and easier to process.'”*® Python’s NumPy and
Pandas together with the error handling mechanisms
were implemented to manage missing values, inconsistent
formats, and other anomalies in the dataset, ensuring the
integrity and reliability of the processed data.'**

3.1. Al categorization

OpenAl's GPT-4 application programming interface
(API) was utilized to categorize the probable causes of
UAV accidents.” The categorization process involved
feeding the cleaned and sanitized report text data into the
GPT-4 model, which then assigned an aviation occurrence
category from the CAST-ICAO common taxonomy team
(CICTT) to each accident report.?? This approach leveraged
the advanced NLP capabilities of GPT-4 to accurately
interpret and classify the narrative descriptions of the
accidents, thereby automating the categorization process
and reducing manual effort.”

3.2.Visualization

Various data visualization tools and techniques were used
to illustrate the findings and trends in the UAV accident
data. Libraries such as Matplotlib, Seaborn, and Folium
were employed to create charts, graphs, and maps.'***
These visualizations helped in identifying geographic
distributions, temporal patterns, and key insights from the
data. For instance, Matplotlib and Seaborn were used to
generate detailed plots showing seasonal variations and
accident trends over the years, while Folium was utilized
to create interactive maps highlighting accident hotspots
across the United States.

3.3. Python scripts for NTSB accident report analysis

The categorization script, NTSB_analysis_with_gpt4
V3.0.py, employs OpenAl's GPT-4 model to categorize
UAV accident reports from the NTSB.* The process
begins with data preprocessing, where the script reads
raw accident reports and cleans and normalizes the text
to ensure uniformity. This preprocessing step is crucial
for removing inconsistencies and preparing the text for

analysis. After preprocessing, the sanitized text is input
into the GPT-4 model, which categorizes each report into
predefined aviation occurrence categories based on the
narrative descriptions. The categorized data is then saved
for subsequent analysis.

The visualization script, NTSB_reports_visualisation_
and_map_V1.1.py, focuses on visualizing the categorized
UAV accident data.” The script begins by loading the
categorized accident data. It then uses various data
visualization tools, such as Matplotlib, Seaborn, and
Folium, to generate visual representations of the data. The
visualizations include line graphs and bar charts to illustrate
temporal trends and accident frequencies over time. In
addition, interactive maps created with Folium highlight
geographic distributions and accident hotspots. These
visualizations enable the identification of key insights,
trends, and patterns in the accident data, facilitating a
deeper understanding of UAV accident occurrences.

Together, these scripts streamline the processes of
categorizing and visualizing NTSB accident reports,
enhancing the efficiency and accuracy of data analysis.

4, Results

Following, OpenAl API was used to assign accident
categories from the CICTT taxonomy to the NTSB UAV
accident reports.”> Table 1 lists names and codes of the
categories assigned by the AI using the ICAO list.

The analysis revealed that the primary classification
of UAV accidents is system and component failure,
specifically categorized as “System and Component Failure
or Malfunction (SCF-NP)” This category encompasses
issues such as loss of control, transmission failures,

Table 1. UAV accident codes and category names

Code Category name
FUEL Fuel related
ICE Icing

RAMP  Ground handling
WSTRW  Wind shear or thunderstorm

LOC-G  Loss of control - ground
SEC Security related
SCF-PP  System/component failure or malfunction (powerplant)

MAC Airprox/TCAS alert/loss of separation/near midair
collisions/midair collisions

NAV Navigation errors
LOC-I  Loss of control - inflight
ARC Abnormal runway contact

SCF-NP  System/component failure or malfunction (non-powerplant)
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and rotor malfunctions. Figure 1 shows the number of
accidents per category.

Geographic distribution analysis showed that UAV
accidents are widespread across the United States, with
certain areas exhibiting higher concentrations of incidents.
Hotspots were identified in regions with dense urban
development and higher UAV activity. Figure 2 shows the
map of the incidents.

This spatial analysis is crucial for targeted safety
interventions and regulatory measures in specific areas.
Visualizations, including heat maps and cluster maps
created using Folium, effectively illustrate these geographic
patterns, providing clear insights into regional accident
trends.

Figure 3 shows notable yearly variations, with a
significant spike in accidents observed in 2019. However,
a downward trend in accidents per UAV after 2019
suggests that recent safety measures and technological
advancements are beginning to have a positive impact.

The visualizations and tables generated from the data
analysis provided a comprehensive view of the accident
data. For instance, a table summarizing the frequency of
different accident causes offered a quick reference to the
most common issues, while a series of bar charts illustrated
the monthly and yearly accident trends. Interactive maps
highlighted accident hotspots, enabling a more intuitive
understanding of the geographic distribution. These visual
tools not only supported the findings but also enhanced
the overall presentation of the data, making it accessible
and interpretable for a broader audience.

Some limitations associated with the work are worth
mentioning. A significant one is the limitation of the
number of reports that supported the analysis. Expanding
this initial exploratory approach to a larger set of reports
would allow the testing of model predictive performance
with added confidence. Developing an SME validated

w S

Number of Accidents

N

o SCF-NP ARC LOC-l NAV MAC SCF-PP SEC LOC-GWSTRWRAMP ICE FUEL

Category

Figure 1. Number of accidents in each category

dataset with assigned CICTT categories could create
opportunities for estimating predictive precision of the
proposed models.

5. Discussion

The results of this study underscore the critical importance
of addressing system and component failures to enhance
UAV safety. The prevalence of issues such as loss of control
and navigation system failures suggests that technological
improvements and stringent maintenance protocols are
essential. The geographic distribution of accidents further
highlights the need for localized safety interventions,
particularly in urban areas where UAV operations are more
frequent and complex. Monitoring the annual evolution
can provide valuable insights for anticipating specific
risk trends, allowing for more effective preemptive safety
measures.

When compared with previous studies, our findings
align with the broader consensus that UAV safety is
predominantly compromised by technological failures.
However, our use of Al-driven categorization offers a
more nuanced understanding of these issues. Ferrigan’
identified similar hazards but his findings lacked the
granularity provided by AI categorization. In addition,
our identification of specific geographic and temporal
patterns offers new dimensions for understanding UAV
safety, which were less explored in prior research. This
highlights the added value of using advanced AI and data
visualization techniques.

The integration of AI and data visualization has
significant implications for improving UAV safety
policies. Al, particularly NLP through GPT-4, enables
efficient and accurate categorization of accident reports,
which is essential for large-scale data analysis. This
automation reduces the manual workload and increases
the consistency of data interpretation. Data visualization
tools like Matplotlib, Seaborn, and Folium transform raw
data into insightful visual representations, making it easier
for policymakers to identify trends and patterns. Together,
these technologies provide a powerful framework for
developing data-driven safety strategies, enhancing
regulatory measures, and ultimately reducing the incidence
of UAV accidents.

6. Future work

Futureresearchshouldexplorethepotential of Al techniques
for more sophisticated analysis of UAV accident data. These
techniques can uncover complex patterns and correlations
simpler models might miss. Further development of NLP
methods is crucial for extracting deeper insights from
accident reports. Advanced NLP models can analyze
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Based on NTSB Data 2006 to 2023

1 Interactive Geographical Overview of Unmanned Aerial Accident Reports
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narrative sections of reports to identify underlying
causes and contributing factors more accurately. Machine
learning algorithms should be developed and refined to
classify accident scenarios and predict potential risks.
These algorithms can enhance proactive safety measures
by providing early warnings based on historical data and
emerging trends. Interdisciplinary research combining
expertise from aviation, Al, and data science can lead to

comprehensive safety frameworks. Collaboration with
regulatory bodies and industry stakeholders will be vital
in implementing these advanced technologies effectively.
Future work will involve a larger number of NTSB reports
to enable robust statistical analysis. Future research can
enhance reliability by ensuring consistent results across
different initial conditions and demonstrating model
convergence as more data is added, confirming stability
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and robustness. Additional research could employ a similar
process to explore socioeconomic factors associated with
such occurrences.

7. Conclusion

This research demonstrates the significant potential of Al
in categorizing and analyzing UAV accident reports. By
leveraging OpenATI’'s GPT-4 and various data visualization
tools, we have identified patterns and trends in UAV
accidents, highlighting the primary causes and their
geographic and temporal distributions. Our findings
underscore the importance of addressing system and
component failures to improve UAV safety. The use of Al
and data visualization not only streamlines the analysis
process but also provides valuable insights that can inform
safety policies and regulatory measures. The integration
of these technologies is crucial for advancing UAV safety
research and enhancing the overall safety standards in the
UAYV industry. Moving forward, continuous improvement
of AT models and data collection methods will be essential
to keep pace with the rapidly evolving UAV landscape,
ensuring that safety measures remain robust and effective.
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Abstract

Due to the demand for high reliability and thermal conductivity of high-power
modules operating at high temperatures, sintered nano-silver (Ag) has garnered
significant attention as an excellent interconnect and heat transfer layer, particularly
for its thermal conductivity and other reliability research. Since the mechanical
behavior and heat conduction capacity of sintered Ag is generally regulated by
changes in temperature, its microstructure will change accordingly, affecting its
performance. In this study, a machine learning model was used to evaluate and
predict the thermal conductivity of sintered Ag, providing an effective method to
analyze the influence of microstructural characteristics on its heat transfer properties.
Image processing and model simulation of scanning electron microscopy images of
sintered nano-Ag nanostructures were performed using MATLAB and Ansys software.
A batch calculation of the thermal conductivity of 2D images of sintered nano-Ag
nanostructures was performed to obtain sufficient data sets. Based on the artificial
neural network model of Bayesian optimization, the equivalent thermal conductivity
of different sintered nano-Ag microstructures was predicted with high accuracy using
the microstructure image and characteristic parameters of sintered nano-Ag. The
proposed method enables rapid, effective, and accurate evaluation and prediction
of the thermal conductivity of sintered nano-Ag, contributing significantly to the
reliability of power modules.

Keywords: Artificial neural networks; Sintered nano-Ag; Effective thermal conductivity;
Finite element modeling

1. Introduction

Silicon carbide (SiC)-based power devices face limitations in achieving more effective
energy conversion. To address the high reliability and thermal conduction demands
of power modules operating at high temperatures, sintered nano-silver (Ag) has been
developed and utilized frequently as the die-attaching material for SiC devices, due to its
excellent performance in heat transfer and chip joining.
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However, the mechanical behavior and heat conduction
ability of sintered nano-Ag generally vary under different
power cycling conditions, possibly due to damage
accumulation and crack formation within its structure.'
These variations in thermal performance could reduce
the reliability of the modules and even lead to their
failure. Thus, accurate evaluation and prediction of heat
conductivity of sintered nano-Ag are essential.

To calibrate the effective thermal conductivity of
sintered nano-Ag, different methods have been presented to
understand the variations of effective thermal conductivity.
Ordonez-Miranda et al? measured and calculated the
thermal conductivity of sintered nano-Ag for a sample with
22% porosity, demonstrating that pancake-shaped pores have
a more prominent effect on thermal conductivity compared
to sphere pores through numerical comparisons. Signor et al.?
computed the thermal conductivity of sintered nano-Ag
with finite element analysis using actual 3D microstructures.
Recently, Sghuri et al* tested the thermal conductivity of
sintered nano-Ag under aging conditions to obtain the
thermal conductivity of sintered nano-Ag more directly.
Meanwhile, Hu et al.® explored the process-microstructure-
thermal relation using focused ion beam scanning electron
microscopy. Although these studies have reported various
behavior of sintered nano-Ag, predicting its thermal
conductivity remains a major challenge due to the complexity
of the process and flaw-dependent thermal behavior.

Varjous analytical and numerical methods have been
developed to predict the effective thermal conductivity of
sintered nano-Ag. Zhao et al.® indicated that the existing
models are not suitable for predicting the thermal
conductivity of sintered nano-Ag due to its high porosity
and complex microstructure. Qin et al.” have presented a
semi-analytical formulation to predict the effective thermal
conductivity of sintered nano-Ag by considering the
modification in the microstructure. To investigate changes
in the effective thermal conductivity of sintered nano-Ag
due to crack formation, they also proposed a semi-analytical
formulation to predict the effect of cracks on the heat
conductivity of sintered nano-Ag.® Lately, the effect of mud
cracking on the heat conductivity of sintered nano-Ag was
also studied,’ revealing variations in heat transfer behaviors
of sintered nano-Ag in the entire SiC module. Kim et al.'’
also studied the effect of pore shape and porosity on the
effective thermal conductivity of sintered nano-Ag.

With the development of artificial intelligence, the
prediction of thermal conductivity for different materials
with machine learning methods has garnered significant
attention due to advantages, such as high accuracy,
efficiency, and potential for physics-based interpretation.'**¢
Predicting mechanical and material properties using

machine learning-assisted methods has also garnered
significant attention in electronic packaging. Machine
learning has been applied to different aspects of electronic
packaging, such as materials extraction,"”** solder fatigue
lifetime prediction,”** defect detection,” and mechanical
response prediction.” In the field of electronic packaging,
Long et al.* proposed a convolution neural network (CNN)-
assisted nanoindentation method to rapidly determine
the mechanical properties of thin-film elastoplastic
materials and predict the constitutive parameters with
high accuracy. Recently, Du and coworkers** adopted
CNN for support vector regression models to predict the
thermal conductivity of sintered nano-Ag, demonstrating
the potential applications of machine learning in predicting
the thermal conductivity of sintered nano-Ag. However,
machine learning requires large datasets. In addition, neural
networks have demonstrated great potential in predicting
the mechanical and thermal behavior of porous materials.
For example, Wei et al®® used three different machine
learning approaches to quickly and accurately predict the
equivalent thermal conductivity of composite materials.
Similar studies have been conducted in recent years.'®*%

In this study, we focus on the research status and existing
problems of physical and mechanical parameter evaluation
methods for sintered nano-Ag nanomaterials. An image
dataset, based on the Gaussian random reconstruction
of sintered nano-Ag nanostructures, was proposed, and
the equivalent thermal conductivity of sintered nano-Ag
nanostructures was efficiently predicted based on a machine
learning model. Image processing and model simulation
were performed using MATLAB and Ansys software from
scanning electron microscopy (SEM) images of sintered
nano-Ag nanostructures; batch calculation of the thermal
conductivity of 2D images of sintered nano-Ag nanostructures
was conducted thereafter. According to the SEM image
characteristics of actual sintered nano-Ag nanostructures,
the images of the nanostructures at different sintering
temperatures were generated by the Gaussian random model.
Based on the artificial neural network (ANN) model of
Bayesian optimization, the equivalent thermal conductivity
corresponding to different sintered nano-Ag microstructures
was accurately predicted using the microstructure image and
characteristic parameters of sintered nano-Ag, with minimal
loss and a high determination coefficient (0.96).

2. Methods

2.1. Effective thermal conductivity computation
scheme

2.1.1. Finite element model of sintered nano-Ag

Image-to-parameter automated programming can be
used to improve the efficiency of analytical calculations.
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In this study, image processing and modeling simulation
of microstructure images were performed using
MATLAB and Ansys, respectively. The results from the
batch calculation of the thermal conductivity of sintered
nano-Ag microstructures enhanced the understanding
of the physical relationship between sintered nano-Ag
microstructure and heat transfer properties.

Figure 1 displays the finite element simulation flow chart
of sintered nano-Ag microstructures, utilizing image-to-
parameter automated programming. Using MATLAB, the
SEM image of sintered nano-Ag (Figure 2A) was analyzed
and converted into a grayscale image with two-phase regions
of black and white (Figure 2B). The black region corresponds
to the pore, while the white region denotes the nano-Ag
nanoparticles. The grayscale images were then divided into n
parts equally in the x and y directions (Figure 2C) to obtain n
x n black and white pixel images. These images are stored as
numerical matrices with values of 0 or 1.

After the pixel matrix was imported into Ansys, the voxel
blocks were selected successively according to the coordinate
position by the loop statement. The array parameters at
the corresponding positions were analyzed to determine
the material type of the voxel block, thereby assigning the

appropriate material properties to the current voxel block.
Since sintered nano-Ag is an isotropic material, distribution
in the x-, y-, and z-directions are consistent. Therefore, 2D
models can be used to simulate the heat transfer behavior
of sintered nano-Ag, with microstructural characteristics.
A plane model of nano-Ag and air was established, where
the thermal conductivity of dense nano-Ag and air is 429
and 0.03 W/mK, respectively. As the difference in thermal
conductivity between dense nano-Ag and air is approximately
five orders of magnitude, modeling the pore regions has
minimal impact on the heat conduction simulation results.
However, since isolated islands (Figure 3A) often exist in
practice, omitting the air unit would require additional
boundary conditions to be applied separately, increasing the
workload and complicating the calculations. Hence, the pores
were filled with air in this study (Figure 3B). To ensure accuracy,
each pixel block was further divided into four units during the
meshing process. Boundary conditions (250 and 50°C) were
applied to the upper and bottom boundaries, respectively,
and adiabatic boundary conditions were applied to the other
boundaries. Figure 4 displays the temperature distribution
density contour plot of the model (Figure 4A) and the heat
flux density of each element (Figure 4B).

SEM images of
sintered silver

Image
processing

Matrix data

Array parameters

Read data P AnsyS

@it properties and material properti%—» .
Establishment of

C Boundary conditions and loads >—>

Definition of

voxel model material type

Figure 1. Finite element simulation flow chart of sintered nano-Ag microstructures
Abbreviations: SEM: Scanning electron microscopy; APDL: ANSYS parametric design language.

YM

Figure 2. Gray transformation process of scanning electron microscopy (SEM) images of sintered nano-Ag: (A) SEM image of sintered nano-Ag;
(B) grayscale images; and (C) image segmentation.
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T,

Tb X

Figure 3. Comparison of microstructure finite element model before and after filling. (A) Schematic diagram of isolated islands in the model before air-
filling. (B) Schematic diagram of the model after air-filling. Green boxes indicate geometric model of sintered nano Ag. Blue boxes indicate pore regions of
sintered nano Ag. Red circles indicate isolated islands sintered nano Ag. Red dashed lines indicate the upper and lower boundary.

Abbreviations: T : Upper-temperature boundary condition; T,: Lower temperature boundary condition.

2.1.2. Effective thermal conductivity computation

For homogeneous materials, according to Fourier’s law of heat
transfer,” the rate of heat flow in the y-direction (1D form of
Fourier’s law of heat transfer) can be expressed as:

@

where g is the heat flow in the y-direction, k is thermal
conductivity, and dT/dy is the temperature gradient in the
y-direction.

A simple modification of Equation I yields the formula
for thermal conductivity:

4y (a-)
Iy - T

k= (11)

where y is the coordinate of the upper boundary
in the y-direction, y, is the coordinate of the bottom
boundary in the y-direction, T is the temperature at the
upper boundary, and T, is the temperature of the bottom
boundary.

In finite element analysis, the model is divided into
units; thus, Equation II can be expressed as follows:

where S is the total area of the finite element model, S,
is the area of unit i, and g, is the heat flux value of unit i in
the y-direction.

Equation III is a discrete formula for calculating the
equivalent thermal conductivity k_, which applies to
eq
porous media models. After determining the heat flux
and area of each unit in the dense nano-Ag region in the
y-direction, the equivalent thermal conductivity of the
entire model can be obtained using Equation IIL

In calculating the equivalent thermal conductivity of
sintered nano-Ag nanoparticles using the SEM images, the
number of points n must be sufficient to ensure convergence
of the model results. In two SEM images obtained from
the same sintering process, 18 windows of 20 um?® were
extracted, and the number of pixels was 50 x 50, 100 x 100,
150 x 150, and 200 x 200. Through simulation calculation,
the thermal conductivity of each window under different
extraction conditions was obtained (Figure 5A and B),
with the mean and range of thermal conductivity presented
for each extraction condition. Notably, the difference in
calculated thermal conductivity between a pixel size of
150 x 150 and 200 x 200 is 3.3%.

2.2. Machine learning method

n 2.2.1. Evaluation index of the model
s D)2 o .

b = dy ( Yu— )’b) - Pt To evaluate the prediction accuracy of different models,
eq — (Tu T, ) s (Tu T, ) S five statistical ind.ica.tors were used t.o characterize ’and
compare the prediction accuracy of different data-driven

L models.’?3

(7 = 7b)2.4yiS; o

i=1 *\2

= 111 MSE = — =y v
(T Ty )s (I11) n;(y, ) (Iv)
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Figure 4. Finite element calculation results of the sintered nano-Ag microstructure. (A) Temperature cloud image of the model; and (B) heat flux density

of each element in the y-direction.
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Figure 5. Finite element calculation results of models with different precision. (A) Thermal conductivity distribution of models corresponding to different
porosity; and (B) the mean value and range of thermal conductivity under each extraction condition.

Rz =1- Z?:l(yi _}5)2
Zi:l(yi _y)2

Where y, and y, are the i-th actual output value and

V)

predicted output value, respectively; ¥ and y  are the
average actual output value and the average predicted
output value, respectively; and n is the number of
samples. The mean squared error (MSE), as displayed in
Equation 1V, is an indicator used to measure the average
squared difference between model predictions and actual
observations. MSE is commonly used as the loss function
to estimate the inconsistency between predicted values
and actual values.’> The coeflicient of determination R?
as displayed in Equation V, represents the determination
coefficient, indicating the degree of fit between the
regression model and actual data.?*** When R* is close to 1,
it indicates that the model fits the actual data well.

2.2.2. Data preparation and network selection

A large amount of high-quality microstructure data
of sintered nano-Ag is required to simulate the

microstructural effect on the thermal conductivity
of sintered nano-Ag. After an open operation and
convolution kernel size adjustment, random images of
crystal nucleus distribution generated by the Gaussian
random model were used to simulate the growth process of
a crystal nucleus (Figure 6). Finally, 186 images of sintered
nano-Ag microstructure, corresponding to three different
pixel sizes and sintering times, were obtained. Based on the
images, a plane model of the microstructure was built in
Ansys to calculate the thermal conductivity of the model
in the x- and y-directions, while the boundary conditions
(i.e., sintering temperatures) were applied to the upper and
bottom boundaries. From a microstructural perspective,
the input formats of neural network calculations can be
divided into two categories: (i) One method involves
extracting the index parameters of the microstructure as
numerical inputs, and (ii) the other method directly uses
microstructure images of sintered nano-Ag as input. The
former provides better computational speed but offers
limited information about the model; the latter enables
more comprehensive and accurate feature extraction but
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Unit: (um)

-0.5 -0.5

Figure 6. A 2D grayscale image of pores generated based on the 3D Gaussian random model. Note: X, y and h are the axes of the 3D Gaussian model,

corresponding to the length, width, and height, respectively

requires more training data and time, making it harder
to train. Given the advantages and disadvantages of both
numerical features and image input types in the calculation
of neural network models, numerical and image datasets
of the model were established in this study to obtain
more comprehensive information without affecting the
calculation speed.

The characteristic parameters of the sintered nano-Ag
SEM images were extracted by Image], including average
particle size, particle circumference, and porosity,
to form a dataset of numerical input. Since the three
characteristic parameters extracted are not directional
- remaining unchanged regardless of image inversion
or rotation — the simulated thermal conductivity in the
x- and y-directions is averaged in the output dataset to
obtain the average thermal conductivity as the output
of the numerical input model. To fully utilize the 186
sintered nano-Ag microstructure images, the dataset
was augmented by flipping each image left and right,
flipping it up and down, and rotating it 180°, resulting
in three additional images for each original. In other
words, the original dataset can be quadrupled, resulting
in a total of 744 datasets without additional simulation
time. This approach enhances the amount of data used
for model training and further improves model accuracy.
Notably, the thermal conductivity of the microstructure
model based on these three images is the same as that
of the original image in the x- and y-directions. The
numerical and corresponding image data serve as inputs,
while the simulated thermal conductivity in the x- and
y-directions is the output of the model when establishing
the corresponding dataset. This process occurs
simultaneously with the training of neural networks.
Using the bootstrap method, the numerical and image
datasets are divided into a training set and a testing set
in a 7:3 ratio for model training.

X

—» Output

x3/

Figure 7. Perceptron structure diagram

2.2.3. Principles and hyperparameter tuning of
machine learning models

The ANN consists of multiple fully connected layers,
i.e., each neuron is connected to all the neurons in the
previous layer.® In ANN, a simple model with several
inputs and one output is called the perceptron, i.e., from
the perspective of a single neuron locally (Figure 7). The
perceptron consists of a linear relation and an activation
function o(z). The output formula for the single perceptron
can be expressed as:

a=0(z)= O'(Zn: ox, +b)

i=1

(VD)

The lines between each neuron in ANN represent a
weight coeflicient w, with each neuron corresponding to
a bias b. In addition, to satisfy the non-linear relationship
between inputand output, theactivation function cisadded.
Common activation functions include ReLU, Sigmoid,
and Tanh. The ReLU activation function is selected for
this study. As a common activation function, ReLU helps
avoid the gradient disappearance problem by introducing
non-linear transformation and sparse activation. This
effectively increases the expressive power of the neural
network, making the model more distinguishable. The
specific formula of ReLU is expressed as follows:
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x if x>0
ReLU: f(x)= O ifx <0 (VII)

An ANN with more hidden layers and neurons is
typically regarded as a deep neural network (DNN).
As displayed in Figure 8, ANN is the result of multiple
perceptrons in parallel and in series.*® The network
features three hidden layers, and the number of neurons in
each hidden layer is denoted as i, j, and k, respectively. The
output formula of the ANN network composed of neurons
in n layers is expressed as follows:

n
1 _ 1y _ | 1-1 1
a —a(zi)—a(z%aj +b1)
i1

(VIID)

where a', represents the i-th neuron of layer [ in ANN;
w!, represents the weight coefficient from the j-th neuron of
layer I-1 to the i-th neuron of layer [; and b’ represents the
offset corresponding to the i-th neuron in the /layer. When
expressed in matrix form, the formula can be simplified as:
a za(zl):a(WlaH +bl) (IX)

The main computation process of neural networks
involves forward propagation and backpropagation.
The forward propagation algorithm uses several weight
coefficient matrices W and bias vector b to perform a
series of linear operations and activation operations with
input vector x. From the input layer, the output of the
previous layer is used to calculate the output of the next
layer until the result of the final output layer is obtained.
Backpropagation uses forward propagation to calculate
the output of the training sample, with the loss function
measuring the difference between the predicted and
actual values. A typical backpropagation algorithm (BP)
minimizes the loss function through iterative optimization
using the gradient descent method to identify the
appropriate linear coefficient matrix W and bias vector b
for the hidden and output layers. The output calculated

from the training samples should be equal to or close to
the target value. The loss function is calculated as follows:

2

J(W,b,x,y) =%||a’ —y

j = %”U(W’a’"l +b' )— y

X)
2
Where a' is the predicted value of the output layer, and

y is the target value of the output.

During model training, the most widely accepted Adam
optimizer was selected. The performance and generalization
of the model were evaluated using the MSE of the testing
set. Subsequently, the hyperparameters of the neural
network are tuned based on the MSE value to improve the
performance and stability of the model. Grid search is the
most widely used hyperparameter search algorithm, which
determines the optimal value by searching all the points
within the search range.”” Generally, given a large search
range and a small step size, the grid search method can
identify the global maximum or minimum value, but it
heavily consumes computing resources.

In contrast, a random search does not analyze
all parameter values but samples a fixed number of
parameters from a specified distribution. Random search
can also be used to identify a global optimal solution
if the set of random sample points is large enough.
Compared with the grid search method, the random
search method is faster, but its accuracy cannot be
guaranteed. Bayesian optimization, an effective global
optimization algorithm, was proposed by Snoek et al.*®
to be used for parameter tuning in machine learning.
Its concept involves updating the posterior distribution
of the objective function by continuously adding sample
points through the Gaussian process until the posterior
distribution closely approximates the true distribution.
In short, it accounts for the last sampling point to better
adjust the current sampling point, maximize the benefit of
the next sampling point, and avoid unnecessary sampling
to the greatest extent. Compared with other methods,

X
” Thermal
. conductivity
X3
S VA I\ 7

Input layer

Hidden layer

Output layer

Figure 8. Artificial neural network structure diagram
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Bayesian optimization has been widely recognized for its
convenience and accuracy.

Bayesian optimization is derived from the famous

“Bayes theorem”:*

pD|Hp(f)

(D) (XD

p(f|D)=

where f, D ={(x,y),(x,y),....(x,y )}, x, and y
represent the unknown objective function, the set of
observed sampling points, the decision vector, and the
observed value of the sampling point, respectively; p (D| f)
and p(f) represents the likelihood distribution of y and the
prior probability distribution of f (that is, the assumption
about the unknown objective function state); and p(D)
represents the marginal likelihood distribution of f. The
function p(D) is usually difficult to calculate because it
involves the product and integral of the probability density
function. However, since it does not depend on f, it is
treated as a normalized constant in Bayesian optimization.
In addition, p (f |D) represents the posterior probability
distribution of f, which describes the confidence of the
unknown objective function after modifying the prior
function from the observed data set.

The Bayesian optimization algorithm consists of two
core parts: the probabilistic agent model and the acquisition
function. The probabilistic agent model includes the
prior probability model and the observation model. The
former is p(f), while the latter describes the mechanism
by which the observed data are generated, the likelihood
distribution p(D| f). The posterior probability distribution
P (f|D), containing the observations of the latest evaluation
points, is obtained using the Bayesian formula to update
the probabilistic agent model. According to the posterior
probability distribution, the next most “potential”
evaluation point is selected by maximizing the collection
function, and an effective collection function can ensure
that the selected evaluation point sequence minimizes the
total loss value:

Loss = Z .

where y* represents the optimal solution of the current
evaluation point.

(XII)

y*-y

The specific calculation process of the Bayesian
optimization algorithm involves an iterative process of
parameter updates, and its specific algorithm framework is
presented in Table 1.

Figure 9 displays the principle of the Bayesian
optimization algorithm. Each repeat sampling generates a
minimum value for the objective function. After the first
random sampling of the function, the second sampling

Table 1. Bayesian optimization algorithm calculation process

Bayesian optimization algorithm

For n=1,2, ...,do

a. Obtain the next evaluation point x  , by maximizing the
acquisition function a

b. Get the objective function value of the evaluation point y,

+I;
c. Augmentdata D ={D,(x, .y )k

d. Update probabilistic proxy model end for

assesses points near the possible minimum value and in
regions that have not been sampled. This approach helps avoid
entrapment in the local optima, improves proxy function
approximation of the true objective function, and facilitates
finding the minimum value of the objective function. In
simple terms, the Bayesian optimization algorithm selects
the next sampling point to maximize the return.

For the tuning method, the type and range of tuning
parameters need to be defined. In the ANN model, the
learning rate, number of hidden layers, and number of
neurons in each layer are selected as the tuning parameters.
Among them, the learning rate in the optimizer is
an important hyperparameter in the neural network,
regulating the step size of each parameter update and
directly affecting the convergence speed and performance
of the model. The number of hidden layers and neurons
in each layer determines the structure of the model. To
streamline parameter adjustment, the number of neurons
in each layer is set to be the same to ensure that the number
of hidden layers and neurons in each layer can be used as
two independent parameters for parameter adjustment.

Figure 10 presents the results of Bayesian optimization
of hyperparameters in the ANN model. The learning rate
ranges from le* to 0.1 and is distributed exponentially to
improve optimization efficiency. The number of hidden
layers is presented as an integer, ranging from 1 to 5, while
the number of neurons is presented as an integer, ranging
from 1 to 140. The evaluation index MSE (Equation IV)
of the model is reflected by the color of the data points,
and the corresponding value range is referred to the color
scale on the right. Sampling occurs across the entire
hyperparameter space, avoiding the local optima. The
points around the final optimal result are relatively dense,
indicating that the model undergoes fine-tuning and
optimization at the later stages. The final hyperparameters
include two hidden layers, each with 32 neurons, and a
learning rate of 9.29¢™.

3. Results and discussion

The established ANN model was
the relationship between the

used to map
input characteristics

Volume 2 Issue 1 (2025)

15

doi: 10.36922/ijjamd.5744


https://dx.doi.org/10.36922/ijamd.5744

International Journal of Al for
Materials and Design

Predicting thermal conductivity of sintered Ag

= Objective function
=== Proxy function

Sampling point

Sfx)

[
]
]
'
]
1
]
’
]
]
1
’
]
1
d

Current
minimum point

Sx)

= Qbjective function

===Updated proxy function
Primary
sampling point

The second
sampling point

X

X

Figure 9. Principle of the Bayesian optimization algorithm. Results of the (A) first sampling and (B) second sampling.
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(microstructure characteristics of sintered nano-Ag)
and the output value (thermal conductivity of sintered
nano-Ag). According to the loss function defined by
Equation XII, after 2000 training of the epoch, the training
loss and testing loss decreased over time. All losses
converge at about 400 cycles, dropping below 0.05, and
remain stable in the subsequent training cycles (Figure 11).
The results indicate that the 500 epochs reflect the actual
training effect of ANN, without overfitting in the thermal
conductivity prediction of sintered nano-Ag.

In addition to the MSE, the determination coefficient
(R?) was also used to evaluate the performance of the
ANN model. The coefficient R? is defined by Equation V.
A higher R? value indicates that the model has better
prediction ability for the target parameters. Figure 12
displays the comparison between the predicted and actual
thermal conductivity of sintered nano-Ag. As observed, the
distribution of data points (blue dots) is focused around the

1.5
e Testing set

Training set

1.0
/]
v
(=}
-
0.5
0.0 il
1 . 1 L 1
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Figure 11. Loss curve of the artificial neural network
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Figure 12. The predicting performance of thermal conductivity testing
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ideal prediction trendline (red dashed line), indicating that
the predicted parameters are relatively close to the actual
parameters. The value of R* is as high as 0.96, indicating
that the ANN model based on Bayesian optimization has a
good predictive ability for the correlation analysis between
microstructure characteristics and thermal conductivity
of sintered nano-Ag. The 95% confidence region also
confirms that the proposed optimal ANN model has good
predictive performance. The confidence interval represents
the knowledge level of the best fitting line and determines
that the true linear fitting output is within the interval. In
Figure 12, when the trained ANN model was used to predict
thermal conductivity, the confidence interval between the
predicted output and the real output was compared; it was
found that most of the predicted points overlapped with
the actual value, with smaller differences corresponding to
higher prediction accuracy.

The factors that affect the thermal properties of sintered
nano-Ag, such as sintering process parameters, affect the
microstructure of sintered Ag nanoparticles. However, in
existing studies, microstructure parameters are rarely used
in thermal conductivity models.*® Notably, our study utilized
the microscopic reconstruction method, which combines
Gaussian random reconstruction and finite element,
effectively studying the thermal conductivity changes as
the microstructure changes under the influence of sintering
parameters. However, due to limitations in the dataset and
the difficulty of obtaining it, we only analyzed the evolution
of microscopic grains at different sintering times using the
open operation method, without considering the effect
of sintering temperature. Nevertheless, if the influence of
sintering temperature changes on thermal conductivity
is included, the model would remain valid. Rong et al.”
mentioned in their study that features selected from a
large descriptor space may limit the predictive accuracy
of machine learning models. It is worth noting that we
simultaneously used both the image dataset and the feature
parameter dataset for training, effectively mitigating this
issue and enhancing the model’s generalization ability for
different types of structures. We are working to integrate
the aforementioned factors to study the microstructure
evolution of sintered nano-Ag, aiming to obtain a more
comprehensive dataset that captures the changes in thermal
characteristics with respect to microstructure parameters.

4, Conclusion

We presented the image of sintered nano-Ag microstructure
based on Gaussian reconstruction, where feature parameters
and image data are separately extracted to form a dataset.
The equivalent thermal conductivity of sintered nano-Ag
is then predicted using a machine-learning model. In
summary, our key findings are as follows:

(i). Image processingand modeling simulation methods for
SEM images of sintered nano-Ag microstructure were
established by MATLAB and Ansys software. Batch
calculation of the thermal conductivity from 2D images
of sintered nano-Ag microstructure was performed
accordingly. Based on the SEM image characteristics of
actual sintered nano-Ag microstructure, 186 images of
the microstructure, obtained from using 3-pixel sizes
and different sintering times, were reconstructed using
the Gaussian random model. The thermal conductivity
in the x- and y-directions of the microstructure plane
model was obtained by finite element simulation.
Given the advantages and disadvantages of both the
numerical parameters and the image input types for
neural network analysis, the numerical dataset and
the image dataset are established, respectively. An
image was obtained from the reconstructed model of
the sintered nano-Ag microstructure, and the dataset
was enhanced four times. The model accuracy can be
further improved by enhancing the amount of data
used for model training.

(iii).Based on the Bayesian optimized ANN model, the
average particle size, circumference, and porosity were
taken as input parameters to predict the equivalent
thermal conductivity of sintered nano-Ag. The final
determination coefficient of the ANN model for the
equivalent thermal conductivity prediction is 0.96.
The results are of great significance for evaluating the
microstructure and physical properties of sintered
nano-Ag. Hence, future studies should focus on the
physical mechanisms based on existing models.
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Abstract

Developing refractory high-entropy superalloys (RSAs) with performance advantages
over nickel-based alloys is a critical frontier in materials science. Body-centered
cubic (bcc)-based RSAs have attracted significant attention, with ruthenium (Ru)
playing a key role in forming two-phase regions of A2 (disordered bcc) + B2 (ordered
bcc), which could lead to superalloy-like microstructures. This study introduces
the application of the Kolmogorov-Arnold Network (KAN) model to predict the
mechanical and thermodynamic properties of Ru while comparing its performance
against other commonly used machine-learned models. Utilizing density functional
theory calculations as training data, the KAN model demonstrates superior accuracy
and computational efficiency compared to conventional methods, while reducing
descriptor complexity. The model accurately predicts a range of properties,
including elastic constants, thermal expansion coefficients, and various moduli,
with discrepancies within 6% of experimental reference data. Molecular dynamics
simulations further validate the model’s efficacy, accurately capturing Ru’s phase
transitions from hexagonal close-packed (hcp) to face-centered cubic structure and
the melting point. This work presents the first application of KAN in materials science,
demonstrating how its balanced performance and efficiency provide a new pathway
for designing advanced materials, with unique advantages over conventional
machine learning approaches in predicting material properties.

Keywords: Ruthenium; Kolmogorov-Arnold Network; Machine learning; Mechanical
properties; Thermodynamic properties; Density-functional theory; Molecular dynamics

1. Introduction

Researchers have long sought to improve nickel-based superalloys for greater technical,
economic, and social benefits by reducing their weight while improving their material
properties under extreme loads. Naka and Khan' proposed a promising direction by
combining B2-ordered NiAl compounds with transition metals having disordered body-
centered cubic (bcc) structures (A2). This approach creates an A2 + B2 microstructure
like the y-y structure in traditional superalloys. These alloys, which meet the criteria for
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high-entropy alloys (HEAs)>* and complex concentrated
alloys,* demonstrate potential as refractory high-entropy
superalloys (RSAs). In A2+B2 systems, the ordered
intermetallic B2 phase is particularly important, as it
often acts as a strengthening precipitate, similar to the
role of ¥’ in traditional superalloys.® In addition, B2 phases
often exhibit excellent strength retention at elevated
temperatures and creep resistance compared to disordered
phases, enhancing the alloy’s performance under sustained
loads at high temperatures.® Many B2 phases, particularly
those containing Al, demonstrate superior oxidation
resistance by forming protective oxide scales. However,
some elements discovered by Naka and Khan are still not
fully represented in RSAs that are currently synthesized,
especially Pd, Pt, and ruthenium (Ru), which all form
stable B2 phases with Al.”

Amongtheelements critical to RSA development, Ruhas
garnered significant attention due to its unique properties
and potential ability to form stable ordered phases in
multi-component systems. Cerba et al.* demonstrated that
AlRu alloys melt at 2060°C and interact with Ru through
eutectic reactions at 1920°C, suggesting potential routes
for exploring A2 + B2 microstructures. Moreover, the
B2 phase exists in some binary refractory metal systems
involving Ru, such as Nb-Ru and Ru-Zr,’ indicating its
versatility in phase formation. Despite its importance,
there remains a significant gap in our understanding of
Ru’s molecular structure and its influence on mechanical
and thermodynamic properties, especially in the context
of computational materials science. Specifically, there is
currently no machine learning (ML) model capable of
accurately predicting Ru’s molecular structures along
with their corresponding mechanical properties in a
wide range of temperatures. This lack of comprehensive
data and predictive tools hinders our ability to engineer
the structures and material properties of RSAs where Ru
is used. The corresponding knowledge gap hinders the
efficient design and development of advanced RSAs and
other high-temperature materials that incorporate Ru.

Ru is a platinum-group metal that crystallizes in
a hexagonal close-packed (hcp) structure at ambient
conditions.’ Experimentally, Ru displays superconductivity
with a critical temperature below 1699 K.'* A hcp Ru also
maintains its structural stability up to pressures of 150 GPa
and temperatures of 960 K.!! Giiler et al.'> used molecular
dynamics (MD) simulations with an empirical interatomic
potential to explore the temperature-dependent elastic,
mechanical, and anisotropic properties of hcp Ru.
Likewise, Lu et al.”* used density functional theory (DFT)
to calculate the high-pressure phase transition of Ru.
However, computational approaches, such as DFT and

MD, are often computationally intensive and limited in
their ability to rapidly explore the vast parameter space of
Ru’s structure-property relationships. The development of
an ML model that can accurately and rapidly predict Ru’s
molecular structures and associated mechanical properties
would be a significant advancement. Such a model could
potentially allow for a faster and more comprehensive
exploration of Ru’s structural and mechanical behavior
under various environmental conditions.

High-throughput ab initio simulations are increasingly
used for exploring the basic properties of engineering
materials, such as determining the material properties.
When combined with materials informatics, ML models
accelerate the exploration of these material properties.’
The goal of the ML model is to supplement or replace
high-fidelity modeling methods at the quantum chemical
or classical level to predict the properties of molecules
or materials directly from their structure or their
chemical composition. ML methods usually use available
experimental and ab initio data to build accurate statistical
models that can be used to predict the properties of
materials. This innovative combination can significantly
enhance predictive capabilities and has applications
in many fields of materials research, such as dielectric
polymers,'® critical temperatures of superconducting
materials,'”” crystal structures,'® perovskites,” and
nanostructures.” Many of these properties were measured
with high accuracy using ML approaches. For instance, de
Jong et al?' developed a model using supervised ML with
gradient-boosting regression to predict elastic properties
of inorganic polycrystalline compounds, such as the bulk
modulus K and shear modulus G. For metallic systems,
Song et al.** constructed a general-purpose neural network
potential (NNP) for 16 elemental metals and their alloys
that achieves superior accuracy compared to traditional
embedded-atom method potentials while maintaining
computational efficiency. Their potential accurately
captures complex interface behavior, phase stability, and
mechanical properties across diverse metallic systems.
Liyanage et al.”* developed a NNP for the Cu-W system
using the Behler-Parrinello framework. Their potential
accurately reproduces metallurgically relevant properties,
including elasticity, stacking faults, dislocations, and
thermodynamic behavior in both elemental Cu and W,
as well as Cu-W interfaces and solid solutions. This NNP
enables large-scale atomistic simulations to investigate
phenomena such as the influence of interface stress on
mechanical properties in Cu-W nano-multilayer systems.
Another advantage of ML models is their generalizability
across different material systems, as it is easier to
incorporate crystal data with defects.*® Compared with
other interatomic potentials, ML potentials are highly
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flexible, allowing for facile adjustment of parameters and
refinement of datasets to improve accuracy and predictive
performance.”® This flexibility allows ML models to
adapt to new data and evolve continuously, providing a
dynamic and scalable approach for studying a wide range
of materials and their complex behaviors. In addition,
ML models enable faster updates as more data becomes
available, streamlining the process of material discovery
and optimization.

Among these ML models, the recently introduced
Kolmogorov-Arnold Network (KAN), inspired by the
Kolmogorov-Arnold Representation theorem, provides a
new way to model complex systems.* Unlike multilayer
perceptrons (MLPs) with fixed activation functions on
nodes, KAN has a learnable activation function on the
edge, parameterized as a spline function. This seemingly
simple change enables KAN to outperform MLP in terms
of accuracy and interpretability. In data fitting and partial
differential equation solving tasks, KAN has demonstrated
faster neuralscalinglawsthan MLP, achieving comparable or
better accuracy with a smaller network.” The architectural
advantage of KAN makes it particularly suited for materials
science applications. Its ability to process complex, non-
linear relationships makes it ideal for tackling quantum
phenomena, like Anderson localization, where disorder
in a system leads to the localization of electronic wave
functions.” KANs excel in extracting mobility edges in
various tight-binding models, such as the Mosaic model”
and the Aubry-André model,*® where previous methods
may struggle. Material properties often follow complex,
non-linear relationships that cannot be well-captured by
standard activation functions, making KAN’s learnable
activation functions especially valuable in this domain.
The model’s ability to discover and represent underlying
physical patterns without requiring explicit physical
constraints in the training process represents a significant
advancement in materials informatics. By allowing users
to incorporate prior knowledge and assumptions, KAN
can collaborate with human intuition to simplify complex
expressions while maintaining high accuracy. This makes
KAN a powerful tool for predicting physical properties in
materials and provides a robust framework for handling
disorders and defects in computational material studies.
Therefore, integrating KAN into the materials informatics
workflow can enhance our understanding of complex
material phenomena, accelerate the discovery of new
materials with desired properties, and provide results that
are easier to interpret than traditional neural networks.

Our study addresses the lack of ML models specifically
tailored for Ruand introduces the novel application of KAN
to predict material properties and construct ML interatomic

potentials (Figure 1). Compared to other established neural
network architectures including CalHousNet Feedforward
Neural Network (CalHousNet), Accurate Neural Network
Engine for Molecular Energies (ANI), Continuous-filter
Convolutional Neural Network (SchNet), and traditional
graph neural networks (GNNs), our approach simplifies
data preprocessing and significantly reduces training
time. When benchmarked against experimental data,
our model demonstrates superior accuracy in predicting
mechanical properties using molecular statics simulations,
highlighting the precision of KAN. Furthermore, we
successfully generated an interatomic potential capable of
accurately capturing key physical phenomena using MD
simulations, including phase transitions and the melting
point of Ru. This development not only underscores the
advantages of KAN in computational materials science
but also lays the groundwork for incorporating additional
elements into the framework. This advancement enables
the development of multi-element interatomic potentials,
potentially facilitating accurate simulations of more
complex high-entropy material systems.

2. Methods
2.1. Molecular models and simulations

First-principles calculations were performed within DFT
through the Quantum Open-Source Package for Research
in Electronic Structure, Simulation, and Optimization
(Quantum ESPRESSO) package,*** using the Perdew-
Burke-Ernzerhof*®  exchange-correlation  functional
and projector-augmented plane wave* potentials. We
optimized the wavefunction and charge density parameters
to cutoffs of 52.123 and 353.301 Ry, respectively, and used
a 4 x 4 x 4 Monkhorst-Pack grid for k-point sampling.
With this scheme, the total energy and force converged
at 10° Ry and 10* Ry/Bohr, respectively. Through these
calculations, we generated 699 data points to relate the
changes in the volume and energy of the element Ru under
various stress conditions, facilitating detailed analysis
of its structural properties. From the DFT calculations,
we obtained the initial crystal structure parameters,
including lattice constants (a, b, ¢), angles (o, 3, y), unit
cell volume, and atomic positions in both fractional (a, b,
¢) and Cartesian (x, y, z) coordinates. The DFT calculations
further provided the corresponding total energies, stress
tensors, and atomic forces. This combined dataset was
then processed and structured into a comprehensive
dataset using the pymatgen (Python Materials Genomics)
package.” This dataset size is comparable to typical single-
element training sets in literature; for instance, previous
studies have demonstrated that accurate potentials can
be developed with 461 and 284 structures for Ni and
Mo, respectively.”*® While multi-element systems typically
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Figure 1. Schematic of the workflow of constructing the dataset using DFT calculations, converting the structures into machine-learnable descriptors,
constructing the ML model using KAN, and measurements of material properties either directly or by constructing ML interatomic force fields for

MD simulations.

Abbreviations: DFT: Density functional theory; ML: Machine learning; KAN: Kolmogorov-Arnold Network; MD: Molecular dynamics.

require thousands of structures to capture diverse atomic
environments and interactions, single-element systems
can achieve good accuracy with several hundred carefully
selected configurations that comprehensively sample the
relevant phase space.

MD simulations were performed using the open-
source Large-scale Atomic/Molecular Massively Parallel
Simulator (LAMMPS) software package to calculate elastic
constants and melting point.”” The system was constructed
using periodic boundary conditions with an hcp lattice
structure in a 10 x 10 x 10 unit cell configuration.
Interatomic interactions were described using our
tabulated KAN potential combined with a Lennard-Jones
potential in a hybrid/overlay scheme. To calculate the
elastic constants, the system was constructed with periodic
boundary conditions using a lattice parameter of 2.70 A,
which was adopted from crystallographic data for Ru’s
hep structure and documented in the crystallographic
database maintained by Springer Materials.*® We then
performed energy minimization of this initial structure
with a convergence criterion of 10 eV/A for forces and
10 eV for energy, followed by anisotropic box relaxation.
The elastic constants were then calculated through strain-
stress relationships: C,, C,, and C,, were determined
by applying uniaxial strain, for example, by applying a
strain along the x-axis and measuring the resulting stress
response in the x-, y-, and z-directions. C,, was determined
through shear deformation in the xy-plane using a triclinic
box transformation. All calculations were performed under
quasi-static conditions, with system relaxation achieved
through energy minimization after each deformation step.
The melting point was determined using a heating method,
where the system was first equilibrated at 300 K using a

constant Number, Pressure, and Temperature (NPT)
ensemble, followed by gradual heating from 300 to 3000
K. The temperature was controlled using a Nosé-Hoover
thermostat with a damping parameter of 1.0, and the
pressure was maintained at 0 bar using a Parrinello-
Rahman barostat during the NPT phase. Neighbor lists
were updated every timestep with a cutoff distance of 0.3 A
and a bin-based approach.

2.2.Training data generation

Developing robust ML models for material science heavily
relies on training data that encompasses a wide variety
of atomic environments. To this end, we performed
structure relaxation on all symmetrically distinct
configurations within a 16-atom supercell of Ru arranged
in an hcp structure. Our objective was to meticulously
explore the potential energy surface by optimizing these
configurations to their lowest energy states, ensuring
the atomic positions and lattice parameters closely
matched experimental and theoretical benchmarks. This
optimization would ensure that the material’s behavior
under varying temperatures and pressures was captured
accurately. We focused on three primary structural types
in our study:

(i) Undistorted ground state structure: This represents
the element’s most stable configuration, free from
external strains or forces.

Distorted structures: By applying strains ranging
from —10% to +10% in six distinct modes — uniaxial
tension, uniaxial compression, biaxial tension, biaxial
compression, shear, and torsional strain - to the bulk
conventional cell, we generated atomic structures to
analyze the material's behavior under mechanical
stress.”

(ii)
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2.3. Training data processing

To effectively process crystal structures for ML applications,
the Python Materials Genomics (pymatgen) Library®
was utilized in conjunction with the Smooth Overlap
of Atomic Positions (SOAP) descriptor, implemented
through the DScribe Python package,* to convert
structural data into tensor representations. SOAP provides
a robust framework for representing atomic environments,
as it ensures rotational, translational, and permutational
invariance of the structural descriptors. This invariance
means that equivalent atomic configurations yield identical
representations regardless of rigid body transformations
or reordering of atoms, which is essential for reliable
structure-property predictions in crystalline systems. Each
structure’s atomic positions were denoted as r, = x,y,z,
where i denotes the index of the atom. These position
vectors were flattened into a one-dimensional tensor for
each structure:

T;tructm'ele yl ZI oo xn yn Zn (I)
where n is the total number of atoms in the structure.
The tensors from each structure were then stacked to form

a two-dimensional tensor T, representing the entire dataset
and making it suitable for ML models:

structurel
(1D

structurem

where m is the number of structures.

To address the high dimensionality of our data, we
applied principal component analysis (PCA). We centered
the data by subtracting the mean of each feature to produce
a mean-centered data matrix:
X =X-u

centered (III)
where X is the original data matrix and u is a vector

containing the mean values of each feature.

Next, we computed the covariance matrix C from the
mean-centered data:
I o

-1 Xcen tered

Iv)

centered

where m is the number of structures.

We then performed eigen decomposition to extract

eigenvalues (A) and eigenvectors (V), satisfying:
Cv=V4a V)

where V is the matrix of eigenvectors (principal
components [PCs]) and A is the diagonal matrix of

eigenvalues. The data were then projected onto the PCs to
obtain a reduced data matrix X:

X=X

centered

(VD)

reduced

where V. includes eigenvectors corresponding to
the largest eigenvalues that capture 95% of the variance.

In the PCA of crystal structures, Figure 2A elucidates
the cumulative explained variance ratio as a function of
component number. The first PC accounts for 80.5% of the
total variance, demonstrating its dominant role in capturing
the dataset’s primary features. The second PC contributes
an additional 12.2%, bringing the cumulative explained
variance to 92.7%. Notably, the first three PCs collectively
explain 97.6% of the datasets variance, surpassing the
often-used 95% threshold for dimensionality reduction.*
This rapid accumulation of explained variance, visualized
by the steep rise in the cumulative contribution line,
exhibits a characteristic elbow-shaped curve. The shape
of this curve, with its sharp initial increase followed by a
plateau, indicates highly efficient dimensionality reduction,
suggesting that the complex crystal structure data can be
effectively represented using just these three PCs.

Figure S1 presents a heatmap of structural PCA
loadings, revealing the complex relationships between
the original structural features and the three PCs. In this
context, “loadings” refer to the coeflicients that describe
how much each original feature contributes to a given PC,
with red indicating positive correlations and blue indicating
negative correlations. The first PC displays a nuanced
pattern of strong positive and negative loadings across
features, suggesting that it encapsulates a multifaceted
combination of structural attributes. This component
exhibits the most variation in loadings, indicating its
capacity to capture complex, opposing relationships among
the original features. In contrast, the second PC exhibits
predominantly positive loadings, with several features
displaying very strong positive correlations. Importantly,
the magnitude of loadings across all PCs indicates that
each original structural feature is well-represented in the
PC space, suggesting that the PCA effectively captures
the key variance in the dataset without substantial loss of
information from any feature.

Meanwhile, for energy and force data extracted from
DFT calculations, we employed different preprocessing
techniques. The energy data were directly converted
into the tensor format without further modifications. In
contrast, the force data, representing a three-dimensional
vector (one per atom with components F= (F, ;aFyFiz)
representing the forces along the x-, y-, and z-directions),
required additional processing. We also applied PCA to
reduce its dimensionality, as discussed above. Figure 2B
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Figure 2. Principal component analysis (PCA) reveals dominant structural features and efficient dimensionality reduction in the structure and force
data. (A) Cumulative explained variance ratio vs. structure component number. PCO accounts for 80.5% of the total variance, with PC1 adding 12.2%,
PC2 adding 4.9%, and the first three PCs collectively explaining 97.62%, exceeding the 95% threshold. (B) Cumulative explained variance ratio vs. force
component number. PCO accounts for 66.6% of the total variance, with PC1 adding 28.8%, exceeding the 95% threshold.

Abbreviation: PC: Principal component.

elucidates the cumulative explained variance ratio as a
function of component number. The first PC accounts for
66.6% of the total variance, demonstrating its dominant
role in capturing the datasets primary features. The
second PC contributes an additional 28.8%, bringing the
cumulative explained variance to surpass the often-used
95% threshold for dimensionality reduction. Figure S2
presents a heatmap of force PCA loadings, indicating that
each original force feature is well-represented in the PC
space, suggesting that the PCA effectively captures the
key variance in the dataset without substantial loss of
information from any feature.

After performing PCA on the structural data, we
normalized the target outputs to address the inherent scale
differences between energy and force values, such that:

(VID)

where Z is the normalized value, X is the original value,
U is the mean of the data, and G is the standard deviation of
the data. This normalization is crucial as energy and force
are measured in different units and exhibit distinct ranges
of magnitudes, which could potentially bias the model
training. By normalizing these quantities, we ensure that
both energy and force components contribute equally to the
loss function during model training, preventing the larger-
scale variable from dominating the optimization process.
This standardized representation of target variables helps
maintain balanced gradients during training and enables
the model to learn the relationships between structural
features and both energy and force predictions with
equal emphasis. The normalization process preserves the
underlying data patterns while adjusting the scale, and the
numerical ranges are standardized to comparable scales
(Figure 3). This consistency in patterns before and after
normalization confirms that our preprocessing approach

effectively standardizes the data without distorting its
inherent features.

Subsequently, we optimized the training process by
leveraging graphical processing units (GPUs), which allowed
for significantly faster computation and more efficient
handling of complex tensor operations required by our ML
algorithms. We configured our computational framework
to dynamically allocate tasks across available GPUs,
maximizing resource utilization and reducing processing
times. The dataset is split into 60% for training, 20% for
validation, and 20% for testing to ensure a comprehensive
evaluation of model performance. As displayed in Figure 4,
the distribution of samples across the PCs exhibits consistent
cross-shaped patterns across all three subsets. This similarity
in data distribution confirms that our splitting strategy has
effectively maintained the representativeness of the original
dataset in each subset. The validation set allows us to monitor
model performance during training and prevent overfitting,
while the test set provides an unbiased evaluation of the final
model performance.

2.4. KAN model

The KAN model was configured with a network width of
[3,4, 3] and utilized a grid size of 8 across three dimensions
(k = 3).” To enhance the training process, we employed
the Adam optimizer, a stochastic gradient descent method
known for its ability to compute adaptive learning rates for
each parameter.*? This optimization method is particularly
effective in managing sparse gradients and dynamically
adjusting the learning rate, which significantly improves
the speed of convergence and the overall performance of
the model.

By adopting the Adam optimizer, we ensured that
our model efficiently navigated through the complex loss
landscape, which led to faster convergence and improved
predictive accuracy. In addition, we implemented L2
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Figure 3. Distribution patterns before and after normalization. (A) Original energy values of the dataset samples; (B) normalized energy values displaying
preserved distribution pattern; (C) original force features in the PC1-PC2 space; and (D) normalized force features demonstrating maintained relative
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Figure 4. Scattering plots of (A) training dataset, (B) validation dataset, and (C) test dataset, demonstrating consistent cross-shaped patterns across all

three subsets.

regularization (A = 0.02)* and entropy regularization
(A_entropy = 4.0)* to enhance the model’s ability to
generalize. This is crucial for preventing overfitting and
maintaining robust performance on new, unseen data.

2.5. CalHousNet feedforward neural network model
(CalHousNet)

We implemented CalHousNet, a fully connected
feedforward neural network using the PyTorch framework.*

The model employs a sequential architecture comprising
three distinct layers designed for regression analysis. The
input layer accepts three features, corresponding to the
reduced-dimensionality data obtained through PCA of
atomic structures. These inputs are processed through
a hidden layer containing three nodes, where each node
implements a linear transformation followed by a ReLU
activation function.*” This activation introduces essential
non-linearity into the model, enabling the capture
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of complex relationships between input features and
target outputs. The output layer consists of a single node
performing a final linear transformation, specifically
configured for continuous value prediction in regression
tasks.

The training process employs the Adam optimizer with
a learning rate of 0.001.* This optimizer was selected for
its ability to dynamically adjust learning rates for each
parameter based on first- and second-moment estimates
of the gradients, enhancing both convergence speed and
model performance. The training procedure processes data
in batches to optimize memory usage and computational
efficiency, leveraging stochastic gradient descent for
gradient computation. This batch processing approach,
combined with multiple training epochs, allows the model
to progressively refine its predictions through repeated
iterations over the complete dataset.

2.6. Graph neural network model

We developed a GNN model specifically designed to
handle the structural complexities of Ru crystals. The
model presents atomic structures as graphs, where each
node corresponds to an atom and incorporates both
static and dynamic properties. The node feature vector
combines the constant atomic number (Z = 44 for Ru) with
the components of the force vector acting on each atom
(FF, yF,-z)- Thus, each node incorporated both elemental
and dynamic properties and is represented as:

x,= [ZF,,F F ] (VII)

The edge structure of the graph is determined by a
predefined connectivity matrix characteristic of Ru crystal
structures. Each edge carries geometric information,
specifically the Euclidean distance between connected
atoms, calculated from their respective position vectors.
This distance-based edge attribution ensures that spatial
relationships between atoms are explicitly encoded in the
graph structure, allowing the model to learn from both
local atomic environments and their spatial arrangements:

d=|lr—r|| (IX)

where 7, and r, are the position vectors of atoms i and j,
respectively. The neural network architecture implements
a hierarchical processing scheme through multiple graph
convolutional layers. The initial layer transforms the
four-dimensional input features into a 64-dimensional
latent space, initiating the abstract representation of the
atomic environment. The network progressively expands
this representation through subsequent layers, first
to 128 dimensions and then to 256 dimensions. Each
convolutional operation is followed by a ReLU activation

function,® introducing non-linearity and sparsity into the
representation, thereby focusing the model’s attention on
the most significant features of the atomic structure.

The feature aggregation process culminates in a global
max pooling operation that consolidates information across
the entire graph structure. This pooled representation
then passes through a series of fully connected layers,
systematically reducing the dimensionality from 256
to 128, and finally to the output value representing the
predicted energy and force of the crystal structure.

The model optimization utilizes the Adam optimizer
with an initial learning rate of 0.001, carefully chosen to
balance training efficiency with optimization stability.
This configuration allows for effective convergence while
mitigating the risk of overshooting the optimal parameters
during training. The gradient-based optimization process
enables the model to learn the complex relationships
between atomic structure and crystal energy while
maintaining numerical stability throughout the training
procedure.

2.7. Accurate neural network engine for molecular
energies model

We implemented a standard ANI model following the
original framework specifications.* The model utilizes an
atomic environment vector (AEV) computed with radial
and angular cutoffs of 5.2 and 3.5 A, respectively.” The
radial basis functions employ EtaR parameters of 16.0, 8.0,
4.0, and 2.0, with corresponding ShfR values 0f 0.0, 0.9, 1.8,
and 2.7. The angular component uses EtaA values of 8.0,
4.0, and 2.0, a zeta parameter of 32.0, and both ShfA and
ShfZ values set to 0.0, 0.9, and 1.8.

The neural network architecture consists of three
primary blocks processing the AEV inputs. The first block
transforms the input to 128 dimensions using a linear layer
with SELU activation,* followed by layer normalization and
0.1 dropout. The second block maintains this dimension
with identical transformation and regularization schemes.
The third block halves the dimensionality while retaining
SELU activation and layer normalization. The network
concludes with a linear transformation to three output
dimensions.

We also employed a batch size of 16 across 70
epochs of training, with an initial learning rate of 0.001
managed by the Adam optimizer. The learning rate
was dynamically adjusted using a ReduceLROnPlateau
scheduling mechanism, which reduced the rate by a factor
of 0.5 when validation performance plateaued for five
consecutive epochs.* Training stability was maintained
through gradient clipping with a maximum norm of 1.0,

Volume 2 Issue 1 (2025)

28

doi: 10.36922/ijjamd.8291


https://dx.doi.org/10.36922/ijamd.8291

International Journal of Al for
Materials and Design

ML molecular modeling of Ru: A KAN approach

while model selection was guided by an early stopping
mechanism monitoring validation loss.

2.8. Continuous-filter convolutional neural network
model

We implemented the SchNet model, a specialized deep-
learning architecture designed for molecular systems.”
The model consists of an embedding layer followed
by multiple interaction blocks and separate prediction
heads for energy and forces. The input features are
first normalized through a batch normalization layer,
then transformed into a 128-dimensional hidden
representation through a linear embedding layer with
subsequent batch normalization. The model comprises
three SchNet interaction blocks containing a filter
network and two dense layers. The filter network processes
distance-based features through linear transformations
and ReLU activations, while the dense layers maintain the
hidden dimension of 128 channels. Each interaction block
employs layer normalization and the SiLU activation
function to introduce non-linearity and ensure stable
training.® The model implements two parallel output
pathways: one for energy prediction and another for forces.
Both pathways share a similar architecture, starting with
a 128-dimensional representation that is progressively
reduced through multiple layers. Each pathway includes
two batch normalization layers, ReLU activations, and
a dropout rate of 0.1 for regularization.*” The energy
pathway concludes with a single output unit, while the
forces pathway produces a two-dimensional output.

The training process employs a sophisticated
optimization strategy with hierarchical learning rates
implemented through the AdamW optimizer. The
embedding layer uses a learning rate of 107; interaction
blocks operate at 2 x 107 and both output pathways
utilize 5 x 10°. A weight decay of 10 is applied across all
parameters. Thelearning rate schedule combinesa warm-up
period lasting 20% of the total training steps with cosine
decay thereafter. The model is trained for 100 epochs with
a batch size of 2048 and employs gradient accumulation
over 24 steps to stabilize training. A progressive loss
weighting scheme is implemented, where force prediction
training begins after 50 epochs and gradually increases in
importance. The energy weight starts at 1.0 and decreases
to 0.75, while the force weight increases from 0.0 to 0.5
over 50 epochs. Training stability is maintained through
gradient clipping with a maximum norm of 0.01.

2.9. Model evaluation

The evaluation of model performance is conducted
through a comprehensive loss function framework
implemented across training, validation, and test datasets.

Specifically, we employed mean absolute error (MAE) and
mean squared error (MSE), defined as:

1< ~
MAE:EZlyi_yil X)
i=1
1< ~
MSE=—-3(, =) (XI)
i=1

where N is the number of data points, y, represents the
true values (actual labels), and y, represents the measured
values, including both energies and forces. This tripartite
evaluation strategy serves distinct purposes: the training
loss guides the optimization process, the validation loss
enables model selection and hyperparameter tuning, and
the test loss provides an unbiased estimate of model
generalization. This systematic computation of loss metrics
across training, validation, and test datasets provides a
robust mechanism for detecting potential overfitting
phenomena, characterized by divergence between these
performance metrics. This comprehensive monitoring
strategy ensures that the model develops representations
that generalize effectively to unseen data rather than
merely memorizing training examples.

3. Results and discussion
3.1. Model evaluation

3.1.1. Model comparison

As presented in Table 1, KAN demonstrated exceptional
performance and practical advantages. KAN achieved
impressive accuracy with MAE values of 0.36, 0.30, and

Table 1. Performance metrics comparison of KAN against
other typical ML models (SchNet, ANI, GNN, and
CalHousNet) for MAE and MSE across training, validation,
and test sets

Model Evaluation Training Validation Test sets
sets sets

KAN MAE 0.36 0.30 0.31
MSE 0.79 0.50 0.49

SchNet MAE 0.46 0.38 0.41
MSE 0.88 0.55 0.59

ANI MAE 0.79 0.77 0.79
MSE 1.01 0.93 0.97

GNN MAE 0.15 0.13 0.22
MSE 0.11 0.04 0.50

CalHousNet MAE 0.34 0.27 0.29
MSE 0.76 0.34 0.51

Abbreviations: KAN: Kolmogorov-Arnold Network; ML: Machine
learning; MAE: Mean absolute error; MSE: Mean squared error.
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0.31 across training, validation, and test sets, respectively,
alongside stable MSE metrics (0.79, 0.50, and 0.49). While
the GNN demonstrated marginally superior numerical
performance (MAE: 0.15, 0.13, and 0.22), it demands
substantially more complex data preprocessing and feature
engineering, significantly limiting its practical applicability.
In contrast, KAN’s straightforward implementation and
minimal preprocessing requirements make it particularly
valuable for real-world applications where computational
efficiency and ease of deployment are crucial.

As featured in Figures $3-S7, the training dynamics of
KAN display remarkable learning efficiency and stability.
During the initial 30 epochs, KAN exhibits rapid learning
characterized by a sharp decline in MAE, indicating swift
comprehension of the underlying data patterns. The
learning curve demonstrates consistent convergence, with
both training and validation errors stabilizing after 50
epochs, suggesting robust generalization capabilities. This
stability in later epochs, coupled with the close alignment
between training and validation performance, indicates
that KAN effectively avoids overfitting while maintaining
strong predictive power.

Other benchmarked models displayed less competitive
performance-to-complexity ratios. SchNet demonstrated
moderate but inferior accuracy (MAE: 0.46, 0.38, and
0.41) while requiring specialized graph-based data
structures. ANI exhibited the highest error metrics
(MAE consistently around 0.79), suggesting limitations
in its feature extraction capabilities. CalHousNet’s
performance (MAE: 0.34, 0.27, and 0.29) approached
KAN'’s accuracy but lacked its efficient training dynamics
and straightforward implementation. The consistent
performance of KAN across diverse datasets, combined
with its minimal preprocessing requirements and stable
training behavior, establishes it as the most practical
and efficient choice for large-scale molecular property
prediction tasks.

In contrast, KAN provides a balanced approach,
achieving good performance with less complex data
preparation and lower computational demands, as
demonstrated in Figure S8. Leveraging the principles of
the Kolmogorov-Arnold representation theorem, KAN
captures complex non-linear relationships efficiently,
without the need for extensive preprocessing or high
computational overhead. This efficient utilization of
resources combined with robust predictive capabilities
grants KAN a significant advantage in computational
materials science, making it a preferred choice for
researchers seeking to balance performance with practical
operational demands. By leveraging KAN’s predictive
accuracy and using molecular statics, we compute

properties such as elastic constants, thermal expansion
coefficients, Poisson’s ratio, bulk modulus, shear modulus,
and Young’s modulus, each essential for understanding the
material’s mechanical behavior.

To facilitate direct comparison in their natural units,
we performed denormalization of the model predictions
on the test dataset. Figure 5 presents the distribution of
prediction errors in their original units, with energy errors
presented in Ry (Figure 5A) and force errors in Ry/au
(Figure 5B). After denormalization, the box plots reveal
that KAN maintains excellent prediction accuracy with
median energy errors around 0.1 Ry, while most predictions
fall within a narrow range of 0.05 - 0.2 Ry, demonstrating
robust performance. For force predictions, the median
error is approximately 0.0003 Ry/au, with most predictions
showing errors between 0.0001 - 0.0005 Ry/au. The
presence of a few outliers (i.e., points above the whiskers)
in both plots indicates occasional challenging cases, but
these represent a small fraction of the predictions. This
analysis in physical units further validates KAN’s strong
predictive capabilities, as it maintains high accuracy even
when evaluated in the original, unnormalized scale of
calculations.

3.1.2. Mechanical properties measurement

Various mechanical properties were measured, as follows:
(i) Elastic constants calculation: Elastic constants,
including C,,, C,, C,,, and C,, were derived by
applying the relevant strains to the crystal structure
and measuring the resultant stress tensors with KAN.

The strain tensor € is applied to the structure’s lattice:
R=R(I+0 (X10)

where R is the original lattice matrix, and [ is the
identity matrix. The relationship between stress (o) and
strain (€) tensors is defined as:

o=Cc (XTIT)

The stress (o) and strain (€) data were linearly regressed
to determine the material constants (C) from the slope of
the stress-strain relationship.

(ii) Thermal expansion coefficient: The thermal expansion
coeflicient was determined by simulating temperature-
induced lattice expansions. The expansion was
modeled by scaling lattice vectors according to a
temperature-dependent factor (a), and the resulting
volumetric changes were used to compute « by fitting
these changes over a range of temperatures. The lattice
vectors are scaled based on a temperature-dependent
expansion factor (a):

R =R(1 + aAT) (XIV)
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Figure 5. Performance evaluation of KAN through denormalized energy and force predictions on test dataset: box plot distribution of (A) energy errors
(Ry) and (B) force errors (Ry/au), demonstrating high predictive accuracy in physical units.

Abbreviation: KAN: Kolmogorov-Arnold Network.

The change in volume (V) is computed for different
temperatures and the thermal expansion coeflicient () is

determined by fitting the volume change:
o= LA_V (XV)
V, AT

where V| is the initial volume.

(ii) Poisson’s ratio: This ratio was calculated by applying
uniaxial stress and using KAN to predict the resultant
strain tensors. Stress (o) is applied in one direction,
and the resulting strain tensor (e€) is measured by
KAN. Poisson’s ratio (v) is calculated as the negative
ratio of transverse strain to longitudinal strain:

v=-% (XVI)

(iii) Bulk modulus: By applying hydrostatic pressure and
predicting the volumetric changes with KAN, the bulk
modulus (K) was calculated from the relationship
between pressure and volume change:

dpP

K=-V, v (XVII)

(iv) Shear modulus: Similarly, the shear modulus (G) was
determined by applying shear stress and predicting
the corresponding shear strain, with G calculated
from the linear relationship between these two
measurements.

(XVIID)

(v) Young’s modulus: Young’s modulus (E) was computed
by applying uniaxial stress, predicting the resultant
longitudinal strain with KAN, and calculating E from
the stress-strain relationship:

E= (XIX)

o
€

Table 2 highlights the precision of KAN’s predictions.
Notably, the computed values for properties such as the
elastic constants (C,,, C,,, C,,,and C,,) demonstrate minimal
deviations from established reference data,’ demonstrating
the model’s high accuracy. For example, C,, was measured
at 5.737 GPa against a reference of 5.763 GPa, and C,, at
1.956 GPa against 1.84 GPa. In addition, the thermal
expansion coefficient, Poisson’s ratio, bulk modulus, shear
modulus, and Young’s modulus all closely align with their
respective reference values, with discrepancies within 6%.
These results underscore the robustness and reliability of
KAN in accurately predicting and understanding material
properties, thereby providing a comprehensive tool for
materials science research and development.

3.2. MD simulations

To ensure the consistency and reliability of the predictions
made by KAN, it is crucial to set the model to evaluation
mode during the inference phase. This adjustment is
necessary to stabilize the output by deactivating any layers
that introduce stochastic behavior, such as Dropout and
BatchNorm2d layers. By disabling these layers, we ensure
that the model’s predictions are stable and reproducible,
free from the variability that these layers might otherwise
introduce during training. For input data, KAN processes
the interatomic distances as a tensor that spans from 1 to
10 A. This range is intentionally broad to capture a variety
of atomic interactions, from extremely close to relatively
distant separations, thus providing a detailed dataset for
modeling potential energy landscapes. To align with the
model’s architecture, the distance tensor is expanded to
match the required input dimensionality of the KAN.

As displayed in Figure 6A, our calculations yield an
equilibrium distance r, of 2.89 A for Ru atoms. This result
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Figure 6. Interatomic potential energy and force curves for Ru atoms. (A) Potential energy curve showing the equilibrium distance, r, ~ 2.89 A, at
the turning point of the curve. (B) Corresponding force curve derived from the gradient of the potential energy, which crosses zero at r;. Both curves
demonstrate strong repulsion at short distances (left of r, ) and weaker attraction at longer distances (right of r,).

Table 2. Comparison of the material properties directly
calculated from the KAN model

Property KAN (%)  Reference®
c, 5.726 (0.6) 5.763
c, 1.995 (5.8) 1.872
c, 1.667 (0.3) 1.673
c, 1.966 (6.0) 1.84
Thermal expansion coefficient (10° K') 6.44 (0.6) 6.4
Poisson’s ratio 0.28 (6.0) 0.3
Bulk modulus (GPa) 217 (1.3) 220
Shear modulus (GPa) 167 (3.4) 173
Young’s modulus (GPa) 435 (2.7) 447

Note: The KAN values agree with the reference values (Ref), where
parentheses indicate the deviation as a percentage difference from the
reference data.’!

Abbreviation: KAN: Kolmogorov-Arnold Network.

closely aligns with the theoretically predicted nearest-
neighbor distance of 2.71 A in the hcp structure of Ru,
differing by only about 6.6%.? This small discrepancy may
be attributed to various factors, including the specifics of
our computational model, potential stress or defects in real
materials, and temperature effects.

The calculation of forces between atoms is another
critical component of the model’s functionality. Forces are
derived by computing the gradient of the potential energy
with respect to distance, as defined by the equation:

F=-VE (XX)

where E represents the potential energy and F represents
the forces acting between atoms. This calculation is
performed by defining a function that outputs the energy
for given distances and using automatic differentiation to

compute the Jacobian matrix of these outputs. The Jacobian
matrix provides the necessary gradients, and the net forces
are then calculated by summing these derivatives across all
relevant distances.

Figure 6B displays the corresponding force curve, which
crosses zero at r,, confirming the equilibrium position
identified in the potential energy plot. To the left of r, (at
shorter distances), a steep increase in potential energy is
observed, corresponding to a strong repulsive force. This
reflects the Coulomb repulsion between atomic nuclei at
close proximity. To the right of r, (at longer distances),
the potential energy rises more gradually, with the force
becoming negative, indicating a weaker attractive force
likely due to electron cloud overlap. These observations
validate the consistency of our calculations with known
material properties.

This meticulous computation of the Jacobian ensures
that the forces derived from the model are accurate
reflections of the underlying potential energy predictions.
The final step in the workflow involves formatting the
computed forces and energies into a LAMMPS potential
file. This file, which includes potential energy values
for a spectrum of interatomic distances, is compatible
with LAMMPS, a widely used MD simulation software.
By generating this file, we enable the integration of our
model’s outputs into broader MD simulations, facilitating
detailed and practical analyses of material behaviors under
various conditions.

3.2.1. Elastic constant

We used LAMMPS software to calculate the elastic
constants using the interatomic potential generated by the
KAN model. Elastic constants, suchas C |, C,,, C,,and C,,,
are important for describing the mechanical response of
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materials to various types of deformation and are integral
for analyzing mechanical properties. We optimized the
Ru crystal structure to its minimum energy configuration
using the potential derived from the KAN model. We
then subjected the structure to specific strain conditions
- uniaxial, biaxial, and shear - to calculate the stress
responses within Ru and the respective elastic constants.
For a comparative analysis, we applied identical strain
conditions using a well-established potential model known
as the Finnis-Sinclair-type interatomic potential (FS
potential).” This method is commonly used for simulating
metallic systems and serves as a benchmark to validate the
predictions made by the KAN interatomic potential.

Our results revealed that the elastic constants C,
C, C, and C ,, measured by our MD simulations with
the KAN potential exhibited remarkable alignment
with reference experimental values, displaying minimal
deviations (Table 3). Our model’s predictions were also

comparable to those of the FS potential.

3.2.2. Thermodynamic properties

To validate the ability of the interatomic potential
generated by KAN to predict thermodynamic properties,
we conducted a detailed MD simulation using LAMMPS.
The primary objective was to determine the melting point
of Ru, leveraging the potentials derived from KAN. The
MD simulation was initiated with Ru in its hcp lattice
structure with fully periodic boundary conditions. The
simulation utilized hybrid/overlay pair styles combining
Lennard-Jones (L]) and table potentials. This combination
ensured a smooth transition to zero at larger distances,
since the table potential only described atomic interactions
in the range of 0.01 - 5 A, and the LJ potential was
incorporated to account for interactions beyond this range.
The L] parameters were carefully chosen to complement
the table potential, ensuring continuous and physically
meaningful interactions across all relevant distances. This
hybrid approach allowed for precise modeling of short-
range interactions using the detailed table potential, while
also capturing the essential features of longer-range forces
through the LJ potential, resulting in a more complete
description of the system’s behavior.

Ru atoms were assigned their appropriate masses,
and the system was configured according to defined
lattice parameters. An initial step of energy minimization
brought the system to its minimum energy configuration,
setting a stable baseline for subsequent dynamic processes.
Following stabilization, the system was subjected to a
controlled heating process under an NPT ensemble,
allowing both temperature and volume to adjust naturally,
mirroring real-world thermodynamic conditions. The

temperature was incrementally increased from 300 K
to over 4000 K. Throughout this process, we closely
monitored the system’s thermodynamic properties, such as
potential energy and volume.

To obtain accurate relationships between the different
phases, we performed common neighbor analysis® and
calculated the radial distribution function (RDF)** on
the lattice structure at varying temperatures during the
simulation. As depicted in Figure 7, the simulation revealed
a phase transition in Ru from its initial hcp structure to a
face-centered cubic (fcc) configuration at approximately

Table 3. The elastic constants calculated from the different
interatomic potentials in LAMMPS

Elastic constant (Mbar)  Table potential  FS potential® Ref®
Cu 5.740 5.720 5.763
Ciz 1.866 1.831 1.872
Cis 1.669 1.668 1.673
Cu 1.856 1.817 1.84

Note: The values display good agreement with the: °FS potential*? and
“reference values.’!

Abbreviations: LAMMPS: Large-scale Atomic/Molecular Massively
Parallel Simulator; FS: Finnis-Sinclair.
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Figure 7. Phase transitions and potential energy evolution of Ru as
a function of temperature. (A) Key phase changes (A) from hcp to fcc
Ru at ~1882 K, followed by melting at ~2416 K; insets depict the atomic
configurations for hep, fcc, and liquid Ru. (B-D) The time-averaged radial
distribution functions (RDF) for thehcp, fcc,andliquid phases, respectively.
The well-defined RDF peaks in the (B) hcp and (C) fcc phases indicate
short- and medium-range atomic order typical of crystalline structures,
while the broadened peaks in (D) the liquid phase signify the loss of long-
range order. Shaded regions around the RDF curves represent error bars,
capturing statistical variability in atomic positions as the temperature rises.
Abbreviations: hcp: Hexagonal close-packed; fcc: Face-centered cubic.
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1882 K; the proportion of the hcp phase also decreases
from 100% initially to 0%. As displayed in Figure 7B,
before 1882 K, Ru exhibits an hcp crystal structure.

The first significant peak appears at about 2.70 A,
representing the distance between the nearest neighboring
atoms. The second and third peaks correspond to the
distances of the second and third nearest neighbor atoms,
respectively, between 4.3 — 4.4 and 5.1 - 5.4 A. These peaks
reflect the short- and medium-range orders of the hcp
crystal, and the characteristic peaks are clear and relatively
sharp. As observed in Figure 7C, around 1882 K, when the
temperature rises, the crystal structure of hcp becomes
unstable and gradually transforms, which is manifested by
the obvious shift of the peak position of the characteristic
peak in RDE. The second and third peaks gradually become
wider and begin to shift, which makes the characteristic
peaks relatively more symmetrical and regular, reflecting
the high symmetry of atomic stacking in the fcc structure.
This indicates that the regularity of atomic arrangement
has changed during the transformation of hcp to fcc. This
phase transition is consistent with the known behavior of
Ru under heating and aligns with results from previous
studies.”

Further heating led to a significant increase in potential
energy at around 2416 K, which we identified as the
melting point, marking the transition from the fcc solid
phase to the liquid phase. As displayed in Figure 7D, the
characteristic peaks in the RDF become broader and
smoother, reflecting that the long-range order of the
crystal structure completely disappears. There is only
the first short-range order peak in the RDEF while the
subsequent peaks gradually disappear, which is different
from the crystal structure of the solid. The melting point
observed during the simulation is strikingly close to the
experimentally known true melting point of Ru, affirming
the potential’s accuracy.” The energy continued to rise
beyond this temperature, consistent with the behavior of
melting materials. Although a slight deviation is observed,
this can be attributed to inherent limitations of the
simulation model, such as quantum effects,” long-range
electrostatic interactions,® and thermal and statistical
fluctuations,” rather than a deficiency in KAN’s potential.

4, Conclusion

This study demonstrates the efficacy of the KAN model in
predicting the mechanical and thermodynamic properties
of Ru with high accuracy and computational efficiency.
The KAN model not only achieves comparable accuracy
to prior literature but also offers significant advantages
in terms of reduced computational requirements and
descriptor complexity. Compared to traditional neural

networks and GNN, our KAN-based model demonstrated
superior performance in terms of learning speed, accuracy,
and computational efficiency. While GNNs reported
comparable accuracy, they required more complex data
preparation and higher computational resources. KAN’s
ability to capture complex non-linear relationships
efficiently, without extensive preprocessing or high
computational overhead, makes it particularly suitable for
computational materials science applications, particularly
in the exploration of RSAs. Our model’s predictions of
elastic constants, thermal expansion coefficient, Poisson’s
ratio, bulk modulus, shear modulus, and Young’s modulus
displayed excellent agreement with experimental
reference data, with discrepancies within 6%. This high
level of accuracy validates the reliability of our KAN-
based approach. Furthermore, the integration of KAN
models with MD simulations accurately captured Ru’s
phase transitions, including the transition from hcp to fcc
structure and melting point.

However, it is important to acknowledge the limitations
of our approach. The slight deviation observed in the
melting point prediction, while small, highlights the
inherent challenges in accurately modeling complex
material behaviors. This deviation may be attributed to
several factors, including quantum effects not accounted
for in classical MD simulations, incomplete representation
of long-range electrostatic interactions, and thermal
and statistical fluctuations inherent in MD simulations.
In addition, while our model performs well for Ru, its
applicability to a wider range of elements and compounds
warrants further investigation. The model’s accuracy may
vary for materials with significantly different electronic
structures or bonding characteristics. Although more
efficient than some alternatives, the KAN approach
still requires substantial computational resources for
training and large-scale simulations, which may limit its
applicability in certain research settings.

Despite these limitations, the success of KAN in
characterizing Ru properties has significant implications
for the broader field of computational materials science. By
providing a method that balances high-fidelity predictions
with practical computational demands, this approach
could accelerate the discovery and design of novel RSAs
and other advanced materials. KAN’s ability to generate
accurate interatomic potentials for MD simulations
further enhances its utility in predicting complex material
behaviors under various conditions. Looking ahead, the
KAN framework demonstrates promise for extension
to other elements and more complex alloy systems. For
transferring this model to other materials, the approach
differs depending on the system’s complexity. For single
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elements, we can leverage the existing successful KAN
structure that was developed for Ru. This transfer simply
requires inputting different DFT-calculated datasets for the
new targetelement while maintaining the samearchitectural
framework. However, when considering binary or higher-
order materials systems, the KAN structure needs to be
appropriately adjusted to accommodate more complex
crystal structures and atomic interactions. This may
involve modifying the input layer and potentially adjusting
the network’s depth or width to capture the additional
complexity of multi-element systems. In addition,
integrating KAN with high-throughput screening methods
could further expedite the materials discovery process.
Efforts to incorporate quantum mechanical effects and
improve the handling of long-range interactions could
enhance the model’s accuracy, especially for extreme
conditions and diverse material types. This research not
only advances our understanding of Ru but also provides a
valuable tool for the broader materials science community.
The successful implementation of KAN in predicting
Ru properties represents a significant advancement in
materials informatics, establishing a more efficient and
accurate pathway for material property prediction that
could revolutionize the discovery and design of complex
systems like HEAs and refractory superalloys while setting
a new standard for ML applications in materials research.
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Abstract

In Singapore’s hot and humid climate, air-conditioning and mechanical ventilation
(ACMV) systems account for over 60% of commercial building energy consumption,
driving efforts to enhance energy efficiency through predictive control strategies
such as model predictive control (MPC) to overcome the limitations of conventional
reactive building automation systems. This paper presents a multizone MPC system
designed to optimize energy consumption and thermal comfort in a commercial
building’s ACMV system in Singapore. The system was implemented in a multi-use
test building with real occupancy and a deployment area of approximately 850 m?,
partitioned into six learning zones, two office spaces, and three open spaces. The
ACMV system serving the deployment area consisted of two primary air-handling
units and 16 fan coil units, where chilled water was supplied to the cooling coils,
and conditioned air was distributed through motorized diffusers. To facilitate
predictive control, data-driven thermal prediction models were developed for
each zone using a non-linear autoregressive exogenous network with exogenous
inputs trained on historical data and disturbances. Thermal comfort optimization
was guided by the predictive mean vote, which was targeted at 0, representing
thermal neutrality (as per ASHRAE 55 standards), and constrained within a
range of —0.5 — 0.5. Performance comparisons demonstrated that the MPC
system achieved over 42% energy savings compared to the original thermostat-
based control while enhancing thermal comfort. Despite its advantageous
control performances, challenges for large-scale deployment remain, including
implementation costs, scalability, and model accuracy. Future work can address
these challenges by developing comfort models that leverage existing building
sensors.

Keywords: Model predictive control; Coordinated multisystem control; Energy saving;
Thermal comfort; Visual comfort; High-performance building
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1. Introduction

In Singapore, owing to its hot and humid climate
throughout the year, commercial buildings typically
spend more than 60% of their electricity consumption on
air conditioning, mechanical, and ventilation (ACMV)
systems.! On March 31, 2020, Singapore submitted its
Long-Term Low Emissions Development Strategy to
the United Nations Framework Convention on Climate
Change, pledging to halve its emissions from their peak to
33 MTCO,e and to achieve net-zero emissions by 2050.% At
present, the Building Construction Authority (BCA) has
reported that high-performance buildings in Singapore
have achieved more than 65% improvement in energy
efficiency compared to 2005 levels. The BCA further aims
to raise the energy efficiency improvement of Singapore’s
buildings to 80% relative to 2005 levels by 2030 through its
Green Building Innovation Cluster program.’

The conventional approach in current building
automation and control systems is predominantly
“reactive,” generating control signals based on deviations
of previously measured information from a control
setpoint (thermostat-based). Consequently, due to the
different thermal characteristics of buildings and the
non-linear operation of their ACMV systems, reactive
control strategies are unable to achieve optimal efficiency
and occupant comfort. These strategies only respond to
transient disturbances — changes in occupancy, internal
heat load profiles, and external weather conditions - as
well as to building dynamics after the disturbances occur.
This limitation highlights the necessity for predictive
control strategies that can anticipate and mitigate such
disturbances before they adversely impact building
performance.

Studies on predictive control solutions for optimizing
ACMV operation in recent decades can broadly be
categorized based on model architecture into (i) model
predictive control (MPC) and (ii) reinforced learning
(RL).* MPC uses prediction models to forecast future
system behavior and proactively adjust control actions,
making it particularly well-suited for complex systems
with non-linear dynamics. Within the MPC framework,
three primary techniques are used to develop prediction
models: physics-based (white box), data-driven (black
box), and hybrid (gray box) methods.” Physics-based
models rely on fundamental principles such as mass
and energy conservation and can be implemented using
software tools such as EnergyPlus, TRNSYS,” eQuest,*
and Modelica.” However, these models require significant
expertise, resulting in higher implementation costs,
particularly in complex real-world buildings. In contrast,
data-driven models apply regression techniques to large

datasets from real buildings or simulations, necessitating
extensive data collection. Hybrid models combine elements
of both approaches, estimating certain physical parameters
through data-driven methods.

Data-driven MPC strategies have demonstrated
considerable promise in achieving both optimal thermal
comfort and high energy efficiency. Over the years,
researchers such as Yang et al.,'° Yang and Wan!' have
enhanced MPC by simplifying building models through
linearization techniques. Siroky et al."’ reported energy
savings of 15 - 30% in a university building by integrating
MPC with weather forecasting capabilities, whereas
Ma et al® achieved a 19% efficiency improvement
using a hierarchical MPC system for a chiller plant. In
experimental studies, Pang et al.'* demonstrated that MPC
reduced chilled water consumption by 42% in a radiant
slab system compared to heuristic methods. Despite
these promising results, two primary obstacles hinder the
widespread adoption of MPC: the need for highly accurate
predictive models and the significant computational cost
associated with solving complex optimization problems
across multiple zones. To address these issues, Yang et al.”®
proposed a two-level distributed computation scheme that
optimizes thermal comfort and internal air quality across
multiple zones using MPC. In addition, an event-triggered
optimization mechanism has been shown to reduce the
computational load by 12-22% while achieving over 9%
energy savings,'® further highlighting MPC’s potential in
real-world applications.

Alongside MPC, recent advancements in machine
learning (ML) have introduced powerful tools for
predicting building energy performance. A review by Fathi
et al.” examined 14 ML methods relevant to this domain.
Among these, support vector machines (SVM) are
particularly effective for regression tasks involving non-
linear relationships, especially when using the radial basis
function kernel, which captures non-linear interactions
more effectively compared to sigmoid and polynomial
kernels."*"” Random forest (RF), an ensemble learning
method based on decision trees, is adept at managing non-
linear interactions and offers improved prediction stability,
albeit at the expense of increased computational time.?
In the realm of artificial neural networks (ANN), the
non-linear autoregressive network with exogenous inputs
(NARX) is well-suited for dynamic systems, leveraging
both historical and external inputs to forecast future
states.” In addition, long short-term memory (LSTM)
networks, a type of recurrent neural network known
for capturing long-term dependencies, are particularly
effective for modeling the time-series dynamics of building
energy consumption.”? Integrating these ML-based
forecasting methods with MPC can further enhance the
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predictive capabilities and overall performance of building
automation systems.

Despite the promise of MPC, challenges remain in
accurately modeling the complex thermal dynamics
of buildings, which are influenced by varying weather
conditions, occupancy patterns, and building envelope
characteristics. In addition, the computational burden
associated with optimization across multiple zones
presents further difficulties. To address these challenges,
model-free approaches based on RL (such as Q-learning
and deep reinforcement learning®) have been explored,
with several studies demonstrating notable energy savings.
For instance, Ding et al.*® reported approximately 14%
energy savings using deep RL with inputs from EnergyPlus
simulations. However, the present study focuses on MPC
due to its structured approach and its ability to directly
integrate system constraints into the optimization process.

In this paper, we present a multizone MPC framework
for the coordinated control of ACMV systems, aiming to
optimize both occupant comfort and energy efliciency. To
evaluate performance, we compare the energy consumption
and thermal comfort achieved using our coordinated
MPC approach with those obtained from a conventional
reactive control strategy employing proportional-integral-
derivative (PID) control. The key novelties of our MPC
system are as follows:

(i) Large-scale, multizone implementation: This study
demonstrates a real-world deployment of MPC in an
11-zone building (850 m?) with actual occupancy. This
contrasts with previous studies, which were limited
to smaller-scale implementations (e.g., two zones”),
simulated environments,?® or unoccupied buildings®

(ii) Integration of ML-based weather forecasting: By
incorporating ML-based weather forecasting into
the MPC framework, our system proactively adjusts
control actions in anticipation of weather changes.
This represents an advancement over previous studies,
which typically relied on existing or historical weather
data >

This work provides valuable insights into both
the challenges and benefits of implementing MPC in
complex, real-world settings, particularly within tropical
environments. Consequently, it contributes significantly to
the advancement of scalable solutions for building energy
management.

This paper is organized as follows:

e Section 1 (Introduction): Provides background,
motivation, and objectives of the study

e Section 2 (Testbed setup): Describes the heating,
ventilation, and air conditioning (HVAC) system and
sensor configuration of the testbed

e Section 3 (MPC controller for ACMV): Details the
design and implementation of the MPC controller for
the ACMYV system

e Section 4 (ML model development for MPC):
Outlines the development of the ML models used
for forecasting and their integration within the MPC
framework

e Section 5 (Results and discussion): Presents the
performance evaluation, key findings, and a comparative
analysis with conventional control strategies and
discusses the challenges encountered

e Section 6 (Conclusion): Summarizes the study’s
contributions, implications, and suggestions for future
research.

2. Testbed setup

For the testbed, a commercial building located in Jurong
East, Singapore, was selected. The building is served by a
central chiller plant consisting of two chillers, each with
a capacity of 438 refrigeration tons. The ACMV system in
the building operates from 7 AM to 7 PM on weekdays.
The experiments were conducted in an 850 m? multiuse
test space, partitioned into 11 zones, including two office
spaces (OS1 - 2), six learning zones (LZ1 - 6), and three
common areas (CAl - 3), as depicted in Figure 1. MPC
was implemented to coordinate and control the ACMV
systems, as illustrated in Figure 2. The test space includes
operable partition walls between LZ1 and LZ2, as well as
among LZ4, LZ5, and LZ6. These partitioning walls can be
adjusted so that two zones (LZ1 and LZ2) or up to three
zones (LZ4, LZ5, and LZ6) can be merged into a single
zone. The open/closed state of these walls is determined by
proximity sensors, which output “1” if the walls are closed
(i.e., zones remain separate, as in LZ1 and LZ2) or “0” if the
walls are open (zones merge into one larger room).

The schematic diagram of the ACMV system installed
in the test space is shown in Figure 2. The ACMV system
serving the test space consists of two primary air-handling
units (PAUs) for pre-conditioned fresh air supply and
16 fan coil units (FCUs) for cooling and dehumidification.
The cooling coils in the PAUs and FCUs are supplied with
chilled water from the building’s central chiller plant
(not shown in Figure 2). Since the MPC system of this
study controls only the airside equipment of the ACMV
system within the test space — a fraction of the entire
building - the net effect of MPC on the overall chiller plant
is not considered. Instead, cooling energy consumption,
measured by British thermal unit (BTU) meters (or energy
meters) installed at the cooling coils of the PAUs and FCUs,
is used to evaluate the cooling energy consumed by the
ACMYV system in the test space. Each PAU is equipped with
an on/off damper, a cooling coil, and a supply fan. The PAUs
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Figure 2. Sensors, actuators, and other hardware installed in the test space for model predictive control
Abbreviations: ACMV: Air conditioning and mechanical ventilation; AHU: Air handling unit; BMS: Building management system; BTU: British thermal
unit; FCU: Fan coil unit; IoT: Internet of Things; PAU: Primary air-handling unit; VSD: Variable speed drive.

operate at a constant off-coil temperature setpoint of 24°C
and a constant supply airflow rate of 2.2 m*/s. The 16 FCUs
provide terminal air conditioning to the test space, each
equipped with a cooling coil and a supply fan. The FCUs
draw in a mixture of fresh air from the PAUs and return
air from the test zones for cooling and dehumidification,
and then supply the conditioned air back to the test zones
through motorized air diffusers. Each FCU operates at
a constant supply fan speed, with chilled water flowing

through its cooling coil regulated by a motorized water
valve. The cooling energy consumed by each FCU is
determined by converting thermal energy measured using
BTU meters to electrical energy consumption. Similarly, the
electrical energy consumed by each FCU’s fan is measured
using an electrical power meter installed at the fan. The
total cooling energy consumed by the ACMV system is
calculated as the sum of cooling energy consumed by each
FCU and electrical energy consumed by their fans.
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When the test space is controlled by the existing building
management system (referred to as “BMS” in this study),
cooling power delivered to the test space is regulated by
controlling the chilled water flow rate through each FCU’s
cooling coil through a motorized water valve using a PID
controller. The control is based on a temperature setpoint of
21°C, measured by a thermostat located at the diffuser outlet.

Each zone is equipped with a set of sensors, including
globe temperature, ambient temperature, and humidity
sensors for measuring thermal comfort, as well as CO,
sensors for measuring occupancy within each zone. For
the evaluation of the predicted mean vote (PMV) as per
ASHRAE 55, ambient air velocity, metabolic rate, and
clothing insulation factor for each occupant were assumed
constant at 0.1 m/s, 1.2 met, and 0.5 CLO, respectively.
Duct air temperature, humidity, and flow sensors were
installed at both the supply and return sides of the PAUs
and FCUs to enable precise measurement of the cooling
capacity of supply air for each zone. In addition, duct CO,
sensors were installed on both the supply and return sides
of FCUs. By integrating data from the duct CO, and flow
sensors in the FCUs and PAUs with the indoor CO, sensors
in each zone, the occupancy of each zone was determined.

A weather station, equipped with outdoor temperature,
humidity, and solar radiation sensors, was installed on the
rooftop of the building. The specifications of these sensors,
installed in the test space, are summarized in Table 1.

3. MPC controller for ACMV

The MPC controller comprises an ML-based building
dynamics predictive model and an optimization solver.

Table 1. Specifications of the sensors installed in the test space

Location Sensors Range Accuracy
Outdoor  Air temperature —40 - 120°C +0.25°C

Relative humidity 0 - 100% +1.5%

Solar radiation 0-2000 W/m? +10 W/m?
Indoor Air temperature 0-50°C 0.2°C
roomspace  Giobe temperature 0 — 50°C 0.5°C

Relative humidity 0 -100% +1.7%

CO, 0-2000 ppm  +30 ppm
ACMV BTU meter 0-50 kW +1%
system Elec. power meter 0 - 5kW +0.5%

Duct air temperature 0 - 50°C +0.2°C

Duct RH 0-100% +1.5%

Duct airflow 0-16m/s +5% of the reading

Duct CO, 0-2000 ppm  £30 ppm

Abbreviations: ACMV: Air conditioning and mechanical ventilation;
BTU: British thermal unit; RH: Relative humidity.

The ML model for predicting indoor PMV is developed
using a NARX feedback neural network, a recurrent
neural network commonly used for time-series modeling.
A detailed description of the development of the ML
network for MPC is provided in Section 4. For the MPC
controller, the cooling power supplied by the FCU cooling
coil serves as the manipulated variable and is the control
signal to be optimized. The current cooling power is
measured as feedback using the BTU meter installed in
each FCU within the zone. The number of occupants,
representing the internal heat load, is measured using the
duct CO, and flow sensors at the FCU and PAU, along with
the indoor CO, sensors in each zone. Outdoor temperature
and solar radiation data are obtained from the rooftop
weather station. The solar heat gain from the windows
(Q,,,) is derived as a function of solar radiation, as shown
in Equation I. This equation accounts for heat gain from
both the shaded (by blinds) and unshaded regions of the
window. Here, SR represents the ratio of the area shaded
by blinds to the total window area, A, is the total window
area, E, _is the incident solar radiation, SHGC is the solar
heat gain coeflicient, and IAC is the indoor attenuation
coefficient for blinds, which are made of light translucent
fabric. The SHGC values of the windows used in the study
are obtained from the as-built drawings of the test building.
For a given window type and climate, SHGC is generally
considered a constant parameter* and is commonly
used in evaluating building energy performance.” As per
the ASHRAE Handbook, SHGC and IAC are assumed
constant, with values of 0.287 and 0.75 (for the shaded
region), respectively.”

SR * Awin * Einc (1 - SR) * Awin
" *SHGC*IAC ~*E, *SHGC

unshaded region

@

region shaded by blinds

The MPC framework for ACMV has two primary
objectives: (i) minimizing the cooling power (Q,,,) consumed
by the ACMYV system and (ii) maximizing thermal comfort
by maintaining the indoor PMV as close as possible to
thermal neutrality (i.e., PMV, ;= 0). Feedback from room
air temperature, humidity, and globe temperature sensors is
used to determine PMV.** The objective function for ACMV
is formulated as shown in Equation II:

w_.,*Q

cool cool, t+k|t

N
J = Minimize(
kz:;‘ corp

N

N
2 Wy * (PMV, g, =PMV,..)" +3 W, * (€, ,)") (I1)
k=0 k=0

This objective function is subject to the following
constraints, as expressed in Equations III-IV:
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Qcool,lb < Qcool < chol,ub
-0.5<PMV <05

(I10)
(Iv)

where Q, W, N, and € refer to the cooling power,
weighting factor, number of control intervals within one
prediction horizon, and slack variable, respectively. The
subscripts cool, t, k, ref, Ib, and ub refer to cooling, current
time, index of the time step, preferred PMV (i.e., PMV =0),
lower bound, and upper bound, respectively. The slack
variable (¢) is used for constraint relaxation. In addition,
the coefficient of performance (COP) of the cooling system
is assumed to be constant at 3.7 as per the specification
of the ACMYV system. The three terms on the right-hand
side of Equation II correspond to the cost functions related
to cooling energy consumption, thermal discomfort,
and constraint violation. The variables associated with
the multizone MPC are summarized in Table 2. A more
detailed explanation of Equations I-IV is provided in the
Appendix.

4. ML model development for MPC

ML model training plays a pivotal role in developing
predictive models for MPC. This section outlines the
approach used to select, train, and evaluate neural
network models for predicting PMV. This study frames
the prediction of PMV as a regression task, given the
continuous nature of this comfort index. An overview of
the model training process and its integration into the
MPC framework is presented in Figure 3.

Table 2. Summary of variables used in multizone MPC

Variable type  Variable type = Variables Description
in MPC in ML models
Manipulated Inputs Quont Cooling power
variable supplied by FCU
Measured Temperature Outdoor ambient
disturbances temperature
Solar heat Measured from solar
gain irradiance
Adjacent PMV of
PMV adjacent/connected
zones
Occupancy  Occupancy

measured from CO,
concentration in
return air

Mean radiant Mean radiant

temperature  temperature
State variable PMV Current indoor
PMV
Output variable Output PMV Indoor PMV

Abbreviations: FCU: Fan coil unit; ML: Machine learning; MPC: Model
predictive control; PMV: Predicted mean vote.

For this study, four ML algorithms - SVM, RE, NARX,
and LSTM - were selected for evaluation. Following
the testbed setup, historical operational data from the
building was collected over 2 months. This dataset was
then preprocessed and divided into training, validation,
and testing subsets. Each ML model underwent training,
prediction, and evaluation processes. The model
demonstrating the best prediction accuracy was selected
for the construction of the MPC system in this study. Below,
we elaborate on dataset creation, model evaluation criteria,
model selection (including hyperparameter tuning), and
the results of the training process.

4.1. Data collection and model evaluation
4.1.1. Dataset creation

The dataset used for model training was derived from
historical data collected from the baseline measurement
phase from August to October 2021 as part of the project’s test
plan. Given Singapore’s consistently low month-to-month
climatic variations throughout the year,* this three-month
baseline dataset, inclusive of outdoor conditions, can be
considered representative of the entire year. However, it is
important to acknowledge that the model should ideally
be trained on a dataset capturing a full range of weather
conditions and building operational characteristics. In
regions experiencing significant seasonal climate variations,
a more extensive dataset covering a longer period would be
necessary. Furthermore, certain model parameters - such
as the lag length for the NARX model or the input depth for
the LSTM model, defining the context window for learning
temporal patterns — may need adjustment to accommodate
these variations. Such adaptation could introduce challenges
related to computational costs, overfitting, and vanishing
gradients, which require careful consideration. Future
research will focus on validating the model’s performance
across diverse climatic zones and exploring strategies to
enhance its generalizability.

In the current study, the input variables include cooling
power, outdoor temperature, solar irradiance, occupancy,
mean radiant temperature, and the current indoor PMYV,
whereas the output is future indoor PMV prediction.
A summary of the collected data is provided in Table 2.

4.1.2. Handling historical data

The dataset comprises 15,606 time steps, recorded at 6-min
intervals. Data preprocessing included dimensionality
reduction and Z-score normalization to minimize scale
effects and improve computational efficiency. The data
were partitioned into training (70%), validation (15%), and
testing (15%) subsets to facilitate model development and
evaluation. The Z-score standardization formula® used is
shown in Equation V:
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Abbreviations: ML: Machine learning; MPC: Model predictive control.
P x V) the hyperparameters employed and their respective
i s optimization techniques.

Table 4 compares the performance of non-ANN

where z, is the Z-score for the i* data point, x, is the i"" ML models (SVM and RF) and ANN models (NARX
data point, s is the standard deviation, and x is the mean. and LSTM) using MAE as a measure of model accuracy
and maximum prediction error as an indication of
generalization capability. The best results are indicated.
The performance of the models was evaluated based on the Computational cost is represented as the sum of training

mean absolute error (MAE) and computational time. MAE and prediction times.
is calculated using Equation VI:

4.1.3. Model evaluation

As seen in Table 4, SVM showed a comparable MAE

n

1 -~ to RF but had slightly poorer generalization, as indicated

MAE = ;; Yim) f‘ (VD by its higher maximum prediction error. However, SVM
significantly outperformed RF in terms of computational

where 7 is the number of data points, y; is the actual cost. Nonetheless, both non-ANN models demonstrated

value of the i data point, and ¥, is the predicted inferior MAE compared to ANN models (LSTM and
value of the i data point. MAE is commonly used as a NARX).

performance metric for ML model training in building For RE, Out-of-Bag feature importance analysis can
control applications and has demonstrated good results in intuitively demonstrate the influence of different input
similar studies.””** Therefore, this study adopts this metric variables on the output variables. This feature sensitivity
following established literature. analysis, presented in Figure 4, indicated that cooling

power and current PMV were the most influential
predictors for PMV prediction. The higher MAE observed
Before training the models for PMV prediction, their for RE, compared to the ANN models, could be attributed
hyperparameters were optimized. Table 3 summarizes to RF’s lack of a time-memory structure, limiting its

4.2.Training results
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Table 3. Hyperparameters optimization methods for the PMV prediction models

Model name Hyperparameters tuned
SVM 1. Box constraint (C): Balances model complexity and training error. Higher values lead to better fit but risk overfitting.
2. Kernel scale (0): Determines the shape of the RBF kernel, controlling the decision boundary’s flexibility.
3. Epsilon (¢): Specifies the tolerance level for prediction errors, influencing model robustness.
Bayesian optimization identified the optimal hyperparameters, with the kernel scale showing the most significant impact on accuracy.
RF 1. Number of trees: Determines the number of decision trees in the ensemble. More trees generally increase accuracy but also
computational cost.
2. Minimum leaf size: Regulates the minimum number of samples in a leaf node to control model complexity and prevent overfitting.
3. Number of predictors for splitting: Adjusted to optimize feature selection at each decision split.
Bayesian optimization was used for hyperparameter tuning, revealing that increasing the number of trees enhanced prediction
accuracy, while smaller leaf sizes improved granularity but increased training time.
NARX neural The NARX model structure involved determining the number of neurons in the hidden layer and lag lengths for inputs and outputs.
network Bayesian optimization was applied to identify the optimal combination of hyperparameters.
LSTM LSTM model training involved tuning the number of LSTM units and dropout rates to prevent overfitting and learning rates.

Bayesian optimization and trial-and-error methods were used to achieve optimal model configurations.

Abbreviations: LSTM: Long short-term memory; NARX: Non-linear autoregressive network with exogenous inputs; PMV: Predicted mean vote;

RBF: Radial basis function; RF: Random forest; SVM: Support vector machine.

Table 4. Summary of ML model training

ML model MAE Maximum Computing cost (s)
dij:;:t) p ri‘:i:)t:"n Training Prediction Total
SVM 0.1041 0.4810 235 1? 236
RF 0.1040 0.4200 18° 450 468
NARX 0.0623* 0.3140* 96 2 98°
LSTM 0.0843 0.4830 840 26 866

Note: *Best results.

Abbreviations: LSTM: Long short-term memory; MAE: Mean absolute
error; ML: Machine learning; NARX: Non-linear autoregressive
network with exogenous inputs; RF: Random forest; SVM: Support
vector machine.

applicability in scenarios characterized by strong temporal
dependencies.”

The NARX model exhibited the best accuracy and
generalization among all models, along with the lowest
computational cost. Potential improvements in NARX’s
accuracy could be achieved by increasing the number of
hidden layers, but this would increase computational time.

The LSTM model significantly outperformed the non-
ANN models in PMV prediction, displaying substantially
better prediction accuracy. However, it did not show an
advantage in generalization, as indicated by its maximum
prediction error. The LSTM model required the highest
training times due to the computational complexity of
LSTM cells. Thus, its superior prediction accuracy came at
a higher computational cost.

In summary, ANN models outperformed non-ANN
models in terms of accuracy. Among the ANN models,
the choice between NARX and LSTM depends on specific
application requirements. For real-time implementation

25—

Out-of-Bag feature importance

o
2]

Cooling  Outdoor Solar ~ Occupancy  Mean

power temperature irradiance radiant
temperature

o

PMV

Features

Figure 4. Feature sensitivity analysis of predictors
Abbreviation: PMV: Predicted mean vote.

with limited computational resources, NARX is preferable.
Conversely, for complex systems where accuracy is
paramount, LSTM is more appropriate. Given that NARX
achieved the lowest test and prediction errors, along with
the lowest combined training and prediction cost, it was
selected for integration into the MPC framework in this
study.

5. Results and discussion

In this section, the performance of the MPC system is
compared against the baseline BMS mode of operation.
Data collected over a 7-day period for both the BMS and
MPC systems indicated that the statistical variations of
outdoor temperature and solar radiation were similar.
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As shown in Figure 5A and B, the median outdoor air
temperatures during the test days were 30°C for the BMS
and 30.1°C for the MPC tests, while median solar radiation
was approximately 309 and 274 W/m?, respectively. These
comparable outdoor conditions ensure that subsequent
performance comparisons are based on similar heat load
scenarios.

Figure 6A-C presents the time series data of measured
CO, levels, indoor air temperature, and indoor PMV
in the test room for a selected typical day. This day was
chosen to illustrate the performance of BMS and MPC,
as depicted in Figure 6, through a daily time series graph.
The selection criterion for the typical day was based on
the daily median outdoor temperature that most closely
matched the median outdoor temperature of the entire
7-day measurement period. In addition, the comparison of
CO, levels in Figure 6A indicates similar room occupancy

33.0

26.1

Outdoor temperature [°C]

NN DNDNNDNDNWWW
W HE OO N®OO =N

BMS MPC

Solar radiation [W/m?]

patterns for BMS and MPC, except for the lunch hour
between 12 PM and 1 PM.

Figure 6B suggests that under BMS, the room is
consistently overcooled throughout the day due to the fixed
fan speed settings in the PAUs and FCUs, as well as the indoor
air temperature setpoint of 21°C. This occurs regardless of
occupancy or outdoor conditions. In contrast, MPC accounts
for multiple inputs, including room occupancy and external
heat load, to dynamically adjust the cooling power delivered
to the room. As a result, MPC maintains a more stable
indoor temperature and PMV profile throughout the day
compared to the test building’s original BMS. The variation
in ACMYV cooling power, measured using a BT'U meter and
fan power meter for a typical day under both BMS and MPC,
is shown in Figure 6D. Through its predictive capability,
MPC effectively regulates cooling power while enhancing
indoor thermal comfort, as suggested by Figure 6C.
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Figure 5. Weather conditions of test days. (A) Variation in outdoor temperature, (B) Variation in solar radiation.
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Abbreviations: BMS: Building management system; MPC: Model predictive control; PMV: Predicted mean vote.
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Figure 7A-E summarizes the control performance of
BMS and MPC over the 1-week measurement period.
Figure 7A illustrates the distribution of indoor CO, levels
for the week under both BMS and MPC. The median
CO, levels for BMS and MPC were found to be 610.3 and
645.4 ppm, respectively, suggesting comparable occupancy
levels. This, along with the outdoor data, establishes
similar heat load conditions for the ACMV system,
allowing for a fair thermal comfort comparison. Figure 7B
presents the temperature distribution over the seven-day
test period, where the median temperature under BMS
was 20.8°C compared to 22.8°C under MPC. In terms of
thermal comfort, Figure 7C clearly demonstrates that BMS
overcools the room, resulting in <1% of its operational time
within the thermally comfortable PMV ranges (—0.5 - 0.5).
Conversely, MPC is designed to maintain PMV within the
comfortable zone (as defined by Equation IV), ensuring
acceptable thermal comfort for more than 98% of its
operation time. In addition, the small interquartile range in
PMYV, as seen in Figure 7C, indicates that MPC maintains
stable indoor thermal comfort for a long period of time
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with minimal variation. As a consequence, MPC significantly
reduces cooling energy waste, which is a common issue with
BMS due to overcooling. Figure 7D illustrates the reduction
in total cooling power consumption, measured through BTU
and fan power meters. Given Singapore’s consistently hot
and humid climate throughout the year, the daily cooling
energy consumption recorded over the 7-day test period was
extrapolated to estimate annual consumption. Figure 7E shows
that by leveraging predictive capabilities and multiobjective
optimization, MPC reduces energy consumption by over 42%
compared to BMS. Long-term performance sustainability
of MPC can be achieved through periodic online learning,
which calibrates MPC to account for changes in occupancy
patterns, climatic conditions, and/or building dynamics. In
our previous study, we successfully deployed such an adaptive
MPC system incorporating online learning.”

A further breakdown of the total cooling energy
consumption associated with FCUs was conducted. The
FCU fans installed in the test space were constant-speed
fans, meaning that electrical power consumption by these
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Figure 7. Statistical distributions of indoor conditions on test days: (A) indoor CO,, (B) indoor temperature, (C) indoor PMV, (D) ACMYV cooling cower,

and (E) annualized cooling energy consumption per floor area

Abbreviations: ACMV: Air conditioning and mechanical ventilation; BMS: Building management system; MPC: Model predictive control; PMV: Predicted

mean vote.
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fans remained approximately the same for both baseline
BMS and MPC. During MPC duration, it was found that
approximately 32% of the total cooling energy consumption
was attributable to electric fan power. If FCU fans equipped
with variable-speed drives were installed instead of constant-
speed fans, MPC would have the opportunity to further
optimize fan power consumption. For example, MPC
could be configured to reduce FCU fan speed by over 70%
compared to constant-speed operation when no occupants
are present in the test rooms. By adopting such control logic
for optimizing fan operation, a conservative reduction of
10 - 15% in fan power consumption was estimated. This
estimation excludes the reduction in cooling energy produced
by chilled water (which can be measured by the BTU meter)
during the heat exchange process with the reduced airflow
in the FCU. Such a detailed impact of reduced fan power on
cooling energy consumption will be investigated in future
studies. Excluding the potential effect of airflow reduction on
chilled water cooling energy, an additional 3 - 5% reduction
in total cooling energy consumption was estimated.

A key advantage of our MPC implementation is its
modular and adaptable framework, involving: (i) collecting
building data; (ii) developing a control-oriented model
using ML tools; (iii) designing the optimization algorithm;
and (iv) integrating the MPC with the BMS. While this
framework is generally applicable to buildings in various
climates and with diverse operational profiles, building-
specific retraining is necessary to accurately capture unique
thermal dynamics. In environments with significant seasonal
or regional variations, model parameters (e.g., lag length for
NARX or input depth for LSTM) may require adjustment,
posing challenges such as increased computational cost and
potential overfitting. Future studies will further validate the
framework across different climatic zones.

A key challenge in MPC deployment is balancing model
complexity against computational cost. In our current
implementation, the NARX model provided superior
accuracy and efficiency (Table 4). For more complex
systems, LSTM architectures — with increased input depth
and larger hidden layers - could offer enhanced prediction
accuracy, albeit with higher computational demands. In such
cases, employing artificial intelligence/ML-optimized edge
hardware and multithreaded computing can help manage
computational loads. In our previous work," we introduced an
approach using instantaneous linearization within ML-based
MPC to further address these challenges. Although a detailed
exploration of this topic is beyond the scope of the present
paper, it represents a promising direction for future research.

6. Conclusion

This study demonstrated the effectiveness of an ML-based
MPC system in optimizing energy consumption and

occupant comfort in a multizone commercial building. The
implemented system achieved energy savings exceeding
42% compared to conventional thermostat-based control
while simultaneously improving thermal comfort and
stability. The novelty of our approach lies in its real-world,
large-scale deployment in an 11-zone building, integration
of ML-based weather forecasting for proactive control
adjustments, and the use of a NARX neural network for
accurate PMV prediction.

While initial implementation costs and model
development efforts present challenges for widespread
adoption, future research endeavors aim to mitigate these
limitations. Such efforts include developing comfort models
that rely exclusively on existing building sensors, exploring
cost-effective sensor technologies, and examining the
integration of additional building systems, such as lighting
and shading, for more holistic optimization strategies. The
present study contributes to advancing intelligent building
automation systems, with significant potential to enhance
energy efficiency and sustainability in the built environment.
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Appendix

1. Elaboration on MPC Equations

This appendix provides a comprehensive explanation of the equations presented in Section 3, which govern the MPC
controller for the ACMV system.

Equation 1: Solar heat gain

Solar heat gain through windows is a critical component of building thermal load modeling. The formulation accounts for
dynamic shading effects, which modulate solar radiation entering space. The total solar heat gain, Q,,,, is expressed as:

Q,,=SR*A, *E, *SHGC*IAC+(1-SR)*A  *E, *SHGC 49)

region shaded by blinds unshaded region

Description of key variables in Equation I:

e  Shading ratio (SR): Represents the fraction of the window area covered by blinds. SR can vary dynamically based on
occupant preferences or automated shading control strategies

e  Solar heat gain coefficient (SHGC): Typically ranges between 0.3 and 0.9 depending on glazing properties (e.g., low-
emissivity coatings, double/triple glazing). SHGC values are often derived from standardized tests (ASHRAE 90.1) or
manufacturer data

e Indoor attenuation coefficient (IAC): Quantifies the reduction in solar radiation due to blinds. For example, horizontal
slat blinds with high reflectivity may have an IAC of 0.5 - 0.7, while blackout shades could reduce IAC to near zero. For
this study, as per ASHRAE Handbook,* IAC of 0.75 was assumed for blinds made of light translucent fabric

e Incident radiation (E, ): Includes direct, diffuse, and reflected solar radiation, which depends on window orientation,

inc

time of day, and geographic location.
Expanded discussion for Equation I:

The equation assumes uniform shading distribution across the window, which may simplify real-world scenarios where
partial shading or non-uniform blind deployment occurs. The model does not explicitly account for spectral properties
of solar radiation or transient thermal storage in glazing materials, though these effects are often negligible for hourly or
sub-hourly MPC timescales. For further validation, SHGC and IAC values should align with empirical measurements or
established databases (e.g., Lawrence Berkeley National Laboratory’s Window Module).

Equation II: Objective function

The MPC controller’s objective function, JJ, balances energy efficiency, thermal comfort, and operational feasibility. Building
on the framework from,* the cost function is defined as:

*
vvcool

QCOD , t+ N N
O S W *(PMV,,, ~PMV, P + YW, *(e,,,,)?) (In)
COP k=0 k=0

N
J= Minimize(z
k=0
Description of key variables in Equation II:
e  Normalized cooling power (Q,,,): The first term uses cooling power normalized by the system’s maximum capacity to
ensure scalability across different HVAC systems
*  Normalized PMV (PMV): The second term penalizes deviations from the neutral setpoint (PMV, ;= 0), normalized by
the acceptable comfort range (+0.5\pm 0.5). This normalization ensures equitable weighting between thermal comfort
and energy use.
e Weighting factors:
e W,_,=1/10: Prioritizes thermal comfort over energy savings, reflecting occupant-centric design principles
e W, = 4: Prioritizes thermal comfort over energy savings, reflecting occupant-centric design principles
e W,_=10,000: Strongly penalizes constraint violations to enforce strict adherence to comfort and equipment limits.
e  Prediction horizon: Set to 12 control intervals (60 minutes), chosen to match the thermal response time of the building
(~40 minutes for PMV stabilization during morning start-up). A longer horizon would increase computational
complexity without improving performance.**
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Practical implications for Equation II:

The weighting scheme reflects a design philosophy where occupant comfort is prioritized, but energy efliciency remains a
secondary goal. The slack variable € ensures feasibility under unexpected disturbances (e.g., occupancy spikes), though its
high penalty weight (W) minimizes its use in practice.

Equations lll and IV

The optimization is bounded by operational and comfort limits:

Qeootib < Qeool = Qeoatap (I11)
-0.5<PMV <0.5 (Iv)

Contextual details for Equations IIT and I'V:

e Cooling power bounds (Q,,,; ;» Qo1 ) are determined by the HVAC system’s capacity

e  The PMYV range (+0.5) corresponds to the ASHRAE Standard 55 “neutral” comfort zone, ensuring 80 - 90% occupant
satisfaction.

Additional notes:

e  Control interval: The MPC operates at 5-min intervals, balancing responsiveness with computational tractability

e Slack V=variable (¢): Introduced as a soft constraint to avoid infeasible solutions during transient disturbances
(e.g., abrupt weather changes)

e Thermal comfort: The PMV model assumes steady-state conditions and standardized clothing/metabolic rates; dynamic
adjustments for occupant activity are not modeled here.
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Abstract

Accurate prediction of multiaxial fatigue life was crucial for structural integrity
assessment, yet the variability in material responses under complex loading paths
made it challenging for both classical and data-driven models to achieve high
accuracy. To address this issue, a contrastive learning-based framework was proposed
in this study, enabling the construction of more generalized low-dimensional feature
representations across different loading paths. This framework enhanced the robustness
of fatigue life prediction without relying on mechanical assumptions. Experimental
validation demonstrated that, compared to existing methods, the contrastive learning
model learned more suitable feature encodings, significantly improving prediction
performance. This framework provided a reference solution for engineering applications
requiring reliability assessment under multiaxial stress conditions.

Keywords: Contrastive learning; Deep learning; Feature engineering; Life prediction;
Multiaxial fatigue

1. Introduction

In modern high-tech industries such as electronic packaging, aerospace, and nuclear
power generation, the role of multiaxial fatigue analysis has become increasingly
critical."” Electronic packaging materials are subjected to complex thermal and
mechanical loads, which can precipitate premature material and structural failures,
thereby severely damaging structural integrity.>” Consequently, comprehensive research
into multiaxial fatigue is essential for enhancing the reliability and service life of
electronic devices at the design and serving stages. In addition, precise assessments of
fatigue behavior under complex stress environments are crucial for ensuring the safe
operation of aerospace vehicles, nuclear power stations, and other fields.*'° Such studies
not only facilitate a better understanding of material responses under multiaxial stresses
but also advance the design of materials and the evaluation of structural integrity, pivotal
for the development of safer and more efficient technological solutions.
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Currently, with the development of advanced intelligent
algorithms, data-driven methods have been widely
developed and applied in the field of material fatigue life
prediction."'® From classical shallow machine learning
algorithms to deep learning models based on neural
networks, these methods have demonstrated excellent
performance in various fatigue-related problems."* Jiang
et al® proposed a physics-informed multilayer nested
neural network framework, using stacking fault energy,
strain amplitude, strain rate, and temperature as input
features. Physical constraints were embedded in the loss
function to ensure the model adhered to known physical
laws. The performance of the model was validated on
fatigue data of 316 stainless steel. Zhu et al.** developed
a deep learning model called Multi-GAT (Multi-Graph
Attention Network) for predicting the high-cycle fatigue
(HCF) life of titanium alloys. This model is integrated
with an attention mechanism and uses a graph structure
as the data structure, allowing the full consideration of
relationships between samples. This approach enables
the accurate prediction of HCF life for various titanium
alloys using a limited number of sample data. Liao et al.”’
proposed a path-dependent adaptive physics-informed
neural network to address the non-proportionality caused
by phase differences. The model embedded multiple
critical plane models into the loss function and achieved
optimization through dynamic weight adjustment. Genetic
algorithms and a meta-learning framework were used to
optimize the weight hyperparameters. The meta-learning
framework enabled the weights of different physical terms
in the loss function to dynamically adapt based on the load
path information. The explored meta-learning framework,
applied through transfer learning to predict the fatigue

Physics-based Model

Raw data
« Fractography image
¢ Stress-strain hysteresis loops

Physical model calculation

o' <
Coffin-Manson: &=—*(2¥; ) et (2;)

Manually selected features
« Stress smplitude
+ Stress ratio

Lex

Fatigue life prediction (Strong interpretability)
» Strong physical interpretability

life of 316L and 304 stainless steels, demonstrated strong
generalization capabilities. Chen et al®*® proposed a
multiview neural network model incorporating frequency
domain analysis. This model integrates convolutional
neural networks (CNN), long short-term memory
networks, and FNet with frequency domain analysis in
a parallel structure, extracting effective features from
the material loading path to predict fatigue life. Through
ablation experiments, the extrapolation capability of the
model was verified using specific test datasets. Zhang et al.”
used a SHapley Additive exPlanations-informed recursive
feature elimination method to identify key features in a
multiaxial fatigue experiment dataset. Symbolic regression
was employed to extract and encapsulate expressions
predicting fatigue life based on these salient features, which
were then integrated into the traditional mean squared
error (MSE). This significantly improved the predictive
accuracy of the model on the existing database.

In fatigue life prediction, constructing appropriate input
features is crucial for improving the model’s predictive
performance.*** Simply using raw experimental features
as inputs may not lead to optimal results. To achieve
effective feature engineering, researchers have drawn
on various traditional empirical models, such as critical
plane models,*** damage mechanics models,*** and
fracture mechanics models.”** These empirical insights
help in selecting and designing more relevant features,
which significantly enhance the model’s ability to predict
fatigue life accurately. Figure 1 provides an intuitive
comparison between traditional physics-based models and
data-driven approaches. In traditional methods, domain
experts manually extract key features using physics-

Deep Learning Model

Raw data
« Fractography image
« Stress-strain hysteresis loops

Deep neural network
Input layer — Hidden layers — Output layer

Automatically extracted abstract
features
» High-dimensional vector

]

Fatigue life prediction (Black-box model)

« Automated feature extraction
« Capturing complex nonlinear relationships

Figure 1. A comparison of fatigue life prediction frameworks: physics-based model versus deep learning model
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based, whereas deep learning methods can automatically
learn high-dimensional abstract representations from
raw experimental data, capturing complex nonlinear
relationships within the data. This comparison highlights
the strengths and limitations of both approaches and
underscores the importance of selecting appropriate input
features for accurate fatigue life prediction. Wang et al.*
proposed two physics-guided machinelearning frameworks
based on the Paris law and machine learning models. The
first framework transforms the original features into new
features using the Paris law, which are then combined with
the original features and input into the machine learning
model to predict fatigue life. The second framework
integrates the Paris law and machine learning models
using the Kalman filter, leveraging the advantages of both
approaches and integrating information from different
models. This enables the fusion of physical information
and machine learning, allowing the model to account for
factors ignored by physics-based models while ensuring
consistency with physical results. Dong et al.*! unified the
influence of different defects through equivalent damage
area representation using the M-integral fatigue model. By
taking cyclic loading and equivalent damage area as inputs
and fatigue life as output, the approach effectively improved
the generalization ability and prediction accuracy of
incomplete fatigue data. Fan et al*? expanded the original
dataset using the Z-parameter model by restricting key
parameters such as the size of critical defects, the relative
depth of critical micro-defects, and stress levels within
certain ranges. These extended datasets were then used to
build machine learning models for ultra-high-cycle fatigue
life prediction. With an appropriate increase in the size
of the training set, the model demonstrated significantly
improved accuracy and exhibited higher accuracy and
stronger generalization compared to physical models.
Gan et al.”® used the Ye-Wang damage theory to derive
theoretical estimates of material behavior, constructing
additional features closely related to the desired outputs.
This approach integrated original data information with
domain knowledge. In addition, output standards were
set to provide information for the data-driven process of
model training and prediction, highlighting its potential
in addressing small-sample problems. Wang et al. *
characterized the fatigue life of additive manufacturing
(AM) parts under different stress amplitudes using
predictions from continuous damage mechanics associated
with AM. These predictions, along with initial features
such as experimental conditions, mechanical properties,
porosity analysis, and surface morphology, were used as
inputs. By learning the dependence on physical principles,
the model can better map the nonlinear relationships
between inputs and outputs.

The essence of feature engineering lies in the
extraction and dimensionality reduction of complex,
high-dimensional features, which brings samples closer
together in high-dimensional space. Traditional models,
based on physical laws and phenomenon analysis, focus
on extracting and analyzing key values. However, many
of these models are empirical, summarizing patterns
that may not truly reflect the relationships between data
samples, and they may not have clear physical models to
describe the underlying dynamics. From the perspective of
data relationships, dimensionality reduction or clustering
techniques, such as K-means,* variational autoencoder,*
and contrastive learning,”° can also be employed with
effective results. Among these, contrastive learning
stands out by maximizing the consistency between
similar samples and the disparity between different ones,
enabling the learning of more robust and generalized
feature representations. This approach does not require
prior knowledge of label information, which reduces
model usage costs. Furthermore, its adversarial sample
pair learning strategy enhances the model’s generalization
ability. By optimizing the relative distances between
samples, contrastive learning provides a powerful learning
mechanism for complex datasets.” This is especially
beneficial in unsupervised and self-supervised learning
scenarios, where it outperforms traditional algorithms.
These advantages have led to contrastive learning
demonstrating outstanding application performance in
a variety of fields, such as visual recognition,**** natural
language processing,”** and sound analysis.>>*

This paper addresses the issue of multiaxial fatigue life
prediction in materials by applying contrastive learning
to effectively extract sample features across different
multiaxial loading paths. The paper compares the feature
representation performance of different model frameworks
and tests various downstream task models. Compared to
other clustering or dimensionality reduction algorithms,
contrastive learning consistently achieves good prediction
results, providing a new feature engineering strategy for
multiaxial fatigue life prediction.

2.Data
2.1. Experimental data

In this study, 20 multiaxial fatigue experimental data of
316L stainless steel were used for training and validation
of the contrastive learning model and downstream fatigue
life prediction model. The experimental details can be
found in the referenced published literature.'®'” As shown
in Figure 2, the experimental data included four typical
uniaxial and multiaxial loading paths, each with five
different amplitudes, with a stress ratio of R = —1. Table 1
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Figure 2. The diagram of multiaxial loading paths: (A) uniaxial, (B) cross, (C) rhombus, and (D) circular

Table 1. The detailed information of specimen for each
loading path type

Loading path & Pa Ny
Uniaxial 0.2 - 161000
0.4 - 11865
0.6 - 3339
0.8 - 1719
1.0 - 906
Cross 0.3 0.3 10023
0.35 0.35 5831
0.4 0.4 2038
0.5 0.5 1378
0.6 0.6 1311
Rhombus 0.3 0.3 7193
0.35 0.35 4041
0.4 0.4 3944
0.5 0.5 1031
0.6 0.6 795
Circular 0.3 0.3 5045
0.35 0.35 2963
0.4 0.4 1802
0.5 0.5 744
0.6 0.6 396

provides the amplitude and life information for each
experimental specimen.

2.2, Data augmentation

To ensure the effectiveness of contrastive learning, data
augmentation was also applied to enhance the training
samples. The generative adversarial network (GAN)-based
augmentation method used was derived from our previous
research.'® By integrating CNN with the Fourier transform,
the proposed model achieves synergistic augmentation
of stress-strain hysteresis loops and fatigue life prediction.
Based on the data augmentation capability of this model,
the 20 experimental samples were expanded to over
1000 samples for each loading path. For each multiaxial

loading path, the strain amplitude of the augmented samples
was distributed between the maximum and minimum
values of the experimental data. Based on these augmented
samples, 100 samples were uniformly selected for each
loading path. A total of 400 augmented samples were
selected for the training of the contrast learning model. Data
augmentation effectively increases the training sample size
and improves the performance of the contrastive learning
model. In addition, only stress-strain hysteresis loops
are required, without the need for fatigue life data, which
reduces the difficulty of using augmented samples. In the
subsequent downstream fatigue life prediction task, there
are only the original 20 experimental datasets used for the
training. In addition, in future work, constitutive material
models or finite element simulations can also be employed
as alternative methods for data augmentation.

2.3. Preprocessing

According to the previous introduction, the stress-strain
hysteresis loop will serve as input features for the training
of following contrastive learning and machine learning
model. The output feature of the downstream supervised
model is the logarithmic fatigue life. It can avoid the effect
of its large magnitude range. Furthermore, all input and
output features are normalized using the z-score method
to ensure that the model captures the relative relationships
between features rather than being influenced by their
absolute values. The z-score normalization is described as
Equation I:

X—

o

X

X= o)

Where X represents the normalized data, x represents
the raw data, p_is the mean of the raw data, and o,
represents the standard deviation of the entire sample
space.

3. Algorithm
3.1. Contrastive learning architecture

Contrastive learning is a self-supervised learning strategy
that enables the model to learn to distinguish between
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similar and dissimilar samples to extract features, without
relying on manually labeled data®® In the contrastive
learning framework, a pair of samples (positive and
negative pairs) is typically constructed, where positive
pairs consist of similar or related samples and negative
pairs consist of dissimilar samples. The model’s objective
is to minimize the distance between positive pairs and
maximize the distance between negative pairs. Thislearning
approach effectively utilizes unlabeled data and enhances
the model’s generalization ability on real-world data.
Contrastive learning has been widely applied to various
tasks, such as image recognition,”® natural language
processing,**? and audio analysis,**** demonstrating
outstanding performance. Especially in the field of image
processing, contrastive learning learns powerful visual
feature representations by leveraging samples generated
from different perspectives, sizes, or other transformations
of images.

Among all contrastive learning models, SimCLR®
learns representations by applying contrastive loss in
the feature space to maximize the consistency between
different augmented samples of the same data sample. The
model framework, as shown in Figure 3, consists of four
components: the data augmentation module, where each
sample is randomly augmented to generate two related
samples x,and x, which are then passed through an encoder
to extract high-dimensional features. After passing through
a projection layer, the features are mapped to a lower-
dimensional space, where the contrastive loss between the
samples is computed to achieve maximum consistency.

In this work, contrastive learning was applied to
the multiaxial fatigue life prediction of materials, using
stress-strain hysteresis data as the input. Considering
that contrastive learning can reduce the distance between
similar samples in the feature space, this framework
aims to extract general, discriminative features that are
shared by samples with the same amplitude but different
loading paths. These features were then used to construct
a downstream fatigue life prediction model. The core idea
of contrastive learning was implemented by constructing
positive and negative sample pairs. The construction of
these pairs was done by the data augmentation module,
which randomly selected a small batch of data containing
N samples. Negative samples were not specifically sampled,
and after data augmentation, 2N data samples were
generated. In this case, for each positive sample pair, there
were 2(N—-1) corresponding negative pairs. In this study,
data augmentation involved adding Gaussian noise and
applying time masking. Each sample was augmented with
Gaussian noise, and with a 50% probability, time masking
was applied, which randomly masked a certain number of
time steps in the stress-strain data. After feature extraction
through the encoder and projection layer, the distance
between the features of positive and negative samples was
computed. The loss function was minimized to learn a
good feature space representation. Since SimCLR does not
impose specific constraints on the network architecture, its
performance improves after adding a projection layer. The
model framework used in this study is shown in Figure 4,
which adopts a synchronized symmetric architecture.

! g()
. f0) .
T] : :
by Z.
! | ' Maximize
: | agreement
T fOT g0
X | —> T—>
a 5
Y
Downstream

tasks

Figure 3. Schematic diagram of contrastive learning algorithm

Volume 2 Issue 1 (2025)

58

doi: 10.36922/IJAMD025040004


https://dx.doi.org/10.36922/IJAMD025040004

International Journal of Al for
Materials and Design

Fatigue life prediction via contrastive learning

x;, —> — —— —
T,

X,

JO)

i——>l—-> —>I

Maxumze
agreement

h;

J

Figure 4. The framework of the proposed contrastive learning model

The core of contrastive learning is to optimize the model
through a set of loss functions, enabling it to distinguish
between similar and dissimilar samples. Below are some
key formulas commonly used in contrastive learning.
Among them, Equations II and IV are the formulas for
the first sample generated by data augmentation, passed
through the encoder and projection layer, respectively.
Equation III and V are the formulas for the second
sample x, generated by data augmentation, after being
processed by the encoder and projection layer. Equation
V1 is the formula for the calculation of the loss function.
The Normalized Temperature-scaled Cross Entropy
(NT-Xent) loss function enhances sample utilization
and feature extraction quality during the learning
process by effectively leveraging the relative information
between samples. As a result, it has been widely applied
in self-supervised learning tasks across various domains,
including image processing,” text processing,” and
more.T.

h = £(1,(X);:0) =ReLUW, f£,(T,(X); ©,+b{) ()

h=f(T,(X ) = ReLU(W, f, (T, (X); ©,+b/) (1)
z,=g(h) =W o(Wh +b)+b, (V)
z,=g(h) = cf(Wlhj +b)+b, (V)

| exp(smi(zi,zj)/r) D)

g 2N K
Zk:ll[k # 1]exp(smi(z, Z; )/ 1)

where © = {©,, ©_} represents the set of all learnable
parameters of the encoder layers; W/, W¢and ¥/, b8 represent
the weight matrices and biases of the encoder and
projection layers, respectively; 1[k#1] is an indicator
function, which takes the value 1 when k#i; and T represents
the temperature parameter.

3.2. Downstream life prediction model

After contrastive learning, deep feature representations
can be extracted from the material stress-strain hysteresis
loop, and the similarity between samples from different
loading paths can be enhanced. This greatly benefits
subsequent multiaxial fatigue life prediction tasks. As
shown in Figure 5, after obtaining these features, this study
uses them as input for various supervised learning models,
such as linear regression, support vector machines (SVM),
eXtreme Gradient Boosting (XGBoost), or Artificial Neural
Network (ANN), for fatigue life prediction. This approach
not only improves the predictive accuracy of the model but
also enhances its generalization ability when confronted
with unseen complex loading conditions.

3.3. Evaluation criteria

In this study, the root MSE (RMSE) was used to describe
the deviation between the predicted logarithmic fatigue
life values and the experimental logarithmic fatigue life, as
shown in Equation VII:

RMSE = (VID)

1
;;(yi,pre _yi,exp )2

where Y ;e TEPTESENLS the model-predicted logarithmic
fatigue life “Value and Yiex, TEPTEsents the experimental
logarithmic fatigue life value. In addition, the model’s
prediction performance was also evaluated from other
aspects, including the distribution of the predicted fatigue
life values and the experimental values.

4. Results and discussion

In this section, the proposed contrastive learning
framework was evaluated by comparing different network
architectures to explore models with feature representation
capabilities. It also compares these models with other
unsupervised learning clustering models in terms of
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their ability to represent features effectively. Finally, based
on the learned feature representations, a performance
comparison is conducted for downstream life prediction
tasks, examining the predictive effectiveness across various
machine learning models.

4.1. Performance with different encoder network
architectures

In this section, the experiment first determined two
hyperparameters of the proposed contrastive learning
framework: the number of layers in the encoder and
the output feature dimension. The framework of the
contrastive learning model is shown in Figure 6, where the
encoder was set to two layers, and the output dimension
was uniformly set to 128, which preliminarily validates
the model’s effectiveness. From a time-series perspective,
the stress-strain hysteresis data recorded the change
of stress and strain over time during one complete

Feature representation

X;

SO

h;

i

cycle. Therefore, to further determine which encoder
structure was more suitable for the original data, four
structures—One-Dimensional ~ Convolutional =~ Neural
Network (1D-CNN), Two-Dimensional Convolutional
Neural Network (2D-CNN), Gated Recurrent Unit (GRU),
and ANN—were used. The high-dimensional features
extracted by the encoder were passed through two fully
connected layers and uniformly reduced to 64 dimensions,
and training was conducted on the stress-strain hysteresis
data. Table 2 provides the detailed hyperparameters of
the contrastive learning models with different network
frameworks.

In this study, to ensure the effectiveness of model
training, the original dataset (with 20 samples in total) was
randomly split into training and testing sets at a 6:4 ratio.
Although the original samples had an equal number of
samples for each type, random sampling without stratified
control led to some distribution bias between different

Downstream task
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Figure 5. The utilization of deep features provided by contrastive learning model for downstream fatigue life prediction
Abbreviations: ANN: Artificial neural network; SVM: Support vector machine; XGBoost: eXtreme gradient boosting.
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Figure 6. Hyperparameters and schematic diagrams of contrastive learning model with different network architectures

Abbreviation: ANN: Artificial neural network.
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types of data in the training and testing sets, simulating the
uneven distribution of data in real-world conditions. To
further mitigate the impact of this distribution imbalance,
additional sample data generated by a GAN model was
included in the training set to augment the samples and
improve the model’s generalization ability. Each sample
underwent two different data augmentation methods.
The training loss of each contrastive learning model
framework is shown in Figure 7. After 150 epochs, all
models converged well, validating the effectiveness of the
proposed framework.

Table 2. The detailed hyperparameters of contrastive
learning models with different network architectures

Encoder Projector Hyperparameters
Configuration Stride Padding 7
1D-CNN ANN Convolutional 1 1 0.3
Layers: 2,
Kernel Size: (3,3),
Filters: 64, 128
2D-CNN Convolutional 1 1
Layers: 2, Kernel
Size: (3, 3),
Filters: 64, 128
GRU GRU Units: 128 \ \
Number of layers:
2
ANN Neurons: 256, 128 \ \

Abbreviations: 1D-CNN: One-Dimensional Convolutional Neural
Network; 2D-CNN: Two-Dimensional Convolutional Neural Network;
ANN: Artificial Neural Network; GRU: Gated Recurrent Unit.

4.5
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40F—CRU
——ANN
35
[%)]
[2]
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-
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2.0 : : -
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Figure 7. The training process of contrastive learning model between
different architecture models

Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; 2D-CNN: Two-dimensional convolutional neural network;
ANN: Artificial neural network; GRU: Gated recurrent unit.

To investigate whether the model successfully learned
the distribution of data features during training, a visual
analysis of the input and output features before and after
training was performed. Specifically, in the visualization
process, original data was used as the visualization samples,
excluding the augmented samples generated by GAN. The
t-distributed stochastic neighbor embedding (t-SNE)®
method was employed for dimensionality reduction
and visualization of the features, with the pre- and post-
training visualization results shown in Figures 8 and 9. In
these figures, data points with the same color represented
features of samples with the same amplitude but different
loading paths, while different colors corresponded to
samples with different amplitudes. The visualization
results indicated that in the original data, samples from the
same loading path were clustered together in the feature
space. However, for features generated by each encoder
from the initial samples, the distribution of features for
the same amplitude data was quite disordered, and no
obvious clustering or separation of samples was observed
in the reduced-dimensional space. It was worth noting
that, although there was no clear separation of feature
types in the visualization space, the learned features still
showed significant application effects in downstream tasks.
This may have been because t-SNE’s low-dimensional
visualization lost important information from the high-
dimensional space, and the visualization results can
not accurately reflect the intrinsic structure of the high-
dimensional feature space.

4.2.The effectiveness of downstream fatigue life
prediction

To further find the optimal downstream regression model,
the linear regression model was considered, as it is simple,
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Figure 8. Visualization results of the original data
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Figure 9. Visualization results of the feature representations obtained through contrastive learning with different encoder architectures: (A) 1D-CNN,

(B) 2D-CNN, (C) GRU, and (D) ANN.

Abbreviations: 1D-CNN: One-dimensional convolutional neural network; 2D-CNN: Two-dimensional convolutional neural network; ANN: Artificial

neural network; GRU: Gated recurrent unit.

efficient to train, and suitable as a baseline model to provide
a reference for more complex models. In addition, since the
downstream training set only contained a small amount
of data randomly split 60:40 from the original dataset,
and given the robust performance of SVM and XGBoost
in small sample scenarios, as well as their capability in
handling nonlinear problems, three models—linear
regression, SVM, and XGBoost—were chosen for training.
As a widely used machine learning model, the ANN model
was also selected as one of the models for downstream
tasks. The features learned by contrastive learning from
different network architectures were used as input for the
downstream models, and the models were trained. The
RMSE of the experimental results on the test set is shown in
Figure 10. In the figure, the x-axis represents the contrastive
learning models with different network architectures, and
each bar color represents a different downstream model.
The y-axis represents the RMSE value, with lower RMSE
indicating better prediction performance. The results showed
that, for all contrastive learning models regardless of the
framework, the extracted features had relatively lower RMSE
values on the linear regression model in the downstream task.
For all downstream linear regression models, whether using

1D-CNN or 2D-CNN frameworks in the contrastive learning
model, the extracted features achieved lower RMSE values.
In particular, the contrastive learning model with 1D-CNN
as the encoder achieved the lowest RMSE value on the
downstream task. This suggests that the features extracted by
1D-CNN are sufficiently simple, have high linear separability,
and can be effectively utilized by linear models.

In addition, the predicted fatigue life on the test set and
the experimental fatigue life are shown in Figure 11. It can
be observed that the best performance was achieved when
1D-CNN was used as the encoder. In contrast to 1D-CNN,
the contrastive learning model with 2D-CNN as the encoder
had one test point lying outside the 2-factor band of the
linear regression model. However, for the XGBoost model,
the features extracted by contrastive learning performed
the worst on the downstream model, with the RMSE
significantly higher than that of other models. This might
be because the XGBoost model was more suited to handle
high-dimensional complex features, and it was unable to
fully leverage the advantages of the features learned by
contrastive learning. In addition, during computation,
it might have introduced extra noise or information loss,
severely impacting fatigue life prediction performance.
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Figure 10. The RMSE performances of life prediction models.

Abbreviations:

1D-CNN: One-dimensional

convolutional

neural

network; 2D-CNN: Two-dimensional convolutional neural network;
ANN: Artificial neural network; GRU: Gated recurrent unit; Linear:
Linear regression; RMSE: Root mean squared error; SVM: Support vector
machine; XGBoost: eXtreme Gradient boosting.
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Based on these results, CNNID was selected as the
encoder for the contrastive learning framework, and
the linear regression layer was used as the downstream
regression model for fatigue life prediction. This
combination not only achieved the lowest RMSE value but
also provided acceptable prediction results on the test set,
tully validating the superiority of this combination.

To further validate the effectiveness of data
augmentation in contrastive learning on the training
results, the CNN1D-based contrastive learning encoder
was chosen, and the performance of the downstream
model was compared under two conditions: with and
without data augmentation. The training loss is shown in
Figure 12. It can be observed that with data augmentation,
the model achieved a sufficiently small loss after fewer
epochs and began to converge quickly. In contrast, the
model without data augmentation had a relatively large
initial loss and required more epochs to converge.
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Figure 11. The detailed predicted results of contrastive learning and downstream models: (A) 1D-CNN, (B) 2D-CNN, (C) GRU, and (D) ANN.
Abbreviations: 1D-CNN: One-dimensional convolutional neural network; 2D-CNN: Two-dimensional convolutional neural network; ANN: Artificial
neural network; GRU: Gated recurrent unit; Linear: Linear regression; SVM: Support vector machine; XGBoost: eXtreme gradient boosting.
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The predicted fatigue life on the test set and the
comparison with experimental results, as well as the RMSE,
are shown in Figures 13 and 14. From the figures, the results
indicated that while the model without data augmentation
had only two data points outside the 2-factor band, the
model with data augmentation produced better prediction
results and had a lower RMSE. Specifically, the RMSE for
the model with data augmentation was reduced by 16.35%
compared to the model without data augmentation.

0.25
—— With data augmentation
—— Without data augmentation
0.20
0.15
72}
n
(@]
—
0.10}
0.05
0.00 1 1 1 1
0 50 100 150 200 250
Epoch

Figure 12. The evolution of loss function during training loss of
contrastive learning models with and without data augmentation
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Figure 13. The predicted results of 1D-CNN contrastive learning
encoder and linear regression downstream model with and without data
augmentation.

Abbreviations: 1D-CNN:  One-dimensional
network; Linear: Linear regression.

convolutional neural

In addition, to investigate the effectiveness of the
contrastive learning framework, this experiment
explored the scenario where no contrastive learning was
used, and the stress-strain data was directly input into the
downstream regression model, with data augmentation
applied. The data augmentation mainly involved using
GAN-generated data to expand the dataset, which,
especially when the sample size was small, can increase
the diversity and generalization ability of the data,
thereby enhancing the model’s predictive performance.
The choice of downstream model was consistent with
previous experiments, and the model’s performance was
compared using RMSE and prediction results, as shown
in Figure 15.

From the experimental results, it was be observed
that when contrastive learning was not used but data
augmentation was applied, the performance of the four
models was poor. The minimum RMSE value was close
to 0.7, and in the comparison of the model’s predictions
with experimental results, the best performance still had
four data points outside the 2-factor band. Whether in
terms of RMSE or the comparison between predicted and
experimental values, the model performance was worse
than that of the model using deep features extracted by the
contrastive learning framework. Especially for the linear
regression model, it showed the best performance when
contrastive learning was applied, while its performance
was the worst when contrastive learning was not used.
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Figure 14. The RMSE performances of 1D-CNN contrastive learning
encoder and linear regression downstream model with and without data
augmentation.

Abbreviations: 1D-CNN: One-dimensional ~convolutional neural
network; Linear: Linear regression; RMSE: Root mean squared error.
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Figure 15. The performance of the downstream model in the case of data augmentation without contrastive learning. (A) The RMSE of the downstream

models. (B) The prediction results of the downstream model.

Abbreviations: ANN: Artificial neural network; Linear: Linear regression; RMSE: Root mean squared error; SVM: Support vector machine; XGBoost:

eXtreme gradient boosting.

This indicated that although data augmentation can
provide more training data, the augmented data might
only be generated based on surface-level features. The four
downstream models were unable to solely rely on augmented
data to understand the underlying structure and complex
patterns in the data. In contrast, the contrastive learning
model, by maximizing the similarity between similar samples
and maximizing the distance between dissimilar samples,
continuously optimized the representation space of the data.
The large amount of data provided by augmentation can
help the model learn in a broader sample space, enabling the
model to learn more universal and representative features.
Therefore, although pure data augmentation did not provide
sufficient structural information, the training strategy of
contrastive learning allowed the model to better uncover the
inherent relationships within the data, thereby improving
the performance of the downstream model.

To further verify the superiority of the combination of
contrastive learning framework and data augmentation,
the performance of the downstream regression model was
investigated in this experiment without the contrastive
learning framework and data augmentation. The input to
the downstream model did not undergo any form of data
augmentation, nor was it trained with features learned
through the contrastive learning framework. Instead,
the raw stress-strain data was used as input, and the
logarithmic fatigue life was used as the output. As a result,
the model’s performance was directly constrained by the
data volume and sample diversity. The model's RMSE and
prediction results were compared with the experimental
results, as shown in Figure 16.

From the figure, it was evident that the RMSE of the
models was above 0.5, and in the comparison between
predicted and experimental fatigue life, although Linear

Regression models only had one point outside the 2-factor
band, most of the data within the error margin was
distributed near its edges. This indicated that while the
models could, to some extent, capture some patterns in the
data through simple training methods, the performance
remained limited, and the internal relationships were not
fully exploited. In contrast, under the contrastive learning
framework, the linear regression model had the smallest
RMSE and its predicted values were well-distributed along
the diagonal, outperforming all other downstream models.

When compared with the second experiment, despite
the absence of the contrastive learning framework, the
model still relied on the limited information from the raw
data for training. The model depended on the data’s quality
and complexity to learn some effective features. This
proved that simply relying on data augmentation did not
necessarily contribute positively to model performance.
Although data augmentation could increase the training
sample size, the augmented data did not add meaningful
information. Without an effective training strategy, the
augmented data could introduce significant noise and
negatively affect the model’s performance, diminishing the
effectiveness of data augmentation.

Through these three experiments, the effects of data
augmentation, contrastive learning framework, and their
combination on downstream models were explored. The
experimental results not only showed the effects of each
factor individually but also demonstrated the synergistic
effect when they were combined. Ultimately, the
experiments confirmed the superiority of the combination
of contrastive learning framework and data augmentation.
While data augmentation could effectively increase the
sample size, it might introduce noise and did not necessarily
contribute positively to the model’s training process, and
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Figure 17. Schematic diagrams of classical unsupervised clustering learning algorithms
Abbreviations: ANN: Artificial neural network; PCA: Principal component analysis; PLS: Partial least squares; SVM: Support vector machine;

XGBoost: eXtreme gradient boosting.

might even interfere with the model’s training. In contrast,
the combination of data augmentation and the contrastive
learning frameworK’s training strategy maximized the
utilization of data samples, extracted deep features from
the stress-strain data, and applied them to the downstream
model training, achieving the best prediction results.

4.3. Comparison of the effectiveness between
different clustering methods

In this section, two unsupervised learning algorithms, partial
least squares (PLS) and principal component analysis (PCA),
were applied to perform dimensionality reduction on the
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Abbreviations: 1D-CNN: One-dimensional convolutional neural network;
ANN: Artificial neural network; Linear: Linear regression; RMSE: Root
mean squared error; SVM: Support vector machine; XGBoost: eXtreme
gradient boosting.

original data. The reduced features were then fed into four
regression models for training. The overall process of the
unsupervised learning algorithms is illustrated in Figure 17.
Using these two methods, the original data was reduced to a
certain dimension, and the extracted features were directly
applied to the construction of regression models. ANN,
linear regression, SVM, and XGBoost were still used as the
regression models. The comparison between the predicted
results from the test set and the experimental values is shown
in Figure 18, and the RMSE is shown in Figure 19. From
the results, it can be seen that the features reduced by both
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Figure 20. Comparison with the optimal performance prediction results
of the contrastive learning framework

Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; ANN: Artificial neural network; Linear: Linear regression;
PCA: Principal component analysis; PLS: Partial least squares.

PLS and PCA performed relatively well on linear models
and ANN, with two points falling outside the 2-factor band.
However, even the most optimal PCA and PLS frameworks
still did not outperform the performance of contrastive
learning, where the contrastive learning framework
remained the best, as shown in Figure 20. This indicated that,
compared to the features extracted by unsupervised learning
algorithms, the contrastive learning framework can improve
prediction performance to some extent.
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Table 3. The detailed number of each specimen and defects
for each type

Feature RMSE of the downstream prediction model
extraction Linear ANN SVM XGBoost
method

1D-CNN 0.2889 0.41946 0.76503 1.40253
2D-CNN 0.33526 0.54549 0.8378 1.11583
GRU 0.45183 0.42774 0.82675 1.30814
ANN 0.88021 0.85771 1.10393 1.3852
PLS 0.56382 0.54084 1.17852 1.55079
PCA 0.51162 0.36833 0.83287 1.55079

Note: The values in boldface represent the lowest RMSE among the
four downstream models under the same conditions.

Abbreviations: 1D-CNN: One-dimensional convolutional neural network;
2D-CNN: Two-dimensional convolutional neural network; ANN:
Artificial neural network; GRU: Gated recurrent unit; Linear: Linear
regression; PCA: Principal component analysis; PLS: Partial least squares;
RMSE: Root mean squared error; SVM: Support Vector Machines.

Table 4. RMSE results of ablation experiments on 1D-CNN
with contrastive learning

Ablation setting RMSE of the downstream prediction

model

Linear ANN SVM XGBoost
Without data augmentation  0.45243 - - -
Without contrastive learning ~ 1.63522 0.69097 1.12755 1.28143
Without data augmentation & 0.49226 0.78342 0.50171 1.09144
without contrastive learning
With data augmentation & 0.2889 0.41946 0.76503 1.40253

with contrastive learning

Note: The values in boldface represent the lowest RMSE among the
four downstream models under the same conditions.
Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; ANN: Artificial neural network; Linear: Linear regression;
RMSE: Root mean squared error; SVM: Support vector machines;
XGBoost: eXtreme gradient boosting.

Table 3 summarizes the RMSE values of different feature
extraction methods across various downstream prediction
models. It was observed that the features extracted
by the contrastive learning framework with 1D-CNN
as the encoder achieved the best performance on the
downstream linear regression model. To further validate
the contributions of data augmentation and contrastive
learning, ablation experiments were conducted. Table 4
presents the results of removing data augmentation,
removing contrastive learning, and removing both,
illustrating their impact on model performance.

5. Conclusion

In this study, a multiaxial fatigue hysteresis feature
extraction method based on contrastive learning is

proposed. This method effectively extracts deep feature
representations from complex multiaxial fatigue stress-
strain responses, which are then utilized in downstream
fatigue life prediction tasks to enhance prediction accuracy.
The specific conclusions are as follows:
(i) Compared to network architectures such as ANN,
GRU, and 2D-CNN, the 1D-CNN network achieves
the best contrastive learning performance and is more
stable during training. The deep feature representations
extracted through contrastive learning, when
visualized by t-SNE, show a chaotic distribution in the
reduced-dimensional space, with no obvious clustering
or separation of categories. However, the extracted
features enable the downstream fatigue life prediction
model to more easily learn from samples with different
loading paths, achieving excellent performance even
with a simple linear regression model.
Compared to other unsupervised learning algorithms,
the features extracted using contrastive learning show
better similarity and consistency. Through comparative
experiments, contrastive learning is found to be more
effective in extracting features related to fatigue life
prediction from stress-strain hysteresis data, thereby
helping downstream models better uncover the
underlying patterns in the data. Compared to traditional
unsupervised learning algorithms, contrastive learning
demonstrates stronger robustness and effectiveness
when handling multiaxial fatigue data.

(iii) Thefeaturerepresentationslearned through contrastive
learning exhibit superior predictive performance
in downstream tasks. In multiple machine learning
models, contrastive learning consistently achieves
better prediction results. Compared to scenarios
without contrastive learning, the maximum reduction
in RMSE in models such as SVM, ANN, and others
can reach 86.26%. In addition, the prediction stability
is improved, as evidenced by a reduction in the
standard deviation of repeated experiments.

(iv) Contrastive learning has the potential to be further

extended for applications in multiaxial fatigue life

prediction and similar domains. Leveraging the
benefits of contrastive learning, it can help achieve
few-shot or even zero-shot learning for downstream
tasks. This approach can also contribute to addressing
challenges in fields such as electronic packaging and
multiscale structural integrity, where data scarcity and
the need for robust predictive models are key concerns.

To further enhance the effectiveness and applicability

of the proposed framework, several key directions

warrant exploration. One important area is integrating
contrastive learning with traditional physics-based
models to bridge data-driven insights with mechanical

(ii)

)
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principles, thereby improving model interpretability.
In addition, extending this framework to materials
with heterogeneous microstructures can help evaluate
its performance under different fatigue mechanisms
and further validate its generalization capability.
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